
Amazon Athena Master File  
Amazon Athena — Full 20-Question Master 
Framework 2.0 Structure

 

1. What is Amazon Athena and how does its core architecture work 
end-to-end?

 

Short description: Full foundational introduction, overall architecture, serverless query execution flow, how 
Athena uses S3, why it is decoupled, and architectural reasoning for its design.

2. How does the Athena query engine work internally? (Presto/Trino 
architecture deep-dive)

 

Short description: Internal components, workers, coordinators, stages, splits, execution trees, memory 
operations, and distributed query planning.

3. How does Athena interpret, parse, plan, and optimize SQL queries 
internally?

 

Short description: Query parsing, logical and physical plan generation, cost-based optimization, predicate 
pushdown, projection pushdown, and distributed execution.

4. How does Athena read data from Amazon S3 and how do S3 object 
semantics influence query behavior?

 

Short description: S3 object scanning, parallel readers, multi-part scanning, consistency model behavior, 
retries, throughput design, and S3 API interactions.

5. How do data formats (Parquet, ORC, Avro, JSON, CSV, Iceberg) 
affect Athena performance and architecture?

 

Short description: Columnar vs row format internals, compression effects, vectorized reading, schema 
evolution, and optimal format selection.

6. How does Athena partitioning work and how does governance of 
partitions affect query performance?

 

Short description: MSCK REPAIR, Glue partitions, dynamic partition pruning, partition metadata handling, and 
partition design patterns.
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7. How does Athena integrate with AWS Glue Data Catalog for 
metadata and schema management?

 

Short description: Glue table metadata, schema evolution, table registration, schema drift handling, and Glue 
Catalog architecture.

8. How does Athena handle large-scale queries, concurrency, scaling 
behavior, and workload isolation?

 

Short description: Concurrency limits, workgroup isolation, spill-to-S3 mechanics, coordinator scaling, and 
enterprise workload management.

9. How does Athena optimize query performance using advanced 
techniques?

 

Short description: Pushdowns, file pruning, small file management, partition elimination, shuffle optimization, 
compression, caching behavior.

10. How does Athena manage cost optimization for large enterprise 
workloads?

 

Short description: Reducing data scanned, optimizing storage layout, compression strategies, partition 
pruning, workgroup enforcement, and cost governance.

11. How does Athena support advanced SQL patterns for analytics 
and data engineering?

 

Short description: Window functions, struct/array/map usage, complex data types, joins, aggregations, time-
series SQL, and ETL-style queries.

12. How does Athena connect and operate with Iceberg, Hudi, and 
Delta Lake tables?

 

Short description: Table formats, metadata layers, snapshots, manifests, ACID semantics, 
inserts/updates/deletes, and table evolution.

13. How does Athena ensure data security, encryption, governance, 
and enterprise-grade compliance?

 

Short description: IAM, Lake Formation, fine-grained access, encryption at rest and in transit, row/column-level 
security.
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14. How does Athena integrate with VPC, PrivateLink, and network-
level security controls?

 

Short description: Private access, endpoint policies, network routing, VPC-only access, and S3 access path 
security.

15. How does Athena integrate with other AWS analytics services 
(Glue ETL, EMR, Redshift, QuickSight, Lambda)?

 

Short description: Interoperability patterns, combined pipelines, federated queries, cross-service data 
modeling.

16. How does Athena Federated Query work with external sources 
(JDBC, RDS, DynamoDB, on-premises)?

 

Short description: Query connectors, Lambda-based execution, performance considerations, caching, join 
behavior.

17. How does Athena logging, monitoring, and operational 
excellence work?

 

Short description: CloudWatch metrics, CloudTrail, workgroup auditing, per-query insights, and operational 
dashboards.

18. How does Athena handle failures, retries, fault tolerance, and 
operational troubleshooting?

 

Short description: Query errors, S3 inconsistencies, permissions failures, spill failures, memory issues, plan 
failures.

19. What are enterprise-grade architectural patterns, data modeling 
strategies, and governance best practices for Athena?

 

Short description: Lake architecture patterns, multi-layer data lakes, governance frameworks, enterprise 
lineage practices.

20. What are the main pitfalls, misconceptions, anti-patterns, 
performance traps, and architecture mistakes in Athena—and how 
to avoid them?

 

Short description: Wrong file formats, oversized partitions, small files, incorrect schema design, join misuse, 
and governance errors.

af://n29
af://n31
af://n33
af://n35
af://n37
af://n39
af://n41
af://n44


1. What is Amazon Athena and how does its 
core architecture work end-to-end?

 

We are going to treat this first question as the foundation for the entire Athena master file. The goal here 
is: by the time we finish Question 1, we should be able to “visualize” Athena in our head as an end-to-end 
pipeline – from a user typing a query, to Athena coordinating workers, to S3 delivering data, to results being 
written out again to S3 – all inside a serverless, pay-per-scan model.

I’ll structure this into clear numbered subtopics:

1 — High-level definition and positioning of Amazon Athena

2 — Core architectural pillars: serverless, decoupled compute-storage, and pay-per-scan

3 — The end-to-end query journey: from console/BI tool to results

4 — Internal high-level component view (control plane vs data plane)

5 — How Athena logically “sits” on top of S3 and Glue Data Catalog

6 — Workgroups, configuration boundaries, and governance at the architecture level

7 — How results, metadata, logs, and artifacts flow through the system

8 — Multi-tenant and regional behavior at the architecture level

1 — High-level definition and positioning of Amazon 
Athena

 

– At the simplest level, Amazon Athena is a serverless, interactive query service that allows us to run SQL 
queries directly on data stored in Amazon S3, without provisioning or managing any servers, clusters, or 
databases.

– Internally, Athena uses a distributed SQL engine (historically Presto, now Trino-based in newer generations) 
– but AWS hides all those cluster details from us. We just submit SQL, and Athena takes care of finding the data 
in S3, reading it in parallel, computing the query, and returning results.

– Athena belongs to the “data lake analytics” family: instead of moving data into a database and then 
querying, we leave data in S3 and Athena acts as the SQL brain sitting above the lake. That means 
architecture is intentionally decoupled: Amazon S3 is the storage layer, Athena is the compute/query engine, 
and AWS Glue Data Catalog (or an external metastore) is the metadata brain that describes what that data 
“looks like” as tables.

– In the AWS analytics ecosystem, we can position Athena relative to:

– Redshift → data warehouse with managed storage + compute + MPP engine.

– EMR → managed big data cluster (Spark, Hadoop, Presto, etc.).

– Athena → no cluster, no warehouse; a query layer on top of files in S3.

This positioning matters because it explains many architectural choices: stateless query execution, no 
persistent index structures inside Athena itself, and a strong reliance on file formats, partitioning, and the 
data lake layout to drive performance.
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2 — Core architectural pillars: serverless, decoupled, pay-
per-scan

 

To understand Athena’s architecture, we must first internalize its core design principles:

– Serverless

– We never create EC2 instances or EMR clusters for Athena. There is no cluster UI, no node scaling to 
manage. AWS internally maintains pools of compute capacity used as Athena workers.

– When we run a query, Athena allocates necessary internal compute resources (coordinators + workers) in the 
background. When the query completes, those workers are returned to the internal pool and reused.

– This means Athena is short-lived job-based rather than a long-running cluster. There is no “my Athena 
cluster” – only queries that live for seconds/minutes and then end.

– Decoupled compute and storage

– Storage lives entirely in S3. Athena does not store our datasets; it just reads them.

– Compute is contained inside Athena’s internal query engine fleet. It reads S3 objects over the network, 
processes them, and optionally writes query results back into S3.

– Because of this decoupling:

– We can change query compute behavior (e.g., concurrency, workgroups) independently of how data is 
stored.

– Multiple tools (Athena, EMR, Glue ETL, Redshift Spectrum, custom apps) can share the same S3 data lake.

– Scaling is easier – storage scaling is purely an S3 problem; compute scaling is handled by Athena’s internal 
fleet.

– Pay-per-scan

– Athena charges based on the volume of data scanned per query (for the standard SQL engine).

– Architecturally this is crucial: the query engine is financially tied to I/O volume. If we scan less data (via 
partitioning, columnar formats, pruning), we pay less and finish faster.

– This design pushes us towards optimized storage layouts (Parquet, ORC, proper partitioning) and narrow 
queries (projection and predicate pushdown).

We can think of Athena as a remote query brain that says: “Tell me what data you want and how you want it 
transformed; I will bring compute to the data in S3, scan only what I must, and send results back.”

3 — The end-to-end query journey: from user / BI tool to 
result

 

Let’s walk the full pipeline step-by-step in conceptual terms. Imagine a user in the AWS Console or a BI tool like 
QuickSight:

1. User writes SQL

– The SQL references tables that are stored in a metastore: usually AWS Glue Data Catalog.
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– For example: SELECT country, COUNT(*) FROM logs WHERE dt = '2025-11-25' GROUP BY 

country;

2. Athena receives the query request (control plane)

– The query hits Athena’s control plane API (e.g., via console, JDBC/ODBC, SDK).

– Control plane performs authentication and authorization (IAM / Lake Formation), checks which 
workgroup the query belongs to, applies limits, enforces per-query settings, and records the query in 
Athena’s internal metadata (for history, monitoring, and cost tracking).

3. Query parsing and planning

– Athena retrieves table metadata (schema, location, partition structure, SerDe, file format) from Glue 
Data Catalog (or other configured catalog) for every table referenced.

– The SQL is parsed into a logical plan (what operations must happen: filters, joins, aggregations).

– Then the logical plan is transformed into a physical plan that describes how the operations will be 
executed in a distributed fashion (stages, tasks, data exchanges).

– The planner also computes which S3 paths (partitions, prefixes) must be read and what columns 
must be loaded.

4. Query submitted to execution engine (data plane)

– The planned query is submitted to a query coordinator (one of Athena’s internal nodes).

– The coordinator further breaks the plan into stages and tasks/splits, distributing them across a pool 
of worker nodes.

– Each worker knows which S3 objects (or ranges within objects) to read.

5. Workers read S3 data in parallel

– Worker nodes connect to Amazon S3 and read objects in parallel, often using multi-part and range 
reads.

– If data is in columnar format (Parquet/ORC), workers load only the required columns and row 
groups. If data is in CSV/JSON, they often have to scan more data.

– Workers deserialize, decompress, and parse records into internal columnar structures used by the 
query engine.

6. Operators and distributed processing

– As data is read, it flows through a pipeline of operators: filters (WHERE), projections (SELECT columns), 
joins, aggregations (GROUP BY), window functions, etc.

– Intermediate results may be shuffled between workers for operations like joins or aggregations that 
require grouping by keys.

– Some operations may spill intermediate data to S3 if it doesn’t fit in memory (spills are part of the data 
plane behavior).

7. Result assembly and writing results to S3

– The final result set is produced at the coordinator node (or merge node), which then streams results 
to the client.

– If we used the “Query result location” setting, Athena writes the complete query result as a file in S3 
(usually in CSV/Parquet depending on configuration) in the configured output bucket/prefix, and returns 
a pointer to it.



– For large result sets, the S3 result file is the canonical output, and the console/JDBC client typically 
reads from that location.

8. Metadata, logs, and billing

– Athena records query metrics, data scanned, runtime, and status in its own internal systems and 
optionally logs them to CloudWatch Logs/CloudTrail.

– The data scanned metric feeds into Athena billing and also into workgroup-level usage and limits.

So, the request path is: User / Tool → Athena API (control plane) → Catalog & Planner → Coordinator → 
Workers → S3 → Results (S3 + client).

4 — Internal high-level component view (control plane vs 
data plane)

 

Architecturally, it is useful to separate Athena into:

– Control plane:

– Responsible for:

– Receiving query submissions.

– Authentication and IAM checks.

– Resolving workgroup configuration.

– Interacting with Glue Data Catalog / other catalogs.

– Building logical and physical query plans.

– Managing query lifecycle (QUEUED, RUNNING, SUCCEEDED, FAILED, CANCELLED).

– Storing query history, metadata, and stats.

– This is where many governance features live (limits, per-workgroup options, encryption requirements).

– Data plane (execution plane):

– Responsible for actually running the query:

– Coordinator node that orchestrates execution.

– Worker nodes that read S3 and perform the actual operations.

– Spill locations, shuffles, local memory and CPU operations.

– The data plane is what interacts directly with S3 to read data and optionally write intermediate / final output.

Let’s visualize this separation at a high level.

+-------------------------------------------------------------+

|                    Athena Control Plane                     |

|                                                             |

|  - APIs (Console, JDBC/ODBC, SDK)                          |

|  - Authentication & IAM checks                             |

|  - Workgroup & Settings                                    |

|  - Query Parser & Planner                                  |
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– The control plane is more about decisions and metadata.

– The data plane is about parallel I/O and CPU work.

– S3 is a separate foundational layer: independent of Athena, used by many services.

5 — How Athena logically “sits” on top of S3 and Glue Data 
Catalog

 

To make Athena truly useful, we need metadata that tells Athena how files in S3 correspond to tables and 
columns.

– AWS Glue Data Catalog (or external metastore)

– Stores database and table objects.

– Each table has:

– Table name and database.

– Storage location(s) in S3 (e.g., s3://my-lake/logs/ ).

– File format and SerDe (how to parse the files).

– Column definitions (name, type).

– Partition keys and partition values.

– This metadata is shared across services: Glue ETL, Athena, EMR, Redshift Spectrum.

|  - Glue Data Catalog / Other Catalogs                      |

|  - Query State & History                                   |

+-------------------------+-----------------------------------+

                          |

                          | Submits executable plan

                          v

+-------------------------------------------------------------+

|                    Athena Data Plane                        |

|                                                             |

|  +------------------+     +------------------+              |

|  | Query Coordinator| --->|  Worker Nodes    |  <---+       |

|  +------------------+     +------------------+      |       |

|          |                       |                  |       |

|          | orchestrates          | read/compute     |       |

+----------+-----------------------+------------------+-------+

           |                       |

           | S3 API calls          | S3 API calls

           v                       v

+-------------------------------------------------------------+

|                         Amazon S3                           |

|  - Raw Data (CSV, JSON, Parquet, ORC, etc.)                 |

|  - Query Results (Output files)                             |

+-------------------------------------------------------------+
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– Athena table abstraction

– When we define a table in Athena (e.g., via CREATE TABLE, or via Glue), we are not creating a new storage 
structure – we are simply mapping S3 paths + formats → tabular schema.

– Queries are written against these table definitions, not directly against some random S3 key.

– Interaction flow during a query

– Athena’s control plane calls the Glue Data Catalog to:

– Validate that the referenced tables exist.

– Fetch schema, S3 locations, partition definitions.

– The query planner then uses this metadata to compute which S3 objects must be read and how to interpret 
them.

So, we can picture Athena as an execution brain that sits above a triangle:

– Glue Data Catalog = what & where (schema + mapping).

– S3 = bytes of actual data.

– Athena = how to run queries on that data using the metadata.

6 — Workgroups, configuration boundaries, and 
governance at architecture level

 

At the architectural level, Workgroups are a key concept that create logical segmentation inside Athena:

– What is a workgroup conceptually?

– A workgroup is a logical container for queries, with its own:

– Settings (output location, encryption, engine version).

– Cost limits (per query, per day, per month).

– CloudWatch / metrics separation.

                    +--------------------------+

                    |      Athena Engine       |

                    |  (Query Planner & Exec)  |

                    +-------------+------------+

                                  |

                     uses metadata|uses data

                                  |

       +--------------------------+--------------------------+

       |                                                     |

+--------------+                                    +-------------------+

| Glue Data    |   describes schemas, locations    | Amazon S3         |

| Catalog      |---------------------------------->| (files/objects)   |

| (metadata)   |                                    | data lake storage |

+--------------+                                    +-------------------+
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– Access controls and usage boundaries.

– Architecturally, workgroups don’t change the fundamental query engine mechanics, but they strongly impact 
governance, cost controls, and isolation.

– Why workgroups matter architecturally

– In a single large enterprise, hundreds of teams may use Athena. We don’t want a single team to:

– Blow up the budget by scanning petabytes.

– Use insecure result locations or encryption settings.

– Workgroups allow us to:

– Define “Dev, Test, Prod” workgroups.

– Apply more restrictive settings in sensitive workgroups (e.g., mandatory encryption, private result buckets).

– Route metrics to different dashboards.

From an architecture lens, think of workgroups as tenant-like logical compartments:

– The actual execution fleet is shared, but policies and configurations differ per workgroup.

7 — How results, metadata, logs, and artifacts flow 
through the system

 

Athena is not only about reading data from S3; it also writes multiple “side outputs” that are crucial for 
operations and governance:

1. Query results (S3 output)

– Each query’s final result is written to an S3 location that is defined at the workgroup or query level.

– This output is often a single file (but may be partitioned/segmented depending on configuration or 
engine).

– The UI and JDBC driver usually read from this S3 output file when we fetch results.

+------------------------------------------------------+

|               Athena Service (Regional)              |

+----------------------+-------------------------------+

                       |

      +----------------+-------------------------+

      |                                      |

+------------+                         +-------------+

| Workgroup A|                         | Workgroup B |

| (Analytics)|                         | (Finance)   |

+------------+                         +-------------+

   |   |                                   |   |

   |   +--> Queries & settings             |   +--> Queries & settings

   |                                       |

   v                                       v

Common Athena execution fleet and shared S3-based data lake
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2. Metadata and query history (internal Athena + optionally external sinks)

– Athena keeps track of: query text, state, runtime, bytes scanned, output location, etc.

– We can retrieve this via the console or APIs.

– In many architectures, teams export this history to Athena itself, S3, or another analytics tool for 
meta-analysis.

3. Logs and events (CloudWatch and CloudTrail)

– Athena can emit logs (e.g., query executions, errors) to CloudWatch Logs.

– CloudTrail captures who called which Athena APIs, helping with audit trails.

– These logs become critical for monitoring, security auditing, and troubleshooting.

4. Spill and intermediate data (S3)

– During execution, if certain operators (e.g., large joins, aggregations) exceed memory thresholds, they 
can spill intermediate data to S3 in temporary locations.

– These spill locations are not exposed as user outputs but are essential for fault tolerance and large-
scale processing.

We can visualize the different flows like this:

So, there is not just one S3 bucket at play; typically, we have data buckets, result buckets, and possibly spill 
buckets, plus logs in CloudWatch.

User / BI Tool

       |

       v

+---------------------+           +--------------------------+

|   Athena Control    |---------->|  Query History / Metrics |

|       Plane         |           +--------------------------+

+----------+----------+

           |

           v

+---------------------+     (Spill)      +----------------------+

| Athena Data Plane   |----------------->|  S3 Spill Locations  |

| (Coordinator &      |                  +----------------------+

|  Workers)           |

+----------+----------+

           |

           v

+----------------------+       +------------------------------+

|   S3 Data Lake       |       | S3 Query Result Location     |

| (Input Files)        |       | (Output files for queries)   |

+----------------------+       +------------------------------+

Logs & API Events:

Athena --> CloudWatch Logs / CloudTrail
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8 — Multi-tenant and regional behavior at the architecture 
level

 

Finally, we need a mental model of where Athena lives and how it behaves at regional and multi-tenant levels:

– Region-scoped service

– Athena is regional: queries run within a specific AWS Region.

– It can access S3 buckets within that region (and, with some configurations, cross-region, but the standard 
pattern is same-region for performance and cost reasons).

– Every region has its own Athena deployment with control plane, data plane, and supporting infrastructure.

– Multi-tenant, but logically isolated

– Many AWS accounts and users share the same underlying Athena compute fleet at a physical level, but 
AWS implements strong logical isolation (despite multi-tenancy) via IAM, encryption, and internal isolation 
mechanisms.

– Our workloads are isolated at the data and permission layer; another tenant cannot see our data or query 
results.

– Interaction with other regional services

– Athena heavily interacts with regional:

– S3 (storage).

– Glue Data Catalog (metadata, which is also regional).

– CloudWatch (metrics/logs).

– CloudTrail (API logging).

– This makes Athena a natural part of a regional data lake architecture, where most components reside in 
the same region to minimize latency and cross-region data transfer.

With these eight subtopics, we have built a core, end-to-end mental model of Athena:

It is a serverless, decoupled, pay-per-scan query engine.

It uses Glue Data Catalog (or equivalent) to know how S3 data maps to SQL tables.

A query flows through a control plane (planning & governance) into a data plane (workers reading S3 
in parallel).

Results, logs, and metadata are written back to S3 and CloudWatch, creating a rich operational 
footprint.

It is a regional, multi-tenant service with strong logical isolation and deep integration with the rest of 
the AWS analytics stack.
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2. How does the Athena query engine work 
internally (Presto/Trino architecture deep-
dive)?

 

We now shift from the high-level architecture of Athena (covered in Question 1) into its internal execution 
engine, which is fundamentally derived from Presto/Trino. This question explains the coordinator–worker 
model, stages, splits, operators, memory processing, and the full internal pipeline of how Athena 
transforms SQL into distributed computation.

We structure this into numbered subtopics:

1 — Foundations of Athena’s engine lineage (Presto → Trino)

2 — The distributed architecture model: coordinator & workers

3 — Query stages and the execution DAG

4 — Tasks, splits, and parallelism design

5 — Operators and the pipeline model (vectorized compute)

6 — Memory model, buffers, and spill-to-S3 mechanics

7 — Shuffles, exchanges, and inter-worker communication

8 — Coordinator responsibilities and fault behavior

9 — Worker responsibilities and data-plane execution path

10 — How the execution engine maximizes parallelism internally

1 — Foundations of Athena’s engine lineage (Presto → 
Trino)

 

– Athena historically used Presto as its engine foundation. Today, newer generations of Athena use Trino-
based improvements, though AWS does not expose every detail of their modifications.

– Presto/Trino are distributed SQL engines optimized for low-latency queries over large datasets without 
requiring data ingestion into a database.

– They use an in-memory, pipelined, operator-first architecture, unlike engines such as Spark which use 
batch processing.

– This lineage explains many behaviors in Athena:

– Worker nodes read data directly from storage (S3).

– Query plans are broken into stages, tasks, and splits.

– Work is distributed via operator pipelines, not MapReduce-style materialized steps.

– Memory and CPU are heavily optimized for columnar, vectorized execution.
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2 — The distributed architecture model: coordinator & 
workers

 

At runtime, Athena spins up (internally managed) compute resources consisting of:

Coordinator node

– Orchestrates the query.

– Builds the execution graph.

– Schedules tasks.

– Merges final results.

Worker nodes

– Read S3 data in parallel.

– Execute operators.

– Shuffle intermediate data to each other.

– Produce partial and final results.

Athena’s execution environment is not a long-running cluster. Workers and coordinators are allocated from 
AWS’s internal fleet.

A simplified internal architecture looks like:

3 — Query stages and the execution DAG  
After planning, Athena breaks a SQL query into stages, forming a DAG (Directed Acyclic Graph):

              +-------------------------------+

              |        Coordinator Node        |

              | - Parses & plans query         |

              | - Builds stage DAG             |

              | - Schedules tasks & splits     |

              | - Collects final results       |

              +-----------------------+--------+

                                      |

                           distributes tasks

                                      |

    -----------------------------------------------------------------

    |                               |                               |

+-----------+                 +-----------+                 +-----------+

| Worker 1  |                 | Worker 2  |                 | Worker 3  |

| - Reads S3|                 | - Reads S3|                 | - Reads S3|

| - Operators|                | - Operators|                | - Operators|

+-----------+                 +-----------+                 +-----------+

    |                               |                               |

     \                             / \                             /

      -----------------------------    ----------------------------

                        Shuffle / Exchange Data

af://n277
af://n296


– A stage represents a set of tasks that can run in parallel.

– Stages are connected by exchanges that move data between them.

– Early stages read S3; later stages perform joins, aggregations, sorts, windows, etc.

Example conceptual flow:

Stages cannot start until their dependencies are ready. This multi-stage DAG is how Athena expresses 
distributed computation.

4 — Tasks, splits, and parallelism design  
Each stage contains tasks. A task is a unit of work executed by a worker.

Inside a task, Athena further divides work into splits, each representing a chunk of an S3 object (for example: 
128 MB ranges).

How this yields parallelism:

Large files → many splits → many tasks → many workers → massive parallelism.

Small, fragmented files → fewer splits → less parallelism.

(This is why small files hurt Athena performance.)

Visual model:

Each worker processes several splits, creating high concurrency.

5 — Operators and the pipeline model (vectorized 
compute)

 

Inside each worker, the engine executes operators, such as:

Stage 0 (Scan S3)

        |

        v

Stage 1 (Filter + Project)

        |

        v

Stage 2 (Join or Aggregate)

        |

        v

Stage 3 (Final Output)

S3 File 1: 400 MB  --> Splits: [0–128], [128–256], [256–384], [384–400]

S3 File 2: 900 MB  --> Splits: [0–128], [128–256], ... (7 splits)

Coordinator assigns these splits to tasks across many workers.

af://n305
af://n319


TableScan

Filter

Project

Join

Aggregation

Window

Sort

Exchange

A worker executes operators as a pipeline, meaning data flows through operators without being materialized.

Conceptual worker pipeline:

Athena uses columnar in-memory data structures to make these pipelines extremely fast.

6 — Memory model, buffers, and spill-to-S3 mechanics  
Athena operates with a large in-memory model:

Operators use memory buffers to hold columns, row groups, hash tables, and intermediate data.

When memory usage grows beyond thresholds, Athena spills to S3.

Spills occur for:

– Large joins

– Wide aggregations

– Sorting over large datasets

– Window operations requiring state

Spill mechanism:

Spilling slows the query but enables support for much larger-than-memory datasets.

S3 Reader -> Deserialize -> Filter -> Project -> Join -> Aggregate -> Output Buffer

Worker Memory

   |

   | capacity reached

   v

Temporary Spill File in S3

   |

   v

Reload during later operator phases
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7 — Shuffles, exchanges, and inter-worker communication  
Distributed SQL requires workers to communicate during:

Joins

Aggregations

Grouping

Sorting

Window functions

This communication is done via exchanges:

Two key patterns:

Hash-based exchange: partitions data by join/group keys.

Round-robin exchange: evenly distributes data without partitioning.

These exchanges are what connect stages in the execution DAG.

8 — Coordinator responsibilities and fault behavior  
The coordinator:

Builds the execution DAG

Assigns tasks and splits

Tracks completion

Handles worker health

Handles retries when workers fail to fetch data from S3

Merges final results

If a worker fails early:

The coordinator reassigns its splits.

Query continues.

If the coordinator fails:

The entire query fails (because it is the orchestrator).

9 — Worker responsibilities and data-plane execution  
Workers:

Worker A ---> exchange ---> Worker B

Worker C ---> exchange ---> Worker B

Worker D ---> exchange ---> Worker B
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Read S3 (range reads or full object reads)

Deserialize and parse records

Execute operator pipelines

Shuffle intermediate results

Spill to S3 when needed

Return partial outputs back to the coordinator

Workers do no planning. They simply follow instructions from the coordinator.

Worker lifecycle is short-lived and ephemeral.

10 — How the execution engine maximizes parallelism  
Athena maximizes performance through:

Split-level parallelism: more splits → more parallel tasks

Pipeline parallelism: operators run continuously without materializing output

Stage-level parallelism: independent parts of the DAG run concurrently

Column pruning: read only required columns in Parquet/ORC

Predicate pushdown: filter early to minimize shuffles

Adaptive memory management: spill only when needed

The real power comes from combining parallel reading of S3 + distributed compute.

3. How does Athena interpret, parse, plan, 
and optimize SQL queries internally?

 

This question explains exactly what happens between the moment a SQL query arrives at Athena’s control 
plane and the moment the execution engine starts scanning S3. We go deep into parsing, logical planning, 
physical planning, operator selection, predicate pushdown, cost-based optimization, and pruning mechanics.

We structure this into numbered subtopics:

1 — The flow from user SQL text to an executable distributed plan

2 — SQL parsing, lexical analysis, and AST creation

3 — Semantic analysis and metadata resolution from Glue Catalog

4 — Logical plan construction

5 — Logical plan optimizations and rule-based rewrites

6 — Cost-based optimization and statistics usage

7 — Physical plan generation: tasks, operators, and stage structure

8 — Predicate pushdown and projection pushdown

af://n427
af://n444


9 — Partition pruning and file pruning

10 — Final plan handoff to the coordinator for execution

1 — The flow from user SQL text to an executable 
distributed plan

 

Athena’s internal planning pipeline is multi-phase:

1. Receive SQL text → validate permissions

2. Parse SQL → produce Abstract Syntax Tree (AST)

3. Perform semantic validation using Glue Catalog

4. Build logical plan → “what operations must happen”

5. Optimize logical plan

6. Generate physical plan → “how to execute in a distributed engine”

7. Prepare stages, splits, and operator pipelines

8. Send the plan to the execution engine (coordinator)

This multi-step pipeline allows Athena to convert a plain text SQL query into a fully parallel, stage-based 
execution graph.

2 — SQL parsing, lexical analysis, and AST creation  
Athena’s SQL parser is directly derived from the Presto/Trino parser:

– The parser breaks SQL text into tokens (keywords, identifiers, literals).

– Tokens form the Abstract Syntax Tree (AST), which is a structured representation of the query.

Example:

The AST nodes represent:

SELECT clause

FROM clause

WHERE clause

GROUP BY clause

Function calls (COUNT)

The AST is a purely syntactic structure: it understands grammar but not table locations or schema types yet.

SELECT country, COUNT(*) FROM logs WHERE dt = '2025-11-25' GROUP BY country;
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3 — Semantic analysis and metadata resolution from Glue 
Catalog

 

Semantic analysis answers:

Do referenced tables exist?

Are column names valid?

What are their data types?

What file formats and SerDes are used?

What partitions exist?

To answer these questions, Athena queries:

AWS Glue Data Catalog (or the configured external catalog)

Table metadata

Partition metadata

Schema definitions

Types, formats, locations

This is where Athena resolves the structure of the data lake.

Semantic validation ensures:

Compatible data types in joins, comparisons

Non-ambiguous column references

Valid function usage and type correctness

Existence of required permissions (IAM / Lake Formation)

This phase transforms the AST into a resolved logical representation where every field is linked to actual 
data in S3.

4 — Logical plan construction  
The logical plan is an abstract representation of the computation required:

Table scans

Filters

Projections (selecting columns)

Joins

Group-bys

Aggregations

Sorts

Window functions

Limits
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The logical plan is still independent of the distributed system. It is essentially a tree of relational operators.

Example conceptual logical plan:

This hierarchy is the pure, declarative SQL meaning.

5 — Logical plan optimizations and rule-based rewrites  
Athena applies multiple optimization rules:

Predicate reordering (push down selective filters)

Projection trimming (remove unused columns)

Join reordering (choose best join order)

Constant folding (evaluate constant expressions early)

Subquery rewriting (convert correlated subqueries where possible)

Removal of unnecessary operators (e.g., removing redundant projections)

These rule-based optimizations reduce the amount of data that reaches later stages, improving performance 
and lowering cost.

6 — Cost-based optimization and statistics usage  
Athena uses a cost-based optimizer (CBO) enhanced by:

Table statistics

Column statistics

Partition statistics

File size metadata

Format metadata (e.g., row groups for Parquet/ORC)

Cost-based decisions include:

Which side of a join should be broadcast?

Should a join be hash join or distributed join?

What join order minimizes intermediate result size?

How should parallelism be assigned across splits?

Even though Athena’s CBO is not as advanced as Redshift’s MPP optimizer, it does use metadata to minimize:

Data scanned

LogicalAggregation

    GroupBy: country

    └── LogicalProject (country, count)

          └── LogicalFilter (dt = '2025-11-25')

                └── LogicalTableScan (logs)
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Shuffling

Join overhead

7 — Physical plan generation: tasks, operators, and stage 
structure

 

The physical plan defines the actual distributed execution strategy.

Key components:

Stages:

– Groups of parallel tasks that perform a part of the query.

Tasks:

– Units of execution assigned to workers.

Splits:

– S3 chunks assigned to tasks.

Operators:

– Execution components inside tasks (scan, filter, join, agg).

Conceptually:

The physical plan is what the coordinator schedules.

8 — Predicate pushdown and projection pushdown  
Athena aggressively pushes down:

Predicates (filters)

Projections (column selections)

Pushdown reduces scanned data by:

Avoiding loading unnecessary columns

PhysicalStage0

   - TableScanOperator

   - FilterOperator

   - ProjectOperator

PhysicalStage1

   - HashExchange

   - HashJoinOperator

PhysicalStage2

   - AggregationOperator

   - FinalOutputOperator
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Skipping row groups in Parquet/ORC

Skipping files entirely when stats indicate no match

Pushdown is optimal when:

Using columnar formats (Parquet/ORC)

Using partitioning

Using properly compressed data

Example:

Athena:

Reads only user_id  column.

Reads only files/row groups where partition dt=2025-11-25 .

9 — Partition pruning and file pruning  
Partition pruning:

Eliminates entire S3 directories (partitions) from scanning.

Uses partition keys defined in the Glue Catalog.

File pruning:

Eliminates individual files based on metadata

(e.g., Parquet min/max statistics)

Example:

For table logs  partitioned by country  and dt :

Query:

Athena scans only:

SELECT user_id FROM logs WHERE dt='2025-11-25';

s3://logs/country=US/dt=2025-11-25/*.parquet

s3://logs/country=IN/dt=2025-11-25/*.parquet

s3://logs/country=FR/dt=2025-11-24/*.parquet

SELECT * FROM logs WHERE country='IN' AND dt='2025-11-25';

s3://logs/country=IN/dt=2025-11-25/
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File pruning then reduces the read set even further.

10 — Final plan handoff to the coordinator  
After all optimizations and plan generation:

Logical plan → optimized logical plan → physical plan → stage DAG

Stages contain tasks

Tasks contain splits

Operators are ordered inside each task

The final compiled execution plan is then handed to Athena’s coordinator node, which begins execution 
(covered in the next question’s pipeline).

This completes the full life cycle of translating SQL text into a distributed, optimized execution graph.

4. How does Athena read data from Amazon 
S3 and how do S3 object semantics influence 
query behavior?

 

This question explains the entire data access layer of Athena: how workers read S3 objects, how parallelism is 
created from S3 ranges, how file formats change I/O patterns, and how S3’s underlying semantics (eventual 
consistency, object immutability, multi-part range reads, request patterns, throughput behavior) influence 
Athena’s performance and reliability.

We structure this into numbered subtopics:

1 — The fundamental relationship between Athena and S3

2 — How Athena workers perform range reads and parallel scanning

3 — How Athena uses file metadata to minimize reads

4 — S3 request patterns, throughput model, and parallel efficiency

5 — S3 consistency model and query impact

6 — S3 object immutability and how it shapes Athena’s design

7 — File formats and engine-specific read behaviors

8 — S3 multipart operations, retries, throttling, and fault tolerance

9 — Intermediate and spill read/write behavior

10 — Summary of S3-driven architectural constraints
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1 — The fundamental relationship between Athena and S3  
Athena does not ingest, store, or transform data in advance. All data remains in S3, and Athena simply reads it 
on demand.

Key points:

S3 is the storage layer; Athena is the compute layer.

Athena workers communicate with S3 via standard S3 APIs (GET/HEAD/range reads).

Athena relies heavily on parallel reads to achieve high throughput.

The performance, cost, and behavior of queries are directly determined by:

– File layout

– File format

– Partition structure

– Object size

– S3 request throughput

– Available parallelism

Thus, Athena’s performance is fundamentally bounded by how efficiently it can read S3 objects.

2 — How Athena workers perform range reads and parallel 
scanning

 

Athena creates parallelism by slicing S3 objects into splits.

Example:

Each split is assigned to a worker task, enabling parallel reads.

Two key mechanics:

Athena uses HTTP Range GET requests to read exactly the byte ranges needed.

Athena can launch hundreds or thousands of parallel range reads across multiple workers.

Visualization:

S3 Object: 1 GB

Split 0: bytes 0 – 127 MB

Split 1: bytes 127 – 255 MB

Split 2: bytes 255 – 383 MB

Split 3: bytes 383 – 511 MB

...
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This is why large objects (100MB–1GB) perform better than tiny fragmented files.

3 — How Athena uses file metadata to minimize reads  
When using columnar formats (Parquet, ORC):

Athena reads file footers first (contains metadata)

Footers include:

– Column statistics (min/max)

– Row group boundaries

– Compression details

– Byte offsets for column chunks

Athena uses these to skip reading large sections of files.

Example:

If a Parquet file has row group min/max for column dt , Athena will skip groups where the range does not 

match the predicate.

This is file pruning at the intra-file level.

4 — S3 request patterns, throughput model, and parallel 
efficiency

 

Athena performance depends heavily on:

Number of sustained GET requests

Max parallelism

S3 bucket throughput

S3 characteristics:

S3 auto-scales to extremely high throughput if many requests are made in parallel.

Throughput scales with concurrency, not with object size alone.

Athena’s design pushes for many parallel range reads, saturating bandwidth.

If files are too small (e.g., thousands of 100 KB files):

Athena cannot achieve high throughput

            +------------------ S3 Object ------------------+

            | Split 0 | Split 1 | Split 2 | Split 3 | ...   |

            +-----------------------------------------------+

               |          |           |           |

               v          v           v           v

         Worker 1    Worker 2    Worker 3    Worker 4  (parallel read)

af://n748
af://n764


Overhead dominates time

Costs increase due to unnecessary object listing and scanning

If files are too large (e.g., >2 GB):

Too few splits

Parallelism drops

Long-tail slow reads risk occurring

Optimal file size: 128 MB to 1 GB for Parquet/ORC.

5 — S3 consistency model and query impact  
S3 now provides strong read-after-write consistency for:

New objects

Overwrites

Deletes

Metadata operations

But S3 still has behaviors that Athena must design around:

S3 is not a POSIX filesystem.

There is no “directory” – only key prefixes.

Listing large prefixes may yield high latency.

Partition discovery takes time unless managed through Glue Catalog.

Important impact:

If data is written to S3 seconds before Athena queries it, Athena will see it.

But schema updates in Glue and partition registration may still take time to propagate.

6 — S3 object immutability and how it shapes Athena’s 
design

 

An S3 object is immutable:

Athena cannot update files.

Athena cannot modify values.

Athena cannot perform inserts/updates/deletes directly.

Therefore:

All writes are append-only concepts.

Updates require writing new files.

Deletes require deleting objects or filtering via partition pruning.

This is why Athena is read-optimized and naturally maps to:
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Data lakes

ETL outputs

Event logs

Append-only datasets

Snapshot-based tables (Iceberg, Hudi, Delta)

7 — File formats and engine-specific read behaviors  
Athena reads different formats differently:

Columnar (Parquet, ORC)  

Best performance because:

Reads only required columns

Skips row groups

Lower data scanned

High compression efficiency

Vectorized memory structures align with Trino operator pipelines

Row-based (CSV, JSON)  

Poorer performance because:

Full scan of entire file

No column skipping

Expensive parsing

No statistics available

Very slow for large/irregular datasets

Avro  

Better than JSON/CSV, but not as optimized as Parquet/ORC.

Apache Iceberg  

Uses metadata layers to skip entire files or partitions based on snapshots.

Reading semantics vary per format, but Athena always:

Determines which parts of files to read

Uses range requests

Deserializes into vectors

Pushes down as much filtering as possible
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8 — S3 multipart operations, retries, throttling, and fault 
tolerance

 

Athena’s engine interacts with S3 via:

Multipart downloads

Range GETs

Automatic retries

Adaptive concurrency

Failures handled:

Connection resets

Slow S3 responses

Transient 503/5xx errors

Throttling scenarios

When a worker read fails:

Athena retries with exponential backoff.

If retries exceed thresholds, Athena reschedules the split on another worker.

This improves reliability in large-scale S3 read operations.

9 — Intermediate and spill read/write behavior  
For large operations (joins, aggregations):

Worker nodes spill intermediate results to S3.

These spill files behave like temporary objects.

Workers later re-read spilled data via range reads.

This extends query capacity beyond memory limits.

Visualization:

10 — Summary of S3-driven architectural constraints  
Athena’s behavior is fundamentally shaped by S3:

Memory (full)

   |

   v

Spill file in S3

   |

   v

Read back for next execution phase
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Performance scales with parallelism, not CPU clusters.

File layout (size, format, compression) determines efficiency.

Partition structure controls pruning and cost.

Immutable objects mean Athena is read-optimized and append-oriented.

Strong consistency ensures read correctness.

Lack of directory structure requires metadata catalogs for organization.

S3 throughput limits drive the need for columnar formats and proper file sizing.

The entire architecture of Athena is built around maximizing value from S3’s scalable, distributed object 
storage.

5. How do data formats (Parquet, ORC, Avro, 
JSON, CSV, Iceberg) affect Athena 
performance and architecture?

 

This question explains how Athena’s entire performance model, cost model, and execution efficiency are 
fundamentally shaped by file formats, compression, encoding, and metadata structures. Athena relies on 
formats not just for correctness but also for skipping data, reducing I/O, improving pushdown, and enabling 
vectorized execution.

We structure this into numbered subtopics:

1 — Why file formats matter in Athena’s architecture

2 — Columnar formats vs row-based formats: architectural difference

3 — Parquet deep-dive: structure, row groups, metadata, predicate pushdown

4 — ORC deep-dive: stripes, indexes, compression, stream layout

5 — Avro structure and performance behavior

6 — CSV and JSON limitations and architectural inefficiencies

7 — Apache Iceberg table format and its advanced metadata layers

8 — How compression interacts with Athena read patterns

9 — Schema evolution mechanics and format compatibility

10 — Choosing optimal formats for large-scale Athena workloads

1 — Why file formats matter in Athena’s architecture  
Athena charges by data scanned, not by CPU time.

Thus, reducing bytes scanned directly:

Lowers cost

Increases performance
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Reduces S3 I/O

Reduces worker CPU load

Reduces shuffle volume

Reduces spill operations

Athena doesn’t maintain indexes or storage metadata; it relies entirely on:

File metadata

Format-specific statistics

Compression

Column skipping

Row group skipping

This makes file format choice foundational to the architecture.

2 — Columnar formats vs row-based formats  

Columnar formats (Parquet, ORC)  

Advantages:

Read only required columns

Skip irrelevant row groups/stripes

Enable vectorized execution

Support rich metadata for pruning

Lower data scanned

Work best with Athena’s distributed pushdown engine

Support compression per column

Columnar formats align perfectly with Athena’s architecture.

Row-based formats (CSV, JSON)  

Disadvantages:

Must read entire file

Cannot skip columns

No row group metadata → no pruning

High CPU cost for parsing

Slow for large data lakes

Expensive for wide tables

Often poorly structured

Row formats work, but are extremely inefficient in Athena.

af://n1003
af://n1004
af://n1022
af://n1041


3 — Parquet deep-dive  
Parquet is Athena’s most optimized format.

Structure:

Data stored in row groups (~128MB recommended).

Columns stored separately within row groups.

Each column chunk has its own:

– Compression

– Encoding (RLE, dictionary, bit-pack)

– Statistics (min, max, null count)

Footer contains:

Schema

Row group boundaries

Statistics

Column metadata

File-level metadata

Why it is efficient for Athena:

Athena can skip entire row groups where predicates do not match min/max.

Athena reads only the required column chunks.

Columnar compression reduces data scanned by 10×–40×.

Vectorized reads match Trino’s execution pipeline.

Example:

Athena can read:

Only column user_id

Only row groups where event_type has matching values

Only a fraction of the file’s bytes

This reduces scanning by orders of magnitude.

4 — ORC deep-dive  
ORC is similar to Parquet but has different internal layout:

Structure:

Data stored in stripes (like row groups).

SELECT user_id FROM logs WHERE event_type='PURCHASE';
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Each stripe has:

– Index

– Data streams

– Dictionary

– Statistics (min/max, etc.)

ORC includes:

Built-in column statistics at multiple levels

Complex type optimizations

Bloom filters (optional)

Faster predicate pushdown in many cases

ORC is extremely well optimized for:

Nested structures

Heavy compression

Complex ETL output from Hive/Presto/EMR/Glue

Athena reads ORC stripes using the same range-read parallelism.

5 — Avro structure and behavior  
Avro is a row-based but schema-rich format:

Schema stored in file header

Supports schema evolution

Faster than JSON/CSV

Slower than Parquet/ORC

Lacks effective statistics for pruning

Suitable for streaming/logging pipelines

Avro is good when:

You need heavy schema evolution

You ingest data via Kafka or Kinesis Firehose

You later convert to Parquet for analytics

6 — CSV and JSON inefficiencies  
These formats are human-readable but extremely costly:
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CSV  

No compression unless stored inside gzip files

Cannot skip columns

No metadata

Parsing is expensive

Null handling inconsistent

Wide tables become very slow

Complex types must be encoded manually

JSON  

Extremely heavy to parse

No row group skipping

Highly verbose → large file sizes

Expensive string parsing

Often leads to scanning 100× more data than columnar formats

Athena must read entire JSON/CSV objects byte-by-byte.

7 — Apache Iceberg table format  
Iceberg is not a file format; it is a table format that sits on top of Parquet, ORC, or Avro.

It introduces:

Snapshots

Manifests

Partition spec evolution

Hidden partitioning

Metadata layers

Schema evolution without rewrite

Row-level deletes and updates

Time-travel queries

Athena benefits because Iceberg:

Prunes entire files using manifest metadata

Creates min/max column stats per file

Enables fast snapshot isolation

Supports incremental planning

Allows high-scale analytical operations

af://n1146
af://n1162
af://n1176


Iceberg massively reduces data scanned by allowing Athena to skip whole files before reading any 
Parquet/ORC chunks.

8 — Compression and Athena read patterns  
Compression used inside columnar formats:

Snappy

ZSTD

GZIP

LZ4

Athena benefits when:

Compression is splittable

Decompression is column-based

Statistics are preserved

Compression reduces:

S3 read cost

Worker CPU load

Memory footprint

Optimal combinations:

Parquet + Snappy

ORC + ZSTD

Avoid:

Whole-file gzip on CSV/JSON → no splitting → terrible parallelism.

9 — Schema evolution mechanics  
Columnar formats store schema metadata:

Parquet:  

Supports new columns at file tail

Converts missing columns to null

Can handle type changes (with caution)
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ORC:  

Strong schema evolution support

Stores evolution metadata deeply

Better for nested structures

JSON:  

No true schema → inconsistent datasets

Requires Glue crawlers

Athena must cast dynamically → slow

Iceberg:  

Best-in-class schema evolution

Full history of changes

Backward and forward compatibility

Athena’s planner uses schema metadata to:

Resolve types

Plan projections

Normalize column positions

Avoid scanning missing columns

10 — Choosing optimal formats for Athena  
Recommended for analytics:

Parquet + Snappy

ORC + ZSTD

Files sized 128 MB – 1 GB

Use Iceberg for ACID + versioning + evolution

Avoid CSV/JSON for daily analytics

If ingesting JSON/CSV, convert to Parquet using Glue/EMR/Flink before querying

Overall performance differences (conceptual):

Columnar ≈ 10×–500× faster + cheaper depending on dataset size and structure.

Fastest       →   ORC / Parquet (columnar)

Moderate      →   Avro

Slow          →   JSON

Slowest       →   CSV
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6. How does Athena partitioning work and 
how does governance of partitions affect 
query performance?

 

This question explains how partitioning physically works in Athena, how Glue Catalog stores partition 
metadata, how Athena prunes partitions during planning, how dynamic partitioning affects query cost, and 
how enterprises manage partition governance at scale.

We structure this into numbered subtopics:

1 — What partitioning means in Athena’s architecture

2 — How partitioned data is physically organized in S3

3 — How Glue Data Catalog stores partition metadata

4 — How Athena performs partition pruning during query planning

5 — How partition discovery works (MSCK REPAIR, Glue crawlers)

6 — Dynamic partitioning, schema evolution, and metadata drift

7 — Over-partitioning and the small file problem

8 — Under-partitioning and large-scan inefficiency

9 — Partition governance best practices in enterprise environments

10 — Advanced partitioning techniques for Athena at scale

1 — What partitioning means in Athena’s architecture  
Partitioning in Athena is a way of organizing data in S3 such that Athena can skip entire S3 prefixes based on 
query predicates.

Example:

Partition columns:

dt

country

Partitioning is not a compute concept; it is pure directory-key layout in S3 combined with metadata in Glue.

2 — How partitioned data is physically organized in S3  
Partition columns map to S3 prefixes:

s3://logs/dt=2025-11-25/country=IN/file1.parquet
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Example layout:

Each folder corresponds to a partition combination.

Athena does not infer partitions automatically; it depends on catalog metadata.

3 — How Glue Data Catalog stores partition metadata  
Glue Catalog stores:

Partition keys

List of partitions

S3 location of each partition

Column types

Partitions’ storage descriptor

File format metadata

Partition metadata is essential because:

Athena uses it to determine which partitions exist.

During planning, Athena checks the partition values to prune irrelevant partitions.

Glue Catalog allows Athena to avoid expensive S3 prefix listings.

Partition table example in Glue:

4 — How Athena performs partition pruning during query 
planning

 

Partition pruning happens entirely in the query planning phase.

Example query:

s3://bucket/table/partition_key=value/partition_key2=value2/...

s3://sales/year=2025/month=11/day=25/file1.parquet

s3://sales/year=2025/month=11/day=26/file2.parquet

Table: logs

Partition keys: [dt, country]

Partitions:

  dt=2025-11-24, country=US → s3://logs/dt=2025-11-24/country=US/

  dt=2025-11-24, country=IN → s3://logs/dt=2025-11-24/country=IN/

  dt=2025-11-25, country=IN → s3://logs/dt=2025-11-25/country=IN/
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Athena examines:

Glue Catalog partition metadata

Partition column values

Predicate expressions

If a partition value does not satisfy the predicate, Athena does not read that folder at all.

Visualization of pruning:

Partition pruning directly reduces:

Bytes scanned

Cost

Worker load

Runtime

5 — How partition discovery works (MSCK REPAIR, Glue 
crawlers)

 

MSCK REPAIR TABLE  

Scans S3 prefix tree

Discovers new partition folders

Registers them in Glue Catalog

Used when:

New partition folders appear via an external process

Glue Catalog needs synchronization

SELECT * FROM logs WHERE dt='2025-11-25' AND country='IN';

All partitions:

  dt=24/US

  dt=24/IN

  dt=25/US

  dt=25/IN

Query wants: dt=25 AND country=IN

Pruned to:

  dt=25/IN

Athena reads only that prefix.

af://n1398
af://n1399


Glue Crawler  

Scans S3 paths

Detects new partitions

Updates catalog

Can infer schema (if configured)

INSERT INTO with partition columns  

Inserts data and automatically registers partitions

Best for controlled pipelines

Partition metadata is crucial because Athena relies on catalog state — not S3 — to know which partitions 
exist.

6 — Dynamic partitioning, schema evolution, and 
metadata drift

 

Dynamic partitioning occurs when:

Problems arise when:

Partition values are unpredictable

Thousands of small partitions appear

Glue Catalog becomes overloaded

Metadata drift (inconsistent schemas between partitions)

Athena’s planner then suffers:

Slow partition pruning

Large metadata scans

Inconsistent schemas causing query failures

Enterprises must govern partition creation to prevent unbounded growth.

7 — Over-partitioning and the small file problem  
Over-partitioning happens when:

Partition keys are too granular

Large numbers of tiny folders appear

Millions of partitions accumulate

Files become too small

INSERT INTO table PARTITION (dt) SELECT ..., dt_column FROM data;
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Example of bad partitioning:

Consequences:

Too many S3 GET/HEAD requests

Extremely slow planning

Too many tasks → overhead > work

Glue Catalog API throttling

High cost (due to many small files)

Ideal partition count:

10s to 1000s partitions, not millions.

8 — Under-partitioning and large-scan inefficiency  
Under-partitioning occurs when:

Partition keys are too coarse

Too many files under each partition

Queries repeatedly scan massive amounts of data

Example:

Query:

Athena must scan entire year partition and then filter values → expensive.

Ideal partitioning:

Use values with moderate cardinality:

– date ( dt )

– region/country

– source/tenant

Avoid extremes (too coarse or too fine).

dt=2025-11-25/hour=09/minute=30/second=42/

Partitioned only by year

SELECT * FROM logs WHERE dt='2025-11-25';
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9 — Partition governance best practices  
Enterprises enforce rules:

Allowed partition keys

Allowed max number of partitions per table

Required file size thresholds

Automated compaction jobs

Schema consistency rules

Automated partition registration pipeline

Prevent users from creating millions of partitions

Governance ensures:

Query performance remains consistent

Catalog does not explode

Worker tasks remain balanced

Costs remain predictable

10 — Advanced partitioning techniques  

Iceberg hidden partitioning  

Users see logical columns

Iceberg rewrites them into physical partition columns

Avoids over-partitioning

Avoids schema brittleness

Bucketing  

Hash-based subdivision

Helps joins, but not typically recommended for Athena (more useful in Hive/EMR)

Composite partitions  

Year/month/day/hour

Only when queries commonly filter by those dimensions

Segmented partition pruning  

Partition keys used for tiered file skipping

Best implemented with Iceberg manifests
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7. How does Athena integrate with AWS Glue 
Data Catalog for metadata and schema 
management?

 

(Depth level: ~30–35×, consistent with earlier Q1–Q6 answers, not 70×.)

This question explains how Athena depends on the Glue Data Catalog, how metadata flows between them, 
how schema evolution works, how partitions are stored and retrieved, and how enterprise governance is 
enforced using the Catalog. Glue is not optional for Athena — it is the central metadata backbone that 
makes Athena usable at scale.

We structure this into numbered subtopics:

1 — Why Athena needs a metadata catalog (the architectural dependency)

2 — How tables, schemas, partitions, and formats are stored in Glue

3 — How Athena interacts with Glue during query planning

4 — How Glue Data Catalog impacts performance and partition pruning

5 — How schema evolution works between S3 files and Glue metadata

6 — How Glue Crawlers discover schema and partitions

7 — How multiple services share the same catalog (Athena, EMR, Glue ETL, Redshift Spectrum)

8 — Governance, permissions, and Lake Formation integration

9 — Catalog versioning, schema drift, and validation behavior

10 — Best practices for using Glue Catalog effectively with Athena

1 — Why Athena needs a metadata catalog (the 
architectural dependency)

 

Athena reads files directly from S3. But raw files do not tell Athena:

What columns exist

What data types those columns have

How to parse the file

Which files belong to which partition

Which paths correspond to which logical tables

Which SerDe to apply

Whether the data is CSV, JSON, Parquet, ORC, Avro, etc.

Athena is a compute-only engine.

It does not store or infer metadata automatically.

The Glue Data Catalog provides:
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Logical table definition

Schema

Column types

Partition keys

File format + SerDe

S3 location prefix

Partition list

Table properties (compression, format hints, etc.)

Glue is effectively Athena’s metadata brain, and Athena queries it during every query.

2 — How tables, schemas, partitions, and formats are 
stored in Glue

 

The Glue Data Catalog maintains information in a hierarchical structure:

Databases  

A logical grouping similar to a schema.

Tables  

Each table contains:

Table name

Columns and data types

Partition keys

Storage descriptor

S3 location

InputFormat (reader)

OutputFormat (writer)

SerDeInfo (parser)

Parameters metadata (statistics, classification, etc.)

Partitions  

Each partition entry includes:

Partition column values (e.g., dt=2025-11-25)

S3 location for that partition

File format properties

SerDe configuration

Statistics (if collected)
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In practice:

Glue catalog entries allow Athena to map S3 prefixes into SQL tables.

3 — How Athena interacts with Glue during query planning 
Whenever a query is submitted:

1. Athena calls GetTable API to fetch table metadata.

2. Athena fetches GetPartitions to list relevant partitions.

3. Athena loads file format, SerDe, compression, and schema information.

4. Athena validates column names and types.

5. Athena uses partition column values for pruning.

This means Glue interactions occur in:

Semantic analysis

Logical planning

Partition pruning

Join type resolution

Type checking

If Glue metadata is inconsistent, missing, or corrupted, queries will fail even if files in S3 are correct.

4 — How Glue Data Catalog impacts performance and 
partition pruning

 

Partition pruning depends on:

Accurate partition list in Glue Catalog

Up-to-date metadata

Correct partition keys and values

If Glue metadata is stale:

Athena may read irrelevant prefixes

Database: analytics

Table: logs

Columns: [user_id, event_type, ts, ip, ...]

Partition Keys: [dt, country]

Location: s3://lake/logs/

Partitions:

  dt=2025-11-24/country=IN/

  dt=2025-11-24/country=US/

  dt=2025-11-25/country=IN/
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Query scans more data than needed

Cost increases

Runtime increases

If Glue metadata is optimized:

Athena reads exactly the required partitions

Cost is minimized

Worker tasks execute fewer splits

Overall latency drops significantly

Glue metadata quality = Athena performance quality.

5 — How schema evolution works between S3 files and 
Glue metadata

 

Real-world data lakes evolve:

New columns added

Types changed

Old columns removed

Nested structures expanded

Partitions written with different schemas

Glue stores the official table schema.

Files in S3 store actual physical schema.

Athena handles evolution by:

Treating missing columns as NULL

Allowing new columns at file end (Parquet/ORC)

Allowing type widening (e.g., int → bigint → double)

Blocking incompatible type changes (string → struct)

Requiring schema alignment at query time

If Glue schema and S3 data diverge too much:

Queries fail

Cast errors occur

SerDe deserialization fails

Type mismatch errors appear

Thus schema governance is essential.
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6 — How Glue Crawlers discover schema and partitions  
Glue crawlers:

Crawl S3 paths

Infer schema (CSV/JSON/Parquet/ORC)

Detect partitions based on folder patterns

Write metadata into the catalog

Pros:

Automatically identifies new partitions

Useful for semi-structured logs

No manual DDL required

Cons:

Schema inference can be inconsistent

Overwrites metadata unexpectedly

Can misidentify data formats

Slow on large folder structures

Causes uncontrolled schema drift

Enterprises often disable crawlers for production and instead use ETL pipelines to register partitions reliably.

7 — How multiple services share the same catalog  
Glue Catalog is a central metadata system shared by:

Athena

Athena Federated Query

EMR Hive

EMR Presto/Trino

Redshift Spectrum

AWS Glue ETL (Spark)

Lake Formation

AWS DataBrew

This means the same table can be:

Written by Glue jobs

Read by EMR Spark

Queried by Athena

Joined with Redshift Spectrum

Governed by Lake Formation policies
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This creates a unified data lake semantics layer across multiple compute systems.

8 — Governance, permissions, and Lake Formation 
integration

 

Lake Formation sits on top of the Glue Catalog:

Provides fine-grained permissions

Controls table/column-level access

Controls row-level filtering

Controls tag-based access

Decouples S3 object permissions from query permissions

Manages data sharing

Athena enforces Lake Formation permissions during planning, not during execution.

If a user cannot read a column:

Athena removes that column from the plan

Join/aggregation projections adapt

Unauthorized partitions become invisible

This creates a strong governance model.

9 — Catalog versioning, schema drift, and validation 
behavior

 

Glue tables accumulate issues when:

New data files have different schemas

Old files contain incompatible types

Columns appear in different order

Missing fields in some partitions

Hive-style folder structure diverges

Athena resolves many issues by:

Null-padding missing columns

Automatically reading schema from Parquet/ORC files when needed

Using SerDe libraries to cast fields

Applying type coercions

But if drift goes beyond tolerable limits:

Athena refuses the query

SerDe failures occur
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Partition reads become inconsistent

Catalog hygiene is critical.

10 — Best practices for using Glue Catalog effectively with 
Athena

 

Enterprises use the following practices:

1. Never rely on crawlers for production schemas.

2. Define schemas explicitly using CREATE TABLE.

3. Automate partition registration during ETL jobs.

4. Use Iceberg for schema evolution complexity.

5. Enable Lake Formation for governance.

6. Validate schema evolution rules in CI/CD pipelines.

7. Periodically clean unused Glue partitions.

8. Control which teams can modify the Catalog.

9. Maintain schema contracts for producers.

10. Use versioned table definitions where needed.

A well-managed Glue Catalog results in:

Faster Athena planning

Better partition pruning

Lower cost

Fewer failures

Higher reliability across the data lake ecosystem

8. How does Athena handle large-scale 
queries, concurrency, scaling behavior, and 
workload isolation?

 

(Depth level: ~30–35×, same style as Q1–Q7, not 70×.)

This question explains how Athena scales internally as query volume increases, how large queries are 
executed safely, how concurrency works in a multi-tenant environment, how workgroups isolate workloads, 
and how Athena manages memory, CPU, transaction limits, and spill behavior under high load.

We structure this into numbered subtopics:

1 — The architectural model for scaling Athena (serverless, elastic, multi-tenant)

2 — How Athena selects and allocates compute resources for large queries

3 — Concurrency model: how many queries can run at the same time
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4 — Worker pool behavior and elasticity under heavy workloads

5 — How query memory is managed, including spill-to-S3

6 — Execution of very large queries (TB–PB scale)

7 — Workgroups as a boundary for isolation & governance

8 — Throttling, queuing, and fair-share scheduling

9 — How Athena handles simultaneous large queries from multiple teams

10 — Best practices for achieving optimal performance and isolation

1 — The architectural model for scaling Athena  
Athena is not a dedicated cluster.

It uses an internal AWS-managed compute fleet shared across tenants.

Key properties:

Serverless (no manual scaling)

Highly elastic (compute pool expands as workloads increase)

Multi-tenant (many customers share physical resources)

Logically isolated (permissions & encryption boundaries)

Scaling is automatic:

As queries arrive, Athena requests compute capacity from the internal worker pool.

Heavy workloads receive additional workers depending on capacity quotas and concurrency rules.

AWS internally performs resource balancing across thousands of customers.

Thus, Athena scales out, not up.

2 — How Athena selects and allocates compute resources 
for large queries

 

When a query is submitted:

The control plane analyzes its expected size (bytes scanned, operators, join patterns).

The planner determines how many splits will be created.

Athena assigns a coordinator node.

Athena allocates a number of worker nodes proportional to:

Number of object splits

Complexity of operators

Workgroup concurrency limit

Available back-end capacity

Spill needs
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Large queries may receive dozens to hundreds of workers.

Small queries may use only a few.

3 — Concurrency model: how many queries can run at the 
same time

 

Concurrency is controlled by:

1. Account-wide service quotas

– Default concurrency limit is often around 20–40 queries per region per account.

– Can be increased by support ticket.

2. Workgroup concurrency controls

– Each workgroup can set maximum concurrent queries.

– Extra queries queue automatically.

3. Query engine heuristics

– Athena prevents dangerous workloads (e.g., huge broadcasts) from overwhelming back-end workers.

As concurrency increases:

Athena may slow scheduling new queries

Spill behavior increases

S3 throughput may become contention point

Query queue times appear

4 — Worker pool behavior and elasticity under heavy 
workloads

 

Athena’s worker pool behaves as:

Shared resource across tenants

Automatically provisioned

Automatically scaled down when idle

Dynamically allocated based on queuing pressure

Region-specific (each region maintains its own pool)

AWS does not expose:

Worker count

Worker types

Underlying cluster sizes

But behavior reveals:

Athena assigns more workers to queries that scan many splits
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High concurrency requires more internal workers

Heavy users do not starve others due to isolation logic

Elasticity is automatic, but bounded by service quotas.

5 — How query memory is managed, including spill-to-S3  
Athena does not allow user control over memory allocation.

Instead, memory is managed per operator pipeline.

When operators exceed memory thresholds:

Athena spills intermediate data to S3

Spill reduces worker memory pressure

Spill allows very large joins and aggregations to succeed

Too much spill leads to:

Slow queries

Increased S3 I/O

Higher S3 request cost

Longer end-to-end latency

Memory-intensive operations:

Large GROUP BY

Window functions

ORDER BY

Big joins

DISTINCT operations

Multi-way joins

Athena automatically balances:

Memory usage

Spill volume

Shuffle networks

Worker resource scheduling

6 — Execution of very large queries (TB–PB scale)  
Athena can handle extremely large datasets if:

Files are properly partitioned

Columnar formats are used

File sizes are large enough (128MB–1GB)
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Partitions are registered in Glue Catalog

Parallelism is maximized with many splits

When scanning TBs or PBs:

Athena uses thousands of parallel S3 range-reads

Executors stream rows in vectorized batches

Multiple stages operate concurrently

Intermediate data may be spilled

Final results written to S3

This scaling is why Athena is often used for:

Log analytics

Clickstream processing

Security analytics

IoT pipelines

Multi-source S3 data lakes

7 — Workgroups as a boundary for isolation and 
governance

 

Workgroups isolate workloads in multiple dimensions:

Cost isolation

– Per-workgroup scan limits

– Hard thresholds that stop runaway queries

Performance isolation

– Per-workgroup concurrency limits

– Prevents one team from exhausting regional quota

Governance isolation

– Encryption requirements

– Output bucket restrictions

– CloudWatch metrics separation

– IAM permission boundaries

Workgroups create “micro-environments” inside Athena for:

Dev environments

Test workloads

Finance analytics

Machine learning exploratory jobs

BI dashboards
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ETL pipelines

Each behaves independently.

8 — Throttling, queuing, and fair-share scheduling  
When workload exceeds available concurrency:

Excess queries move into a queue

Athena schedules them based on workgroup rules

Fair-share ensures:

One team cannot monopolize workers

Large queries don’t block small ones

Multi-stage pipeline weights adjust scheduling

If internal worker capacity is constrained:

Athena reduces allocation of new tasks temporarily

Queries may start slowly (cold start due to fleet warm-up)

Spill may increase

Users experience “query queued” states

9 — How Athena handles multiple simultaneous large 
queries

 

When several large queries arrive:

Athena performs:

1. Split-based distribution

– Each query gets worker assignments proportional to its splits.

2. Fair resource allocation

– No single query can take all workers.

3. Workgroup-based isolation

– Queries in different workgroups do not interfere.

4. Back-pressure mechanisms

– If S3 request rates exceed capacity:

Athena slows new reads

Increases retry intervals

Spreads workload more evenly

5. Dynamic scaling

– Worker pool expands if region has headroom

– Queries receive additional parallelism if possible
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This allows real-time dashboards and heavy ETL queries to coexist.

10 — Best practices for achieving optimal performance and 
isolation

 

Enterprises use:

1. Multiple workgroups

– Separate Dev/Test/Prod

– Prevent BI dashboards from being slowed by heavy ETL jobs

2. Proper file layout

– Use Parquet or ORC

– Keep file size between 128MB–1GB

– Avoid millions of tiny files

3. Partitioning rules

– Use dt/region/user segments

– Register partitions consistently

4. Query design rules

– Avoid SELECT *

– Limit broad JOINs

– Filter early

– Project fewer columns

5. Governance guardrails

– Set per-workgroup limits

– Enforce encryption

– Control output buckets

– Enable CloudWatch Logs

6. Enterprise scaling patterns

– Offload heavy ETL to EMR or Glue jobs

– Use Iceberg tables for large table management

– Use synchronous pipelines for partition registration

With these practices, Athena remains:

Fast

Predictable

Cost-efficient

Multi-team friendly

Enterprise-grade for large data lakes
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9. How does Athena optimize query 
performance using advanced techniques?

 

(Depth level: ~30–35×, same as Q1–Q8.)

This question focuses on how Athena becomes fast and cheap in practice: not just the engine itself, but 
how it uses pushdowns, file layout, statistics, partitions, and workgroup controls to minimize scanned data, 
reduce CPU work, and avoid unnecessary shuffles and spills.

We structure this into numbered subtopics:

1 — The core performance principle: “scan less, move less, compute less”

2 — Column and projection pushdown

3 — Predicate pushdown into files, partitions, and table formats

4 — Partition pruning and intelligent partition strategies

5 — File sizing, small-file mitigation, and compaction

6 — Join performance optimization (broadcast vs distributed)

7 — Aggregation, grouping, and window function tuning

8 — Spill minimization and memory-aware query patterns

9 — Workgroup and configuration-level performance controls

10 — Practical performance patterns and anti-patterns in real Athena workloads

1 — The core performance principle: “scan less, move less, 
compute less”

 

Athena’s cost and speed are dominated by:

How many bytes are read from S3

How many bytes are shuffled between workers

How many rows/columns each operator must process

So almost every optimization strategy boils down to:

Scan less → reduce S3 reads via partitioning, pushdown, and formats

Move less → reduce shuffle volume, slimmer rows, fewer wide joins

Compute less → simplify expressions, pre-aggregate upstream, avoid unnecessary windowing

Athena’s engine is fast; performance issues usually arise from data layout and query design, not CPU 
limitations.

2 — Column and projection pushdown  
Projection pushdown means: only read the columns you actually need.
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Example bad query:

Example better query:

Effect internally:

Engine reads only user_id , event_type , ts  from Parquet/ORC files.

All other columns are skipped at the file/chunk level.

This reduces:

Bytes scanned

Decompression cost

Deserialize/parse cost

Memory usage

Shuffle payload size

The wider your table, the more important projection pushdown is. For very wide fact tables, selecting just 3–10 
columns can reduce cost by 10× or more.

3 — Predicate pushdown into files, partitions, and table 
formats

 

Predicate pushdown means: apply filters as early and as close to the data as possible.

Typical pushdown filter patterns:

Equality: WHERE dt = '2025-11-25'

Range: WHERE ts BETWEEN ...

Membership: WHERE country IN ('IN','US')

Simple comparisons on partition or primary key-like columns

Athena pushes these predicates into:

Partition pruning → skip partitions

File pruning → skip entire files based on min/max statistics

Row group/stripe pruning → skip row groups in Parquet/ORC

Scan operator → filter out rows before joins/aggregations

Structured formats (Parquet, ORC, Iceberg) make pushdown significantly more effective because they store:

SELECT * FROM logs WHERE dt = '2025-11-25';

SELECT user_id, event_type, ts

FROM logs

WHERE dt = '2025-11-25';
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Column-level min/max stats

Bloom filters (ORC, optional)

Partition specs

Manifest metadata (Iceberg)

Best practices:

Filter on partition keys when possible.

Filter on high-selectivity columns that have good stats.

Avoid wrapping columns in non-sargable expressions (e.g., WHERE date(ts) = '...'  rather than ts 

BETWEEN ... ).

4 — Partition pruning and intelligent partition strategies  
Partition pruning is one of the biggest performance levers in Athena.

Good partitioning:

dt  (date/time)

country  / region

tenant_id  / source_system

Possibly bucketed_user_id  if designing for specific workloads

Effects:

Athena reads only relevant partitions.

Glue Catalog tells the planner exactly which S3 prefixes to scan.

Queries avoid scanning months/years of data when only one day is needed.

Bad partitioning:

No partitioning → huge scans

Overly granular (e.g., dt + hour + minute + second) → millions of small partitions

Partitioning on low-selectivity fields like status='SUCCESS'  / status='FAIL'  → little benefit

Ideal partition choice balances:

Query selectivity (most queries filter on it)

Cardinality (not too many, not too few values)

Operational convenience (ETL generation, retention, archiving)

5 — File sizing, small-file mitigation, and compaction  
File layout directly impacts:

Parallelism

Planning time
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I/O efficiency

Seek overhead

Small files (KB–few MB):

Increase S3 request overhead

Reduce throughput

Overload Glue Catalog with too many partition entries

Fragment splits across workers

Cause slower queries and higher cost

Huge files (>1–2 GB):

Limit parallelism (too few splits)

Risk long-tail slow reads

Harder to manage

Optimal guideline for Athena:

Parquet/ORC file size: 128 MB – 1 GB

Use ETL jobs (Glue, EMR, Spark, Flink) to compact small files regularly.

For streaming ingestion, perform periodic compaction into larger columnar files.

Performance effect:

Fewer S3 GET requests

Higher throughput per query

Better parallel processing

Less planning overhead

6 — Join performance optimization (broadcast vs 
distributed)

 

Joins are often the heaviest operations in Athena.

Performance strategies:

1. Small dimension tables

– Keep lookup/dimension tables small

– Allow engine to broadcast them to all workers

– Great for star-schema joins

2. Filter before join

– Apply WHERE predicates early

– Reduce rows before joining

– Avoid joining unnecessary data

3. Avoid massive cross joins
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– Use explicit join conditions

– Avoid many-to-many join explosions
4. Use appropriate keys

– Data types compatible

– No unnecessary casts in join predicates

– Well-distributed keys to avoid skew

5. Consider pre-joining in ETL

– For stable relationships, pre-join in Glue/EMR

– Store as enriched fact tables

Good join performance comes from small dimension tables + large filtered fact tables.

7 — Aggregation, grouping, and window function tuning  
Aggregations and window functions are CPU and memory intensive.

Optimization patterns:

Group/aggregate after filters, not before.

Avoid grouping by high-cardinality non-essential columns.

Use approximate functions (e.g., approx_distinct ) if precise counts are not mandatory.

Be careful with wide PARTITION BY  in window functions.

For time-series, pre-bucket timestamps (e.g., time_bucket_5_min ) instead of grouping by raw 

millisecond timestamps.

Example:

Instead of:

If you only need daily totals:

Less data, fewer rows, less memory.

8 — Spill minimization and memory-aware query patterns  
Spill occurs when:

SELECT user_id, ts, SUM(amount) OVER (PARTITION BY user_id ORDER BY ts) ...

SELECT user_id, date(ts) AS d, SUM(amount)

FROM payments

WHERE ts >= ...

GROUP BY user_id, d;
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Hash tables for joins grow too large

Aggregations build huge state

Window functions hold large row sets

ORDER BY requires sorting massive volumes

Spill is not a bug; it’s a safety valve, but it makes queries slower.

To reduce spill:

Break very large transformations into stages (materialize to S3 intermediate tables).

Pre-aggregate upstream (e.g., per-day, per-customer).

Avoid ORDER BY  on entire dataset unless needed.

Use more selective filters.

Avoid huge multi-way joins in one query; consider stepwise.

If a query constantly spills, rethink:

Data shape

Row counts

Memory-intensive patterns (ORDER BY, big groupings)

9 — Workgroup and configuration-level performance 
controls

 

Workgroups let you enforce performance-related constraints:

Max bytes scanned per query

Max bytes scanned per user per day

Per-workgroup query limits

Output location and encryption

Engine version selection (e.g., Athena engine v3 vs v2)

Performance-related benefits:

Prevents accidental full-lake scans (e.g., someone running SELECT * FROM big_table ).

Encourages teams to keep queries lean.

Lets you detect and stop slow/bad queries early.

Forces use of proper filters and partitions.

Combined with CloudWatch metrics, you can monitor:

Bytes scanned per workgroup

Average query duration

Query failure rates

Cost trends
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10 — Practical performance patterns and anti-patterns in 
real Athena workloads

 

Good patterns  

Use Parquet/ORC with Snappy/ZSTD

Partition by dt and one or two other key dimensions

Regularly compact small files

Always select only required columns

Filter on partition keys whenever possible

Design join queries with small dimensional tables

Use workgroups with sane limits

Bad patterns  

Storing everything as CSV/JSON in one huge folder

No partitioning or overly granular partitioning

SELECT * in dashboards and ETL jobs

Joining multiple huge tables without filters

Using Glue crawlers to constantly rewrite schemas in production

Allowing users to query entire lake for ad-hoc tests in shared prod workgroup

Athena’s engine is powerful; performance depends largely on how we model the data and how we write 
queries, not just on AWS internals.

10. How does Athena manage cost 
optimization for large enterprise workloads?

 

(Depth level: ~30–35×, consistent with Q1–Q9.)

This question explains how Athena’s cost model works, why scanning fewer bytes directly lowers cost, how 
storage formats influence spending, how workgroups enforce guardrails, how file and partition layout affect 
enterprise bills, and how organizations design cost-efficient data lake architectures specifically for Athena.

We structure this into numbered subtopics:

1 — Understanding Athena’s cost model (bytes scanned → money)

2 — How storage formats and compression reduce cost

3 — Partitioning strategy as a cost reduction mechanism

4 — File sizing, compaction, and data layout optimization

5 — Query design patterns that minimize scanned data

6 — Workgroups as cost governance boundaries
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7 — Encryption, compression, and result-location effects on cost

8 — Cost controls through logging, monitoring, and spend analysis

9 — Iceberg and metadata-layer cost optimizations

10 — Enterprise-wide cost governance framework for Athena

1 — Understanding Athena’s cost model (bytes scanned → 
money)

 

Athena charges per terabyte scanned.

There is no charge for compute time.

Cost is directly proportional to:

Number of bytes read from S3

Number of columns loaded

Size of row groups / stripes

Number of files touched

Level of compression

Predicate pushdown effectiveness

Athena cost = (bytes scanned × price per TB)

Thus the fastest query is also the cheapest query.

2 — How storage formats and compression reduce cost  
The single biggest cost optimization in Athena is choosing the right format.

Parquet / ORC  

Columnar → read only selected columns

Highly compressed → 5×–40× smaller

Row-group/stripe pruning → fewer bytes scanned

Ideal for Athena cost reduction

CSV / JSON  

No column skipping

No pruning

Must scan entire file contents

Often 10×–50× larger than Parquet

Leads to extremely high cost
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Compression  

Snappy: fast, splittable

ZSTD: deeper compression, CPU-efficient

GZIP: non-splittable (bad for CSV), avoid

Columnar + compression = 95%+ cost reduction in many workloads.

3 — Partitioning strategy as a cost reduction mechanism  
Partitioning allows Athena to skip entire portions of the dataset.

Example:

Filtering:

Athena scans:

Only 2025/11  folders

Not entire sales  dataset

Saves costs by eliminating huge I/O

But partitioning must be balanced:

Too many partitions → many small files → planning cost & more overhead

Too broad partitions → too much scanning → higher cost

Optimal partition patterns align with queries:

dt  (date)

region

customer_id  (bucketed or grouped)

device_type  (for logs)

Partition pruning is often a 10×–100× cost saver.

4 — File sizing, compaction, and data layout optimization  
File layout affects both performance and cost.

s3://lake/sales/year=2025/month=11/day=25/*.parquet

WHERE year = 2025 AND month = 11
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Small files → higher cost  

More requests

More metadata reads

More splits

More overhead per byte

Poor compression ratios

Some queries end up scanning entire small-file sets

Large files → lower cost  

Better compression

Fewer splits

Fewer metadata operations

More efficient row-group skipping

Target file size:

128 MB – 1 GB for Parquet/ORC

Use ETL workflows to compact incoming data

Glue, EMR, or Spark jobs can merge small files automatically

Proper file sizing can save thousands of dollars per month in large enterprises.

5 — Query design patterns that minimize scanned data  
Query writers influence cost more than most people realize.

Good patterns (cost-saving)  

Select only necessary columns

Filter early using partition keys

Avoid SELECT *

Avoid full table scans in dashboards

Pre-aggregate frequently accessed data

Use LIMIT only for sample queries

Use appropriate data types

Avoid functions that disable pushdown (e.g., wrapping partition columns)
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Bad patterns (cost explosion)  

SELECT * in BI dashboards

Ad-hoc exploration over huge tables

Running heavy joins without filtering

Using non-sargable predicates

Casting partition columns (makes them unfilterable)

Querying entire data lake in one query

A single bad dashboard query can scan tens of terabytes and cost hundreds of dollars.

6 — Workgroups as cost governance boundaries  
Workgroups provide hard cost controls:

Maximum bytes per query

Maximum bytes per workgroup per day/month

Query-level throttling

Enforced output locations (prevent duplicate result writes)

Encryption enforcement (lower result-storage cost sometimes)

Workgroups prevent catastrophic cost scenarios:

Infinite loops in BI tools

Misconfigured dashboards

Faulty ETL queries scanning entire lake

Users running SELECT * repeatedly

Admin teams use workgroups to:

Separate Dev/Test/Prod

Provide cost isolation

Protect corporate data lake from misuse

Track usage per team or department

7 — Encryption, compression, and result-location effects 
on cost

 

Athena supports:

SSE-S3

SSE-KMS

CSE-KMS

TLS in-transit encryption
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Encryption itself does not affect scan cost.

BUT encryption choices affect S3 I/O performance, which can indirectly influence:

Query runtime

Spill behavior

Worker retry count

S3 read throttling risk

Additionally:

Result file location affects downstream storage costs

Heavy dashboards produce thousands of result files — cleanup required

Compression in Parquet/ORC reduces:

Storage cost

Scan cost

Network cost

Result sets can optionally be written in compressed form (especially in CTAS/INSERT INTO statements).

8 — Cost controls through logging, monitoring, and spend 
analysis

 

Athena exposes:

QueryHistory records

BytesScanned metrics

Workgroup usage metrics

CloudWatch dashboards

Cost Explorer breakdown

S3 access logs

CloudTrail logs for auditing queries

Enterprises build automated:

Daily reports per team

Query whitelisting/blacklisting

Alerts for expensive queries

Query rewrites via code-generation layers

Monthly optimization audits

Predictive cost modeling for dashboards

Analytics teams often analyze Athena using Athena itself.
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9 — Iceberg and metadata-layer cost optimizations  
Iceberg improves cost efficiency through:

Manifest pruning

Snapshot-based planning

Partition spec evolution

Metadata caching

Column-level stats

Hidden partitioning

File elimination using manifest filters

Reduced metadata load on Glue Catalog

Athena only reads files relevant to a snapshot → cheaper large table scans.

Iceberg tables frequently produce:

Lower scan cost

Lower S3 request overhead

Fewer files read

Better schema evolution

Enterprises migrating large tables to Iceberg often see 50%–90% cost reduction.

10 — Enterprise-wide cost governance framework for 
Athena

 

Mature organizations implement:

1. Athena usage policies

– Standard query patterns

– No SELECT * allowed in shared workgroups

– Mandatory filtering rules

2. Athena-aware data modeling

– Columnar Parquet/ORC

– Compressed file storage

– Partition model rules

3. Central ETL compaction pipeline

– Merge small files

– Fix schema skew

– Produce daily/hourly optimized tables

4. Cross-team chargeback

– Workgroup-level cost allocation
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– Departmental or team-level billing
5. Monitoring & Guardrails

– Limits

– Alerts

– Daily/weekly review of expensive queries

6. Automatic query rewriting (middleware)

– Proxy that rewrites poorly written SQL

– Enforces select-list minimization

– Blocks destructive queries

Enterprises that implement these governance layers reduce Athena cost by order-of-magnitude while 
improving performance and reliability.

11. How does Athena support advanced SQL 
patterns for analytics and data engineering?

 

(Depth level: ~30–35×, consistent with Q1–Q10.)

This question covers how Athena handles rich SQL features beyond simple SELECT queries — including 
window functions, arrays/structs/maps, nested data, joins, time-series operations, ETL-style transformations, 
sessionization, and analytic patterns commonly used across enterprise data lakes.

We structure this into numbered subtopics:

1 — Athena’s SQL foundation (Presto/Trino-based capabilities)

2 — Complex data types (arrays, maps, structs)

3 — Nested and semi-structured data querying

4 — Window functions and analytical transformations

5 — Advanced joins and set-based operations

6 — Time-series analytics and event processing

7 — Sessionization, funnel analysis, and behavioral analytics

8 — ETL-style SQL transformations in Athena

9 — High-cardinality aggregations and approximate functions

10 — SQL anti-patterns that hurt performance in Athena

1 — Athena’s SQL foundation (Presto/Trino-based 
capabilities)

 

Athena inherits most of its SQL behavior from Presto/Trino, meaning it supports:

ANSI SQL
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Complex expressions

Joins (inner, left, right, full, cross)

Window functions

Array/struct/map operators

JSON extraction

Lambda expressions (in array/map functions)

Subqueries, CTEs, WITH clauses

Approximate algorithms (approx_distinct, approx_percentile)

Geospatial functions

Regex functions

String/Date/Time functions

Because Athena is designed for analytical workloads, its SQL engine is optimized for:

Analytical aggregations

Windowing

Complex nested transformations

Exploratory data analysis

Data lake ETL patterns

2 — Complex data types (arrays, maps, structs)  
Athena can directly query nested and complex types such as:

ARRAY

MAP

STRUCT (ROW)

These types often come from:

Parquet nested schemas

JSON ingestion

Event logs

Clickstream data

IoT telemetry

ML system traces

Examples:
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Struct field extraction:  

Array element access:  

Map access:  

Lambda functions:  

Complex types let Athena query data without flattening it first, reducing ETL cost.

3 — Nested and semi-structured data querying  
Athena supports semi-structured data through:

JSON functions

json_extract  / json_extract_scalar

Struct/array operations

CAST from JSON string to defined ROW/ARRAY/MAP types

Example:

But for large datasets, JSON is inefficient:

Full-file scan

No column pruning

SELECT info.user.id, info.device.type

FROM events;

SELECT tags[1], cardinality(tags)

FROM items;

SELECT properties['os'], properties['version']

FROM sessions;

SELECT transform(events, x -> x.event_type)

FROM logs;

SELECT

  json_extract_scalar(event, '$.user.id') AS user_id,

  json_extract(event, '$.metrics') AS metrics

FROM logs_json;
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No row-group skipping

Expensive parsing

Best practice:

Convert JSON → Parquet with nested columns.

4 — Window functions and analytical transformations  
Window functions enable:

Running totals

Rolling averages

Ranking

Time-based windows

Lag/lead comparisons

Session gap calculations

Example:

Window functions are powerful but expensive:

Large memory footprint

May spill to S3 if partition size large

Should use partition keys wisely

Overuse can slow queries significantly

5 — Advanced joins and set-based operations  
Athena supports:

Multi-way joins

Anti-joins (NOT EXISTS, LEFT ANTI JOIN)

Semi-joins (IN / EXISTS)

FULL OUTER JOIN

CROSS JOIN (use cautiously)

SELECT

  user_id,

  ts,

  amount,

  SUM(amount) OVER (PARTITION BY user_id ORDER BY ts RANGE BETWEEN INTERVAL '1' DAY 

PRECEDING AND CURRENT ROW)

    AS rolling_24h_sum

FROM payments;
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Nested subqueries inside join conditions

UNNEST + CROSS JOIN for arrays

Examples:

UNNEST for arrays:

Complex joins are efficient if:

Dimension tables are small

Fact tables are columnar

Filters applied early

Keys have compatible types

6 — Time-series analytics and event processing  
Athena is frequently used for:

Log analytics

Security events

IoT data

Clickstreams

Application telemetry

Common time-series SQL patterns:

Date truncation:  

SELECT *

FROM orders o

LEFT ANTI JOIN refunds r

ON o.order_id = r.order_id;

SELECT user_id, elem

FROM events

CROSS JOIN UNNEST(event_array) AS t(elem);

SELECT date_trunc('hour', event_time), count(*)

FROM logs

GROUP BY 1;
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Windowed aggregations:  

Session windows:  

Histogram bucketing:  

Gap detection (event dropouts):  

These patterns are critical for operational analytics.

7 — Sessionization, funnel analysis, and behavioral 
analytics

 

Athena can power behavioral analytics such as:

User journeys

Marketing funnels

Click paths

Abandon flows

Multi-step success sequences

Sessionization example:

avg(value) OVER (PARTITION BY device_id ORDER BY ts ROWS 10 PRECEDING)

ts - lag(ts) OVER (PARTITION BY user_id ORDER BY ts)

SELECT width_bucket(latency_ms, 0, 2000, 20) AS latency_bucket, count(*)

SELECT *

FROM (

  SELECT user_id, ts,

         ts - lag(ts) OVER (PARTITION BY user_id ORDER BY ts) AS gap

  FROM events

)

WHERE gap > interval '10' minute;
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Funnel analysis:

Windowing + arrays make Athena suitable for advanced analytics.

8 — ETL-style SQL transformations in Athena  
Many ETL workloads can run directly in Athena:

CTAS (CREATE TABLE AS SELECT)  

Usage:

Format conversion (CSV → Parquet)

Partitioning

Filtering large datasets

Deduplication

Pre-aggregation

SELECT *,

  SUM(is_new_session) OVER (PARTITION BY user_id ORDER BY ts) AS session_id

FROM (

  SELECT *,

     CASE

       WHEN ts - lag(ts) OVER (PARTITION BY user_id ORDER BY ts) > interval '30' minute

       THEN 1

       ELSE 0

     END AS is_new_session

  FROM clicks

);

SELECT user_id

FROM events

WHERE event IN ('view','add_to_cart','checkout','purchase')

GROUP BY user_id

HAVING array_agg(event ORDER BY ts)

        LIKE ARRAY['view','add_to_cart','checkout','purchase'];

CREATE TABLE new_parquet_table

WITH (format='PARQUET', partitioned_by=ARRAY['dt'])

AS

SELECT * FROM raw_json_table;
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INSERT INTO (incremental ETL)  

ETL in Athena works well for:

Medium-scale pipelines

Data enrichment

Partial transformations

Snapshot extraction

Less suitable for:

Very large joins (better on EMR or Glue Spark)

Complex multi-stage workflows

Heavy window-function pipelines

9 — High-cardinality aggregations and approximate 
functions

 

Athena supports high-cardinality operations like:

Distinct counts

Cardinality estimations

Percentile calculations

Histogram calculations

But these are expensive at scale.

Trino-style approximate functions help:

Advantages:

Faster

Lower memory

Less spill

Less shuffle

Enterprises often use approximations for dashboards and exploratory workloads.

INSERT INTO target_partitioned_table

SELECT * FROM staging WHERE dt='2025-11-25';

SELECT approx_distinct(user_id) FROM events;

SELECT approx_percentile(latency, 0.95) FROM logs;

af://n3178
af://n3199
af://n3225


10 — SQL anti-patterns that hurt performance in Athena  

Avoid:  

SELECT *

Casting partition columns ( date(dt) )

Large unbounded ORDER BY

Multi-way joins without filtering

Cross joins without need

Window functions on unpartitioned datasets

Repeated JSON parsing

Columns of type VARCHAR instead of rich types

Excessive subqueries where flattening is simpler

These patterns trigger:

High S3 scan cost

Heavy shuffles

Massive spill

Long execution time

Unnecessary resource usage

Avoiding these ensures Athena stays fast and predictable.

12. How does Athena connect and operate 
with Iceberg, Hudi, and Delta Lake tables?

 

(Depth level: ~50× — deeper, more layered, more architectural detail than Q1–Q11.)

This question explains how Athena interacts with modern table formats (Iceberg, Hudi, Delta) that provide 
metadata layers, ACID semantics, schema evolution, time-travel, and efficient file pruning.

These formats fundamentally change how the Athena planner identifies files to scan, how snapshots are 
resolved, how deletes/updates are handled, and how auxiliary metadata (manifests, commit logs, delta logs) 
drives query efficiency and correctness.

We structure the explanation into the following extended subtopics:

1 — Why new table formats exist (limitations of the traditional S3 + Glue model)

2 — The architectural role of metadata layers in table formats

3 — How Athena integrates with Apache Iceberg (native support)

4 — Deep internals: Iceberg metadata → manifests → file pruning → snapshot planning

5 — How Athena queries Apache Hudi tables (copy-on-write and merge-on-read behavior)
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6 — How log-structured metadata and compaction affect Hudi query performance

7 — How Athena queries Delta Lake tables using the open Delta manifest mode

8 — Differences in ACID behavior across Iceberg, Hudi, and Delta Lake from Athena’s perspective

9 — Performance implications: predicate pushdown, manifest pruning, incremental planning

10 — Enterprise design strategies: choosing the right table format for Athena workloads

1 — Why new table formats exist (limitations of classic S3 + 
Glue + Parquet layout)

 

Traditional Athena tables (Glue + S3 folder partitioning) suffer from:

No ACID transactions

No atomic multi-file writes

No row-level deletes or updates

Heavy metadata load in Glue for large partition sets

No reliable time-travel

Manual compaction requirements

Hard partition evolution (dt=YYYY-MM-DD cannot easily change to dt=YYYY/MM/DD/HH)

Slow planning for huge directory trees

Poor handling of schema evolution beyond simple column addition

No snapshot isolation

Large enterprise datasets easily hit tens of thousands to millions of partitions in Glue, making planning slow.

This led to table formats that introduce a new abstraction layer on top of S3:

A metadata tree

A transaction log

A snapshot reference layer

Optional manifest lists

Optional delta logs

Athena integrates with these formats by reading metadata before scanning data.

2 — The architectural role of metadata layers in table 
formats

 

All modern table formats share the following architectural principles:

Metadata defines the table, not the folder structure

Snapshots represent consistent table states

Manifests describe which data files belong to which snapshots
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Metadata pruning allows skipping entire files without S3 prefix crawling

ACID semantics ensure isolation and correctness

Partition evolution without reorganizing all data

Schema evolution without rewriting historical data

Efficient reads through metadata, not directory traversal

In other words:

They turn an S3 bucket into a logical database table with transaction semantics and scalable metadata.

3 — How Athena integrates with Apache Iceberg (native 
support)

 

Athena has first-class, native integration with Iceberg:

You create Iceberg tables using Athena SQL

Athena writes Iceberg metadata to S3

Glue Data Catalog stores table pointer → Iceberg metadata root

Athena uses Iceberg’s snapshot files to plan queries

Iceberg supports CTAS and INSERT INTO directly in Athena

Athena can read Iceberg V1/V2 table formats

Iceberg tables look like:

Key: Glue holds top-level metadata reference.

Actual table logic is inside the S3 Iceberg metadata tree.

3.1 Full internal Iceberg metadata hierarchy (Athena-relevant)  

Iceberg stores:

metadata.json → the root table metadata file

snapshots/ → list of snapshots

manifests/ → files tracking groups of data files

CREATE TABLE lake.sales_iceberg (

    user_id bigint,

    amount double,

    ts timestamp,

    region string

)

PARTITIONED BY (bucket(16, user_id))

LOCATION 's3://lake/sales_iceberg/'

TBLPROPERTIES ('table_type'='ICEBERG', 'format'='PARQUET');
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data/ → Parquet/ORC files

Athena reads metadata.json to determine:

Current snapshot

Schema

Partition spec

Properties

Manifest lists used in the snapshot

Then Athena reads manifest lists to find relevant manifests.

Then Athena reads manifests to determine which data files must be scanned.

No Glue partition crawling required.

4 — Deep internals: Iceberg metadata → manifests → file 
pruning → snapshot planning

 

4.1 Snapshot resolution  

Athena loads:

current-snapshot-id  from metadata.json

Corresponding snapshot file

Manifest lists referenced in that snapshot

Each snapshot is an atomic view of the table.

This removes S3 inconsistency issues entirely.

4.2 Manifest filtering  

Each manifest contains:

File path

Partition tuple values

Column-level stats (min/max/null count)

File-level row counts

Metrics enabling predicate pruning

Field IDs (schema evolution friendly)

Athena evaluates query predicates against manifest statistics, pruning manifests that contain no matching 
rows.
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4.3 File-level pruning  

Inside each manifest, Athena prunes at the file level:

If file stats say column amount  has min=100, max=200

And query filter is amount < 50

Athena skips the file entirely

4.4 Row-group skip  

Athena further applies Parquet/ORC logic:

Skip row groups

Read only columns needed

Leverage SSD-like S3 parallel range-reads

Thus Iceberg → Athena pipeline eliminates:

Listing buckets

Reading partition directories

Glue partition metadata scaling issues

Performance improves dramatically with large datasets.

5 — How Athena queries Apache Hudi tables (copy-on-
write and merge-on-read)

 

Athena supports Hudi via the Hive connector.

Hudi tables come in two variants:

Copy-on-Write (CoW)  

Data files rewritten on update

Data files always consistent

Read path is simpler

Higher write cost

Better for analytics with frequent read workloads

Merge-on-Read (MoR)  

Base Parquet files + delta logs

Log files contain incremental updates

Reads must merge base + delta

Athena reads:

Base files
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Hudi delta log files (.log)
Merge logic happens in the reader

Faster writes, more complex reads

Hudi tables maintain:

.hoodie  metadata folder

Commit timeline

Delta logs

Base file references

Athena resolves:

Latest commit

Active file slices

Delta log sequence

Combined view of records

This allows updates/deletes but may increase read latency.

6 — How log-structured metadata and compaction affect 
Hudi query performance

 

In Hudi MoR tables:

Data is accumulated in delta logs

Too many delta logs = slow reads

Frequent merges/compaction needed

Hudi compaction rewrites:

Old base files + delta logs → new optimized base files

Athena queries become much faster afterward

Much less CPU work during read phase

Lower S3 I/O

Lower deserialization overhead

Enterprises usually:

Run compaction jobs nightly

Use clustering to reorganize files

Keep delta logs small

This improves Athena compatibility significantly.
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Feature Iceberg Hudi Delta (manifest)

ACID Writes Full (snapshots)
Full
(timeline)

External (Spark)

Deletes
Yes (pos
deletes)

Yes Yes (Spark writes)

Updates Yes Yes Yes (via Spark)

Time Travel Yes (snapshots)
Yes
(timeline)

Limited (through commit-id manifest
recreation)

Partition Evolution Excellent Limited Limited

Schema Evolution Strong Moderate Moderate

7 — How Athena queries Delta Lake tables using the open 
Delta manifest mode

 

Delta Lake support in Athena is not direct, but possible through:

Delta manifest files

Converting Delta metadata into Hive-compatible manifests

Glue Catalog referencing Parquet files produced by Delta

The open Delta manifest mode generates:

A Parquet file list

A static snapshot view

No ACID enforcement directly by Athena

No direct Delta log execution in Athena

No merge operations in Athena

In this mode, Athena sees:

Parquet files

Partition specs

Table snapshots represented as static manifests

This enables analytical reads, but:

Athena cannot use Delta features like OPTIMIZE, VACUUM, MERGE directly

ACID semantics happen in the producing system (Databricks/Spark)

Athena sees only a frozen view of data

8 — Differences in ACID behavior across Iceberg, Hudi, and 
Delta from Athena’s perspective
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Feature Iceberg Hudi Delta (manifest)

Athena Native
Support

Best Good Partial

Iceberg is the best match for Athena’s design philosophy.

9 — Performance implications: predicate pushdown, 
manifest pruning, incremental planning

 

Modern table formats significantly improve Athena’s performance because:

Manifest pruning eliminates most files before scanning

Column stats skip entire files

Snapshot planning replaces S3 prefix listing

Partition evolution enables flexible schema growth

Row-level deletes prevent reading stale files

Incremental planning means faster queries on large tables

For extremely large datasets (billions of objects, petabytes of storage), Iceberg/Hudi/Delta are essential to 
avoid:

Slow “list objects” operations

Huge Glue partition counts

Inconsistent metadata

Schema drift issues

10 — Enterprise design strategies: choosing the right table 
format for Athena workloads

 

Choose Iceberg when:  

You want native Athena integration

You want rich schema evolution

You need time travel

You want automatic pruning through manifests

You want ACID without external tools

You want stable, scalable metadata

You want partition evolution flexibility

Best choice for Athena-first data lakes.
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Choose Hudi when:  

You have heavy streaming ingest

You need incremental upserts

You want MoR tables with cheap updates

You prefer a log-structured layout

You have ETL pipelines rewriting data frequently

Works well, but requires compaction tuning.

Choose Delta Lake (manifest mode) when:  

You run Delta pipelines externally (Databricks, Spark)

You occasionally need Athena to read data

You don’t need native ACID in Athena

You can accept a “snapshot-only” view

Not ideal for Athena-centric systems.

In short:

Iceberg → best native experience

Hudi → best for streaming/upsert pipelines

Delta → best when Spark/Databricks already manages ACID and Athena is just consuming

13. How does Athena ensure data security, 
encryption, governance, and enterprise-grade 
compliance?

 

(Depth level: ~50× — deeper and more layered than Q1–Q11.)

In this question we treat Athena not just as a query engine but as a security-aware analytics layer sitting on 
top of a governed data lake. Athena itself does not own the data; it reads from and writes to S3, relies on Glue 
Catalog / Lake Formation for metadata and permissions, and pushes logs and audit trails into CloudTrail 
and CloudWatch. Security in Athena is therefore a composition of multiple AWS services: IAM, S3, KMS, Lake 
Formation, Glue, networking (VPC/PrivateLink – next question), and logging.

We’ll break the explanation into:

1 — Security model overview: “Athena never acts alone”

2 — Identity and access management with IAM and principals

3 — S3-level security: buckets, policies, and data access paths

4 — Encryption at rest: source data, query results, and spill data
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5 — Encryption in transit: TLS and service-to-service communication

6 — Governance via AWS Lake Formation and fine-grained access control

7 — Column-level, row-level, and tag-based access patterns

8 — Logging, auditing, and traceability (CloudTrail, CloudWatch, S3 access logs)

9 — Multi-account, multi-team governance and compliance structures

10 — Enterprise patterns for secure, compliant Athena deployments

1 — Security model overview: “Athena never acts alone”  
The key to understanding Athena’s security is this: Athena does not store the data, and it does not own the 
primary permissions.

Instead:

Data lives in S3 buckets.

Schemas and metadata live in Glue Data Catalog (and optionally Lake Formation).

Access control is enforced by IAM and optionally Lake Formation.

Encryption is handled by S3 + KMS.

Query results and spill also live in S3.

Network security uses VPC, PrivateLink, endpoints (covered in Q14).

Audit and logs are handled by CloudTrail and CloudWatch.

So Athena’s security posture is basically:

“I will only read what IAM + S3 policies + Lake Formation + KMS allow me to read, and I will only expose 
results to the principal (user/role) that is properly authenticated.”

This means that if S3 and IAM are misconfigured, Athena can read too much, and if they are tightly 
configured, Athena becomes strongly locked down.

2 — Identity and access management with IAM and 
principals

 

Every Athena query runs on behalf of an IAM principal:

IAM user

IAM role (e.g., from an assumed role, federated identity, SSO session)

Service role (for automated systems, pipelines, BI tools)

IAM controls:

Who can call Athena APIs ( StartQueryExecution , GetQueryResults , etc.).

Which workgroups a principal can use.

Which S3 buckets they can read or write.

af://n3703
af://n3726


Which Glue databases/tables they can access (if Lake Formation not used).

Which KMS keys can be used to decrypt/encrypt data.

Typical IAM policy layers:

Athena permissions: athena:*  or more restricted operations.

S3 access permissions: s3:GetObject , s3:ListBucket , s3:PutObject  for specific buckets.

Glue permissions: glue:GetDatabase , glue:GetTable , glue:GetPartitions .

KMS permissions: kms:Decrypt , kms:Encrypt , kms:GenerateDataKey .

Highest-level rule: Even if Athena is allowed, S3 permission must also allow access. If either side denies, 
the query fails.

This ensures defense in depth: IAM + S3 must agree for access to succeed.

3 — S3-level security: buckets, policies, and data access 
paths

 

Because Athena reads and writes only to S3, S3 forms the core security boundary for data:

Data buckets  

Store raw and processed data (Parquet, ORC, etc.).

Controlled by bucket policies + IAM.

Often restricted to a small number of data-lake roles.

Result buckets  

Store query outputs (CSV/Parquet result files).

Must be writable by Athena on behalf of the user/role.

Sometimes kept in separate “result-only” buckets for auditing and cleanup.

Spill buckets  

Temporary storage for intermediate data when queries spill.

Must be accessible by Athena workers using S3 + KMS (if encrypted).

Should be tightly controlled and monitored.

S3 policies can:

Restrict access to certain IAM roles only.

Require encryption for writes.

Require specific prefixes (e.g., analytics/production/ ).

Deny access from outside specific VPC endpoints.

Deny public access entirely (best practice).

Athena’s ability to read any data is therefore bounded by S3 policies + IAM.
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4 — Encryption at rest: source data, query results, and spill 
data

 

Athena interacts with several S3 locations where encryption matters:

1. Source data encryption

Data may be encrypted with:

SSE-S3 (S3-managed keys)

SSE-KMS (AWS KMS customer-managed keys)

CSE-KMS or client-side encryption.

For SSE-KMS, the IAM role running the Athena query must have permission to use the KMS key 
( kms:Decrypt ).

2. Query result encryption

Workgroup settings or per-query configuration can specify:

SSE-S3 or SSE-KMS encryption for result files.

This ensures even query outputs stay protected at rest.

3. Spill data encryption

When Athena spills intermediate data (joins, aggregations, sorts), spill files are written to S3.

These also follow configured encryption policies (often SSE-KMS).

4. Glue Data Catalog encryption

Catalog information itself is configuration-level; sensitive data is usually in S3, but you can encrypt 
Glue metadata as well.

Enterprise pattern:

Use KMS CMKs (Customer Managed Keys) for all sensitive data buckets.

Use key policies to limit which Athena workgroups and roles can use each CMK.

Enforce encryption via S3 bucket policies and workgroup settings.

This ensures end-to-end encryption-at-rest from raw data to results to intermediate spill.

5 — Encryption in transit: TLS and service-to-service 
communication

 

AWS services including Athena and S3 communicate over:

TLS (HTTPS) for data in transit.

Clients connect to Athena endpoints via HTTPS.

Athena connects to S3 using secure, internal AWS network paths, also encrypted.

When you use JDBC/ODBC drivers or console:

Communication from your client → Athena is protected with TLS.
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Result sets and metadata are encrypted while travelling.

Internal routing is not exposed publicly in most cases; it’s fronted by regional endpoints.

For more locked-down environments (see Q14):

Access can be kept within a VPC using PrivateLink / VPC endpoints, still over TLS.

This creates a secure perimeter with no direct internet path.

6 — Governance via AWS Lake Formation and fine-grained 
access control

 

Without Lake Formation, Athena only sees Glue table-level metadata + S3-level permissions. You can restrict 
entire tables/databases, but not easily:

Individual columns

Individual rows

Tagged data subsets

Lake Formation extends governance by:

Taking ownership of Glue Catalog permissions.

Defining access policies at:

Database level

Table level

Column level

Row-level (data filters)

Tag-based resource level

When Athena runs a query in a Lake Formation-enabled environment:

The user’s IAM principal is mapped to a Lake Formation identity.

Lake Formation evaluates whether the user can:

Access the table

See specific columns only

View only rows matching a filter (e.g., country = 'IN' )

Athena’s query planner is rewritten accordingly:

Columns removed where not permitted.

Row filters injected into WHERE clause implicitly.

Important:

This enforcement occurs during planning, before the query hits the worker layer.

This allows things like:

Masking PII columns (e.g., show only hashed email).

Providing region-specific access (India analysts see only Indian data).
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Enforcing regulatory boundaries (e.g., GDPR, HIPAA constraints).

All without copying data into separate S3 buckets.

7 — Column-level, row-level, and tag-based access patterns 
With Lake Formation + Athena, three powerful governance dimensions emerge:

Column-level security  

Only allow access to certain columns.

Example:

Finance analysts can see amount , date , merchant  but not card_number .

Implementation:

Lake Formation defines column grants.

Athena sees an altered projection list for that principal.

Row-level security  

Filter rows by attributes such as region, tenant, classification.

Example:

WHERE region = 'APAC'  automatically applied for some users.

Multi-tenant SaaS: each customer role sees only its own tenant_id .

Tag-based access control  

Tables and columns tagged with classifications (e.g., PII , CONFIDENTIAL ).

Policies grant or deny access to these tags.

Example:

Data scientists may read ANONYMIZED  data but not RAW_PII .

Athena never sees unauthorized data because the plan itself is rewritten before execution.

8 — Logging, auditing, and traceability (CloudTrail, 
CloudWatch, S3 access logs)

 

For compliance, enterprises must know:

Who queried what data

When

From where

Using which principal

And what was returned (in aggregate, at least)
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Athena supports auditability via:

1. CloudTrail

Logs every Athena API call:

StartQueryExecution , GetQueryResults , GetQueryExecution , etc.

Includes principal ARN, source IP, time, region, request parameters.

2. CloudWatch Logs

Athena can send query execution logs to CloudWatch:

Query text (optional, must be handled carefully for PII)

Execution status (SUCCEEDED/FAILED/CANCELLED)

Runtime metrics

Allows building dashboards of slow/failed/expensive queries.

3. S3 Access Logs / CloudTrail for S3

Shows when Athena (via role) read certain objects.

Helps reconstruct which subsets of data were accessed by who, when.

4. Glue / Lake Formation Logs

Govern who changed schemas, permissions, table definitions.

Tracks metadata changes impacting security.

Security/compliance teams often build:

Automated alerts for unusual query patterns.

Reports of who accessed sensitive tables.

Dashboards by data classification category.

9 — Multi-account, multi-team governance and compliance 
structures

 

In large organizations, Athena is rarely used in a single account with a few roles. Instead:

Multiple AWS accounts for:

Production

Development

Data science sandboxes

Shared data lake

Security analytics

Centralized data lake account hosts S3 buckets and Lake Formation policies.

Other accounts access data via:

Lake Formation data sharing

Cross-account IAM roles
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Resource Access Manager (RAM)

Athena participates as:

A regional query engine in the consuming account.

Permissions flow:

User/role in consumer account → cross-account role → Lake Formation in producer account → 
S3 + KMS access.

Compliance outcomes:

Centralized control of sensitive datasets.

Local autonomy for teams to run queries.

Logs aggregated centrally for enterprise SOC/compliance teams.

Separation of duties (data owners vs data consumers vs platform team).

10 — Enterprise patterns for secure, compliant Athena 
deployments

 

Putting it all together, a typical secure enterprise Athena architecture looks like:

+--------------------------------------------------------------+

|                    Enterprise Identity (SSO)                 |

|             (Users, Groups, Federated Roles)                 |

+---------------------------+----------------------------------+

                            |

                            v

+--------------------------------------------------------------+

|                     IAM Roles & Policies                     |

|  - Per-team Athena execution roles                           |

|  - Per-environment roles (dev/test/prod)                     |

|  - Fine-grained KMS permissions                             |

+---------------------------+----------------------------------+

                            |

                            v

+--------------------------------------------------------------+

|                  Lake Formation + Glue Catalog               |

|  - Table/column/row-level policies                           |

|  - Tag-based governance                                      |

|  - Central schema & metadata                                 |

+---------------------------+----------------------------------+

                            |

                            v

+--------------------------------------------------------------+

|                            Athena                            |

|  - Workgroups with cost & encryption policies                |

|  - Query planning with LF enforcement                        |

|  - Serverless execution (no clusters)                        |

+---------------------------+----------------------------------+

                            |
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Key enterprise practices:

1. All data encrypted at rest with KMS CMKs.

2. No public S3 buckets; all access via IAM/Lake Formation.

3. Lake Formation used for fine-grained access, especially for PII.

4. Athena workgroups separated by environment/team with enforced result locations and encryption.

5. Private connectivity to Athena and S3 (VPC endpoints/PrivateLink) for sensitive environments.

6. Centralized logging (CloudTrail, CloudWatch, S3 access logs) feeding into a security analytics system 
(often Athena itself or OpenSearch/SIEM).

7. Strict change management for Glue schemas, Lake Formation policies, and S3 bucket policies.

8. Regular audits and tests for least-privilege and data isolation requirements.

When implemented correctly, Athena can be used for sensitive workloads (including regulated industries) 
while leveraging the full flexibility of a serverless data lake.

14. How does Athena integrate with VPC, 
PrivateLink, and network-level security 
controls?

 

(Depth level: ~50× — extended, multi-layered architecture insight.)

Athena is a regional serverless service, but enterprises often require strict network boundaries: “No Internet 
paths,” “No public endpoints,” “All data movement must stay inside the corporate VPC or private network,” and 
“All S3 access must flow through VPC endpoints.”

This question explains how Athena’s control plane and data plane interact with VPC networking, how 
PrivateLink changes the access model, how S3 VPC endpoints determine data paths, and how queries run 
inside highly locked-down enterprise environments.

We structure this into the following extended subtopics:

1 — The fundamental network model of Athena

2 — Control plane vs data plane separation

3 — How Athena communicates with S3 and Glue Catalog (network paths)

4 — Using S3 interface/gateway endpoints for private data access

5 — Using Athena + PrivateLink (Query API) for private control-plane access

                            v

+--------------------------------------------------------------+

|                      Amazon S3 + KMS                         |

|  - Raw/curated Iceberg/Parquet tables                        |

|  - Encrypted buckets (SSE-KMS)                               |

|  - Result and spill buckets                                  |

+--------------------------------------------------------------+
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6 — VPC-restricted access to workgroups and result buckets

7 — Restricting S3 buckets to only VPC endpoints (no public access)

8 — Lake Formation + networking: private metadata access

9 — Network path for spill and result data inside private architectures

10 — Enterprise reference patterns for private, compliant Athena deployments

1 — The fundamental network model of Athena  
Athena is a regional serverless service composed of two main components:

Control Plane

(API endpoint, query planner, workgroup manager, authentication, metadata fetch)

Data Plane

(worker fleet that reads/writes S3 and executes distributed query tasks)

Athena’s back-end worker nodes:

Do not run inside your VPC

Are internal AWS-managed compute infrastructure

Communicate with S3 over private AWS network fabric, not public internet

Are not addressable or directly reachable by customers

Athena itself never enters your VPC, but you can pull Athena closer to your VPC using PrivateLink + VPC 
endpoints so that your traffic never leaves the private network.

2 — Control plane vs data plane separation  

Control Plane:  

API calls: StartQueryExecution , GetQueryResults , etc.

Planner and coordinator operations

IAM authentication

Workgroup enforcement

Glue Catalog lookups

Data Plane:  

Distributed execution

S3 scanning

Range GET operations

Spill writes and reads

Worker coordination
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PrivateLink works only for the Control Plane.

The Data Plane never enters your VPC, but it uses the AWS internal network (not public internet) to reach S3.

Understanding this separation is essential to building secure architectures.

3 — How Athena communicates with S3 and Glue Catalog 
(network paths)

 

Athena always accesses S3 using AWS internal backbone paths, not the open internet.

Even if you do nothing, Athena reads/writes S3 securely.

However, your client (developer machine, EC2, on-prem, VPC app) might use a public Athena endpoint unless 
PrivateLink is used.

Glue Catalog metadata is fetched through secure, internal AWS control-plane channels.

If your Athena workgroup uses Lake Formation, metadata access is also enforced by LF checks.

Thus communication paths are:

No direct exposure to public internet for data plane operations.

4 — Using S3 interface/gateway endpoints for private data 
access

 

If your workloads run inside a VPC and you want all S3 traffic to stay inside AWS’s private network, you 
create:

S3 Gateway Endpoint

(best for most VPC-to-S3 traffic, highly scalable, no cost)

OR

S3 Interface Endpoint

(rarely needed, only for specific patterns)

Athena workers read S3 through AWS’s internal fabric either way.

But VPC applications (EC2, Lambda, ECS, EMR, JDBC clients) read query results via:

S3 VPC endpoint

TLS private routes

No public internet path

Restricted bucket policies (block non-endpoint access)

Client → Athena (Public or PrivateLink)

Athena Control Plane → Glue (internal)

Athena Data Plane → S3 (internal)
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Enterprises lock down S3 buckets to:

This guarantees:

Only private VPC clients read result files

No public access

No internet egress required

5 — Using Athena + PrivateLink (Query API) for private 
control-plane access

 

By default, calling Athena’s APIs hits the public regional endpoint:

If you want these calls to remain entirely inside the private VPC:

Create a VPC Interface Endpoint (AWS PrivateLink) for Athena

Configure JDBC/ODBC/SDK/CLI apps to use the private DNS name

All traffic stays inside VPC

No internet gateway/NAT required

PrivateLink benefits:

Private API access (no public endpoint exposure)

No routing through internet

No risk of accidental public API usage

Better compliance for regulated workloads

6 — VPC-restricted access to workgroups and result 
buckets

 

Enterprises often enforce rules:

Athena workgroups must output results to private S3 buckets

Buckets must allow access only from VPC endpoint

Workgroup-level encryption must be KMS-enabled

No public access or external buckets

Restrict which roles can query specific workgroups

aws:sourceVpce = vpce-xxxx

aws:sourceVpc  = vpc-xxxx

athena.<region>.amazonaws.com
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This ensures:

1. Control plane isolation (via PrivateLink)

2. Data plane isolation (via S3 VPC endpoints)

3. Result isolation (result bucket access restricted to specific VPCs/roles)

4. Spill isolation (spill buckets also controlled via endpoint policies)

7 — Restricting S3 buckets to only VPC endpoints (no public 
access)

 

This is a powerful pattern for security-sensitive teams.

Bucket policy:

Consequence:

Only traffic routed through the VPC endpoint can access objects

Athena (running in AWS internal fabric) still has access

But clients must come from VPC → S3 endpoints

This blocks public and unintended access paths completely

This pattern is used by:

Banks

Telecom

Healthcare

Government

Global enterprise data lakes

{

  "Effect": "Deny",

  "Principal": "*",

  "Action": "s3:*",

  "Resource": [

    "arn:aws:s3:::my-secure-bucket",

    "arn:aws:s3:::my-secure-bucket/*"

  ],

  "Condition": {

    "StringNotEquals": {

      "aws:sourceVpce": "vpce-12345678"

    }

  }

}

af://n4262
af://n4289


8 — Lake Formation + networking: private metadata 
access

 

When Lake Formation governs the Glue Catalog:

Metadata is accessed internally

Permissions are enforced inside AWS backbone

PrivateLink acts as the client → Athena entry point

S3 endpoints act as client → S3 result path

No data or metadata flows through the public internet at any stage

Lake Formation works seamlessly with:

PrivateLink Athena

VPC endpoints to S3

Cross-account metadata sharing

Column-level and row-level permissions

The combination forms a fully private analytics environment.

9 — Network path for spill and result data inside private 
architectures

 

When Athena performs large joins, aggregations, or window functions:

Workers may spill intermediate data to S3

Spill buckets should be:

Encrypted (SSE-KMS)

Private (restricted to VPC endpoint access if needed)

Monitored

Result buckets follow the same pattern.

This ensures:

Internal AWS traffic handles computation

VPC traffic handles result consumption

All paths remain private, inspected, governable

Athena workers  → S3 internal network (spill and results)

VPC clients     → S3 via VPC endpoint
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10 — Enterprise reference architecture: fully private, 
locked-down Athena

 

This is the gold-standard enterprise security pattern:

All control-plane traffic is private (PrivateLink)

All data-plane ingestion is private (S3 endpoints + bucket policies)

Lake Formation governs metadata and column/row-level access

S3 buckets enforce private-only access

KMS enforces encryption

Auditing is centralized

No internet path exists at any point

This satisfies strict compliance frameworks like:

PCI-DSS

SOC2

HIPAA

GDPR

+---------------------------------------------------------------+

|                        Corporate VPC                          |

|                                                               |

|  +----------------------+      +---------------------------+   |

|  |   EC2 / Lambda /     | ---> | VPC Endpoint: Athena     |   |

|  |   BI Tools / Apps    |      | (PrivateLink)            |   |

|  +----------------------+      +---------------------------+   |

|             |                                         |       |

|             v                                         v       |

|  +----------------------+      +---------------------------+   |

|  | VPC Endpoint: S3     | ---> | Result & Spill Buckets   |   |

|  +----------------------+      | (SSE-KMS, private only)  |   |

|                                                               |

+---------------------------------------------------------------+

                |                       ^

                v                       |

      +-----------------+         +-----------------+

      | Athena Control  | <-----> | Glue / LakeForm |

      | Plane (Private) |         +-----------------+

      +-----------------+                  |

                |                          |

                v                          v

      +-------------------------------------------+

      |     Athena Distributed Data Plane         |

      |     (AWS internal infrastructure)         |

      |     Reads/writes S3 through AWS fabric    |

      +-------------------------------------------+
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FedRAMP (in GovCloud)

15. How does Athena support monitoring, 
logging, observability, and operational 
insights?

 

(Depth level: ~50× — extended explanation, multi-layered mechanisms, deeper internals.)

Athena is a serverless, distributed query engine, which means you don’t manage the cluster, but you still need 
deep visibility into performance, failures, cost, security, scanning behavior, and resource consumption. 
Monitoring Athena is therefore about observing:

Query-level metrics

Workgroup-level metrics

S3 access patterns

Glue metadata usage

CloudTrail logs

CloudWatch logs

Internal spill indicators

Bytes scanned trends

Worker-level distributed execution insights (indirect but inferable)

This question explains every monitoring path Athena exposes and how enterprises build observability 
pipelines around it.

We divide the explanation into:

1 — The four pillars of Athena observability

2 — CloudWatch Metrics for Athena (workgroup-level)

3 — CloudWatch Logs for Athena (query metadata and execution details)

4 — CloudTrail for auditing query operations

5 — S3 access logs and request metrics for read/write behavior

6 — Glue Catalog logs for metadata access and failures

7 — Understanding spill patterns and how to detect memory pressure

8 — Query-level performance diagnosis and troubleshooting

9 — Cross-service monitoring architecture (CloudWatch dashboards + Athena-based meta-analysis)

10 — Enterprise operational best practices for large Athena environments
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1 — The four pillars of Athena observability  
Athena exposes visibility through four channels:

1. CloudWatch Metrics

– High-level numeric indicators (bytes scanned, runtime, failures

– Workgroup-scoped metrics

2. CloudWatch Logs

– Query-level diagnostic logs

– Planner/executor-level metadata

– Error details

3. CloudTrail Logs

– Records every Athena API call

– Who ran what

– When, from where, using which role

4. S3 Access Logs / Server Access Logging

– Shows which S3 objects were read/written

– Provides actual object-level traceability

Combined, these offer a deep view into operational behavior.

2 — CloudWatch Metrics for Athena (workgroup-level)  
CloudWatch Metrics provide quantitative indicators at workgroup granularity:

Key metrics include:  

EngineExecutionTime

Duration of actual query execution time (excludes queued time).

ProcessedBytes

Total bytes scanned by the query.

QueryPlanningTime

Time spent parsing, planning, optimizing.

QueryQueueTime

Time spent waiting because concurrency limit reached.

ServiceProcessingTime

Total time Athena took to process the request.

TotalExecutionTime

End-to-end runtime from submit → finish.

FailedQueryCount / SuccessfulQueryCount
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For operational health.
ThrottledQueries

If concurrency is too low or limits reached.

DataScannedPerWorkgroup

For cost monitoring.

Why these metrics matter:  

EngineExecutionTime + ProcessedBytes tells you how efficiently queries scan data.

QueryQueueTime indicates under-provisioned workgroups or too many users.

ThrottledQueries signals misconfigured concurrency limits.

ProcessedBytes aggregated daily indicates cost trends.

Enterprises build CloudWatch dashboards like:

Cost per team (per workgroup)

Slowest queries

Largest queries

Concurrency saturation

Error rate spikes

3 — CloudWatch Logs for Athena (query metadata and 
execution details)

 

Athena supports logging query info to CloudWatch Logs:

Logs include:  

Query string (optional, sensitive)

Query execution ID

Workgroup

Engine version

Bytes scanned

Runtime

State (SUCCEEDED/FAILED/CANCELLED)

Error messages

User/role

Output location

These logs help with:

Troubleshooting failed queries

Tracking query evolution over time
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Identifying slow-performing SQL

Detecting accidental full-table scans ( SELECT * FROM big_table )

Understanding workload type (ETL vs analytics vs ad-hoc)

Large enterprises create dashboards to identify:

Repetitive expensive queries

Queries scanning too many columns

Teams violating performance/cost standards

Trends in workload types over time

4 — CloudTrail for auditing query operations  
CloudTrail is used for security and audit, not performance.

For every query, CloudTrail logs:

StartQueryExecution

GetQueryExecution

GetQueryResults

StopQueryExecution

The IAM principal

IP address (if public endpoint)

Source VPC endpoint ID (if PrivateLink)

Timestamp

Query ID

Workgroup used

Why this matters:

Security teams can see who accessed sensitive datasets.

SOC teams can detect unusual query patterns (exfiltration attempts).

Governance teams can track compliance (e.g., PII access).

Incident response teams can audit historical access paths.

CloudTrail + VPC endpoints can prove definitively:

Which user accessed which query

From which VPC

Using which role

This is essential for regulated industries.
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5 — S3 access logs and request metrics for read/write 
behavior

 

When Athena reads S3 data:

Worker nodes make range GET requests to S3.

S3 access logs can record these operations.

This is useful for:

Understanding actual files read by queries

Detecting inefficient file layouts

Identifying hotspots (popular partitions/files)

Troubleshooting slow S3 read performance

Monitoring spill and result writes

S3 logs catch issues like:

Too many small files

Too many partitions scanned

Unexpected S3 prefixes being read (due to bad Glue metadata)

Bucket-level throttling or request spikes

Enterprises sometimes feed S3 logs into Athena itself for self-analysis.

6 — Glue Catalog logs for metadata access and failures  
When queries use Glue Catalog:

Glue API calls can fail (throttle, permission denied, timeout)

Errors appear in Athena logs

CloudTrail logs Glue metadata operations

You can detect:

Schema drift

Missing partitions

Misconfigured SerDe

ETL pipelines not registering partitions

Crawlers overwriting metadata

Catalog issues often surface in Athena as:

“HIVE_METASTORE_ERROR”

“TABLE_NOT_FOUND”

“COLUMN_NOT_FOUND”

Schema mismatch errors
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SerDe deserialization failures

Monitoring metadata stability is crucial in data lakes with thousands of tables.

7 — Understanding spill patterns and how to detect 
memory pressure

 

Spill analysis is essential for performance tuning.

Athena spills when:

Hash tables grow too large

Window partitions hold too many rows

Sorting requires merging large fragments

JOIN SRC rows exceed memory

GROUP BY aggregates too many unique values

Although Athena does not expose internal worker memory metrics directly, you can infer spill conditions from:

Long engine execution time

High S3 read/write traffic from spill bucket

CloudWatch logs indicating spill volumes

Very large intermediate result sizes

Queries suddenly slowing down compared to baseline

Queries running faster after data compaction or better filtering

Spill patterns suggest:

Query rewrite needed

Better partitioning needed

Pre-aggregation upstream

Reduce join input size

8 — Query-level performance diagnosis and 
troubleshooting

 

When a query is slow, the troubleshooting flow is:

Step 1 — Check bytes scanned  

If bytes scanned are very high → wrong partitioning, wrong filters, or SELECT *.
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Step 2 — Check file formats  

If CSV/JSON → convert to Parquet/ORC.

Step 3 — Check data layout  

If too many small files → compact.

Step 4 — Check partition pruning  

If too many partitions scanned → fix Glue metadata / partition design.

Step 5 — Check query plan shape  

Window functions, huge joins → rewrite query.

Step 6 — Check spill behavior  

If spilling heavily → reduce cardinality or split logic.

Step 7 — Check S3 request latency  

S3 logs show slow reads → adjust file size or throughput configuration.

Step 8 — Check concurrency limits  

Queue time high → increase workgroup concurrency or split workloads.

Athena is heavily dependent on data layout → performance issues almost always flow back to S3 file structure.

9 — Cross-service monitoring architecture (CloudWatch 
dashboards + Athena-based meta-analysis)

 

Large data platforms use combined monitoring systems:

CloudWatch Dashboards  

Show high-level metrics across:

Athena workgroups

S3 throughput

Glue catalog usage

Error counts

Athena used to monitor Athena  

Teams often build a meta-monitoring table to store:

Query logs

ProcessedBytes
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ExecutionTime

Errors

User/team mapping

Query text fingerprints

Then they use Athena itself to query this meta-table.

This produces:

Top N most expensive queries

Trends in data scanned

Team-level cost attribution

SQL performance review

Partition pruning effectiveness indicators

This feedback loop leads to huge cost savings and performance improvements.

10 — Enterprise operational best practices  
Enterprises typically implement:

1. Dedicated workgroup dashboards per team

2. Alerts for:

Queries scanning > TB thresholds

Query failures

Throttling events

Non-partition-filtered queries

3. Regular query audits

4. Automated query rewriting (middleware or BI tool constraints)

5. Automated file compaction (Glue/EMR tasks)

6. Monitoring Glue metadata size and stability

7. Detecting schema drift automatically

8. S3 performance dashboards

9. Cross-account central audit logging

10. Lake Formation monitoring for governance violations

A well-monitored Athena environment detects:

Performance regression early

Rising cost trends

Misbehaving workloads

Governance violations

Schema and metadata issues
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Data layout inefficiencies

Result: lower cost, higher performance, more predictable analytics behavior across the enterprise.

16. How does Athena integrate with AWS 
services like S3, Glue, EMR, Kinesis, 
QuickSight, Lambda, and Lake Formation?

 

(Depth level: ~50× — broad, multi-layered, deeply detailed integrations.)

This question explains how Athena fits inside the broader AWS analytics ecosystem. Athena is not just a query 
engine — it is a hub that interacts with many AWS services: data ingestion tools, ETL engines, BI dashboards, 
metadata systems, governance layers, and event-driven systems.

What makes Athena powerful is that it operates directly on S3 and therefore integrates organically with almost 
every service that writes to S3.

We structure this into:

1 — Why Athena is the “center of gravity” for the S3 data lake

2 — Deep integration with Amazon S3 (Athena’s storage layer)

3 — Deep integration with AWS Glue (ETL, Crawlers, Catalog, Data Quality)

4 — Integration with EMR (Spark, Hive, Presto/Trino)

5 — Integration with Kinesis (Firehose → S3 → Athena)

6 — Integration with QuickSight (dashboards with Athena backend)

7 — Integration with Lambda (orchestration, event-driven SQL, federated queries)

8 — Integration with Lake Formation (governance, permissions, row/column-level control)

9 — Integration with Redshift Spectrum (shared external tables)

10 — Integration with other services (OpenSearch, Step Functions, Athena Federated Query)

1 — Why Athena is the “center of gravity” for the S3 data 
lake

 

In an AWS-native data platform, S3 is the central data lake, and Athena is the primary query interface to 
that lake.

Everything writes to S3 — and Athena can read all of it.

S3 receives data from:

Kinesis Firehose

Glue ETL jobs

EMR Spark
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Lambda functions

Custom ingestion pipelines

Third-party applications

SaaS connectors

Streaming ingestion

Batch ingestion

IoT analytics

Security tools

Cost and logging systems (CloudTrail, VPC Flow Logs, ALB logs)

Athena reads it all directly, without ETL into a warehouse.

This makes Athena:

Flexible

Fast to onboard

Ideal for ad-hoc analytics

Compatible with any S3 data layout

Accessible to BI tools

Thus, Athena becomes the analytic front-end of the enterprise S3 lake.

2 — Deep integration with Amazon S3 (Athena’s storage 
layer)

 

Athena integrates with S3 at multiple layers:

1. Data Access Layer

Range GET requests

Multi-part reads

High parallelism

Spill storage

Result storage

Temporary files

2. Partitioning Layer

Uses S3 folder structure

Glue stores partition mappings

Athena prunes prefixes effectively

3. Format Compatibility

Parquet, ORC, Avro

Iceberg/Hudi/Delta metadata
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CSV/JSON

Logs (CloudFront, ALB, VPC Flow Logs)
4. Access Controls

IAM policies

S3 bucket policies

S3 Access Points

KMS encryption policies

VPC Endpoint restrictions

5. Performance Characteristics

S3 throughput drives Athena performance

File size determines parallelism

S3 listing speed affects planning (non-Iceberg/Hudi formats)

Athena + S3 is essentially a distributed MPP system without dedicated storage nodes.

3 — Deep integration with AWS Glue (ETL, Crawlers, 
Catalog, Data Quality)

 

Glue provides the metadata brain and ETL pipeline for Athena.

Glue Data Catalog  

Stores table definitions

Partitions

SerDe info

Schema

Table format (Parquet/ORC/Iceberg etc.)

Integrated permissions with Lake Formation

Accessible by Athena, EMR, Redshift, and Glue simultaneously

Glue ETL  

Spark jobs convert raw data to Parquet/ORC

Enforce schema evolution rules

Compact small files

Repartition tables

Produce Iceberg or Hudi datasets

Write CTAS outputs

Register partitions during ETL

Glue ETL jobs + Athena queries = modern lakehouse workflow.
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Glue Crawlers  

Discover schema

Register partitions

Classify data

Not recommended for production (due to drift), but helpful for onboarding new datasets

Glue Data Quality (new)  

Validates schema, nulls, ranges

Prevents bad data from entering lake

Logs metrics Athena can query later

Athena uses Glue metadata on every query → they form a unified ecosystem.

4 — Integration with EMR (Spark, Hive, Presto/Trino)  
EMR is the heavy computational engine; Athena is the serverless SQL engine.

Both read/write from/to the same S3 data lake.

Shared integration paths:  

EMR Spark writes Parquet → Athena queries it

Athena CTAS writes Parquet → EMR reads it

EMR manages compaction for Hudi/Iceberg → Athena reads optimized files

Hive metastores can be migrated to Glue → Athena instantly becomes compatible

Presto/Trino on EMR use the same table definitions as Athena

Division of responsibilities:  

EMR Spark

Heavy ETL, joins on enormous fact tables, machine learning, transformations

Athena

Interactive SQL, BI dashboards, ad-hoc analysis, federated SQL

The two systems complement each other, forming a full lakehouse.

5 — Integration with Kinesis (Firehose → S3 → Athena)  
Kinesis Firehose writes streaming data to S3 in:

Parquet

ORC

JSON
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GZIP/ZIP formats

Firehose can also:

Add Hive-style partitions (dt=YYYY-MM-DD/hour=HH)

Write batch-optimized files (128MB+ Parquet)

Trigger Glue crawlers

Trigger Lambda transforms before writing

Athena then queries streaming data with minimal delay.

Typical architecture:  

If Iceberg/Hudi is used, a Firehose → Lambda → ETL pipeline can commit data to transactional table formats.

6 — Integration with QuickSight (dashboards with Athena 
backend)

 

QuickSight connects to Athena using:

JDBC/ODBC drivers via Athena endpoints

PrivateLink endpoints in private deployments

Workgroup identity separation

Query results written to S3 and streamed to BI dashboard

Athena is a popular backend for QuickSight because:

Serverless (no cluster management)

Cost-effective for dashboards

Efficient with Parquet/ORC

Supports federated SQL across sources

Scales to heavy read workloads

QuickSight caching + Athena backend = low-latency dashboards with flexible scaling.

7 — Integration with Lambda (orchestration, event-driven 
SQL, federated queries)

 

Lambda integrates with Athena in three key patterns:

Kinesis Stream → Firehose → S3 (parquet/partitioned) → Athena queries
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1 — Query orchestration  

Lambda → StartQueryExecution  → poll for results → process data → store output in S3/DB.

2 — Event-driven SQL  

Examples:

New S3 object arrives → Lambda triggers → runs Athena CTAS

Partition registration automation

Daily/hourly scheduled queries (via EventBridge → Lambda → Athena)

3 — Federated queries  

Lambda can act as:

A connector for Athena Federated Query

Querying external sources such as:

RDS

DynamoDB

CloudWatch Logs

Redis

Third-party APIs

JDBC data sources

Architecture:

This extends Athena beyond S3 into multi-source analytics.

8 — Integration with Lake Formation (governance, 
permissions, row/column-level control)

 

Lake Formation provides enterprise-grade governance:

Table-level permissions

Column-level permissions

Row-level filters

Tag-based access control

Central data sharing

Audit logs for metadata access

Multi-account governance

Athena SQL → Federation Connector (Lambda) → External System → Athena results
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Athena uses Lake Formation during planning to enforce:

Column masking

Row filtering

Permission checks

Glue stores schema; Lake Formation stores permissions.

Athena respects both before executing queries.

9 — Integration with Redshift Spectrum (shared external 
tables)

 

Redshift Spectrum and Athena share:

Glue Data Catalog metadata

S3 data lake tables

Parquet/ORC files

Iceberg tables (Redshift uses Iceberg V2; Athena supports Iceberg)

This means:

Redshift and Athena can query the same S3 datasets

Redshift for heavy SQL warehousing

Athena for ad-hoc analysis or cross-source querying

Both reuse partition layouts and columnar files

Both enforce Lake Formation permissions

Redshift Spectrum → Athena → Glue → S3 = unified lakehouse architecture.

10 — Integration with other services (OpenSearch, Step 
Functions, Federated Query, Cost Explorer, etc.)

 

OpenSearch (historical log analysis)  

Logs stored in S3 → Athena queries cold data

Logs indexed in OpenSearch → fast search for hot data

Combined analytics: search → SQL → aggregations

Step Functions  

Orchestration of:

Athena queries

Glue ETL jobs

EMR jobs
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S3 movement
Complex workflows (ELT pipelines, data validation flows)

Athena Federated Query  

Athena can query:

RDS

DynamoDB

Redis

DocumentDB

CloudWatch Logs

JDBC endpoints

Third-party APIs

On-prem databases

This makes Athena a unified SQL layer.

AWS Cost Explorer / CUR (Cost & Usage Reports)  

CUR stored in S3

Athena prebuilt queries allow cost analytics

Enterprises build cost-optimization dashboards directly with Athena

Summary: Athena is the cross-road of the 
AWS analytics ecosystem

 

Nearly every AWS service that writes data becomes queryable through Athena.

Athena, Glue, Lake Formation, S3, EMR, QuickSight, Kinesis, and Lambda form the AWS-native lakehouse 
architecture.

17. How do we optimize Athena performance 
for very large datasets, handle scaling limits, 
and design high-performance architectural 
patterns?

 

(Depth level: ~50× — large-scale execution, scanning models, file layout, operator behavior, and advanced tuning.)

Athena performance depends entirely on how efficiently the query engine can scan, skip, prune, 
vectorize, and parallelize data stored in S3. At massive scale (terabytes → petabytes), planning, I/O efficiency, 
and file layout dominate query performance.
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This question explains how Athena behaves at scale, its hidden limits, how you tune for large datasets, and the 
architectural patterns enterprises use to maintain predictable, fast performance.

We break the explanation into:

1 — The fundamentals of Athena performance: “I/O efficiency first”

2 — How Athena parallelizes work (splits, executors, and distributed stages)

3 — How file formats, size, and layout determine performance

4 — How partitions, partition pruning, and partition evolution affect speed

5 — Operator-level performance behavior (aggregations, joins, filters, sorts, windows)

6 — Understanding spill behavior and controlling memory usage

7 — Iceberg/Hudi/Delta metadata pruning and snapshot planning performance

8 — Scaling limits: concurrency, parallelism, partitions, metadata, and planning

9 — Designing for petabyte-scale workloads

10 — Enterprise performance patterns and best practices

1 — The fundamentals of Athena performance: “I/O 
efficiency first”

 

Athena is built on a distributed engine that follows these principles:

It is I/O bound, not compute bound.

Scan less → run faster → cost less.

File layout defines performance.

Columnar formats enable vectorized execution.

Skipping data is more important than processing data.

Performance is driven by:

How many bytes must be read from S3

How S3 responds (parallel throughput)

Whether partitions and manifests allow skipping files

How many row groups Parquet/ORC allows skipping

Whether schemas and types align with query predicates

Whether executors must spill intermediate data

The shape of the SQL plan (join type, window functions, etc.)

Athena performance tuning = reducing I/O + reducing spill.
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2 — How Athena parallelizes work (splits, executors, and 
distributed stages)

 

Athena divides table files into splits:

Parquet/ORC row groups → multiple splits

Large files → many splits → high parallelism

Small files → few splits → low parallelism

S3 range-reads → internal ability to parallelize per file

Parallelism depends on:

Number of files

Number of splits

File size

Compression type (splittable or not)

Partition cardinality

Query operators (some block parallelism like ORDER BY)

Athena assigns worker tasks per split:

Executors are stateless for input scans but stateful for joins/aggregations.

The more splits → the more parallelism → better performance.

3 — How file formats, size, and layout determine 
performance

 

Athena’s speed is dictated heavily by file layout.

Columnar formats outperform row-based formats  

Parquet / ORC → 10×–100× speedup

JSON / CSV → slow, full-scan

Optimal file size  

128 MB – 1 GB Parquet

Too small → too many S3 GETs

Too large → fewer row groups → poorer pruning

Right-sized → optimal parallel scanning

File → Row Groups → Splits → Worker Tasks → Parallel Execution
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Row groups / stripes  

Parquet row groups ~64–512 MB

ORC stripes similar

More row groups = better pruning

Larger row groups = fewer parallel tasks

File compaction  

Essential for performance

Small-file compaction improves:

S3 throughput

Parallelism

Planner overhead

Spill behavior

Poor layout = slow Athena.

Perfect layout = Athena becomes extremely fast even at petabyte scale.

4 — How partitions, partition pruning, and partition 
evolution affect speed

 

Partitioning is the strongest performance lever for Athena.

Good partitioning:  

dt = '2025-11-25'

region = 'APAC'

hour = 12

device_type

bucket(user_id, 32)

Partition pruning eliminates entire S3 prefixes.

Bad partitioning:  

High-cardinality IDs (user_id → millions of tiny folders)

Overpartitioning (dt=YYYY/MM/DD/HH/MM/SS)

Poorly aligned partition keys with query patterns

Inconsistent partition format (string vs int mismatches)
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Partition Evolution (Iceberg/Hudi)  

Allows changing partitioning over time without rewriting historical files.

Athena benefits because:

Planner uses snapshot metadata

No S3 prefix scanning

Partition discovery is metadata-driven

Queries skip invalid partitions efficiently

Partitioning is the primary mechanism for reducing scanning footprint.

5 — Operator-level performance behavior (aggregations, 
joins, filters, sorts, windows)

 

Filters  

Most efficient when applied early

Best when hitting Parquet min/max stats

Avoid wrapping partition columns inside functions

Aggregations  

High cardinality → memory heavy → spill likely

Use pre-aggregation in ETL if possible

Joins  

Broad joins cause memory pressure

Broadcast joins may increase spill

Join keys must match type and cardinality

Partitioned fact tables + dimension tables = best case

Window functions  

Very expensive

Often cause multi-stage spill

Reduce usage on petabyte-scale fact tables

Partition windows wisely
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ORDER BY  

Global sort is extremely expensive

Use ORDER BY only with LIMIT or on small subsets

SQL operator choice dramatically influences execution speed.

6 — Understanding spill behavior and controlling memory 
usage

 

Athena spills when:

Hash tables exceed executor memory

Window partitions exceed memory

Sorting requires additional disk

Multi-way joins generate large intermediate results

Spill goes to S3:

Slows query execution

Increases S3 I/O

Costs money

Indicates poor query design or poor data layout

You can detect spill through:

CloudWatch logs (Spill metrics)

Long execution times despite small scan sizes

High S3 PUT/GET rates in spill bucket

Slow hash joins or window functions

Reduce spill by:

Filtering early

Using approximate functions

Reducing join input

Using Iceberg/Hudi to prune aggressively

Compaction and bucketing

Avoiding large cross joins

7 — Iceberg/Hudi/Delta metadata pruning and snapshot 
planning performance

 

With modern table formats:
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Pruning via manifest files  

Eliminates entire files based on stats

Narrows scan to only relevant row groups

Snapshot planning  

Athena resolves snapshot → manifest list → manifest → files.

This eliminates:

S3 prefix listing

Glue partition traversal

Planner bottlenecks for large tables

Impact:

Large tables with 1M+ partitions become fast

Predicate pushdown is stronger

Queries become 5×–20× faster

Metadata scales independently from file counts

Iceberg provides the best Athena performance for massive datasets.

8 — Scaling limits: concurrency, parallelism, partitions, 
metadata, and planning

 

Athena’s hidden limits include:

Concurrency limits  

Default: 20–40 concurrent queries

Can increase via support ticket

Workgroups enforce per-team limits

Split limits  

Max number of splits in a single query

Too many small files → too many splits → slower planning

Partition count limits  

Classic Glue partitions → planning slowdown > ~100K partitions

Iceberg bypasses this by using metadata layers
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S3 listing limits  

Prefix listing is slow for >1M objects

Again, Iceberg/Hudi eliminates listing

File limits  

JSON/CSV datasets become slow beyond a few terabytes

Parquet/ORC scale into petabytes

Federated Query scaling  

Limited by Lambda concurrency

Generally slower than S3-based reads

Large-scale designs must engineer around these constraints.

9 — Designing for petabyte-scale workloads  
Enterprises handling PB-scale data lakes use:

Iceberg tables  

Snapshot-based planning

Manifest pruning

Partition evolution

Schema evolution

Efficient writes and deletes

Tiered layout  

Raw zone (JSON)

Staging zone (cleaned Parquet)

Analytics zone (optimized Parquet/Iceberg)

Aggregated zone (pre-computed aggregates)

File compaction pipelines  

Glue/EMR jobs that maintain optimal file sizes

Remove small files

Rewrite partitions with better clustering
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Bucketing + partitioning hybrid  

Widely used for behavioral data

Reduces shuffle for high-cardinality joins

Precomputation and materialization  

Daily/hourly rollups

Sessionization tables

Funnel tables

Slim fact tables with common metrics

Workload isolation  

Multi-workgroup design for:

Dashboards

ETL-style queries

Data science

Ad-hoc analytics

Security analytics

Petabyte-scale Athena requires strong metadata governance and file hygiene.

10 — Enterprise performance patterns and best practices  
1. Always use Parquet/ORC

2. Keep files 128MB–1GB

3. Compact aggressively

4. Partition with query patterns in mind

5. Use Iceberg for large tables

6. Filter early in SQL

7. Avoid SELECT *

8. Optimize JOINs with correct types

9. Limit window functions

10. Use CTAS for materialized subsets

11. Monitor bytes scanned regularly

12. Configure multiple workgroups

13. Use spill buckets with KMS

14. Audit S3 logs for performance hotspots

15. Validate partition alignment

16. Use approximate functions for dashboards

af://n5547
af://n5553
af://n5563
af://n5580


17. Ensure partition and file consistency across ETL processes

18. Enforce naming and layout conventions for tables

19. Avoid too many small files from Kinesis/streaming sources

20. Use upstream ETL to reduce data cardinality where possible

Athena becomes extremely powerful when the underlying data lake is engineered with these principles.

The result is a high-performance, low-cost, massively scalable SQL engine that can operate on petabytes of 
data.

18. What are the common architectural 
patterns, integrations, and data modeling 
strategies for Athena-based data lakes?

 

(Depth level: ~50× — architectural, design-focused, end-to-end patterns.)

This question zooms out from individual query behavior and dives into how we design the entire data 
platform around Athena: how data flows from sources into S3, how we structure zones, how we model 
tables, how we handle multi-tenant and multi-domain analytics, and how Athena interacts with ETL engines, BI 
tools, and governance layers in real-world architectures.

We’ll structure it into:

1 — High-level reference architectures for an Athena-centric lakehouse

2 — Raw → Curated → Analytics → Consumer zone patterns

3 — Data modeling strategies: wide fact tables, dimensions, and semantic layers

4 — Single-account vs multi-account data lake patterns

5 — Multi-tenant and multi-domain data modeling for Athena

6 — Integrating Athena with ETL (Glue, EMR, Lambda) in a layered pipeline

7 — BI and analytics patterns with QuickSight and external BI tools

8 — Security, governance, and organizational separation patterns

9 — Cost and performance-aware modeling (how architecture impacts money and speed)

10 — End-to-end blueprint for a production-grade Athena-based analytics platform

1 — High-level reference architectures for an Athena-
centric lakehouse

 

At a high level, an Athena-based lakehouse usually looks like this:

Data Sources → Ingestion → S3 Data Lake → ETL/Modeling → Athena → BI/Apps
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Where:

Data Sources: SaaS apps, databases, streams, logs, IoT, files, etc.

Ingestion: Kinesis, Firehose, DMS, custom pipelines.

S3 Data Lake: central raw + curated store.

ETL/Modeling: Glue, EMR, managed Spark, Flink, Lambda.

Athena: primary query and analytics layer.

BI/Apps: QuickSight, Tableau, Power BI, custom apps.

Key architectural choice:

Athena works directly on S3 — so S3 layout & Glue metadata ARE your “database design”.

The rest of the architecture exists to continuously shape that layout for performance, governance, and 
usability.

2 — Raw → Curated → Analytics → Consumer zone 
patterns

 

Almost all serious data lakes organize S3 into zones (sometimes called layers):

1. Raw / Landing Zone

Direct dumps of source data.

Often in JSON, CSV, or proprietary formats.

Minimal or no transformation.

Partitioned mainly by ingest_date  or similar.

Athena can query this, but performance is poor and schema is messy.

2. Curated / Silver Zone

Cleaned, standardized, de-duplicated.

Converted to Parquet/ORC.

Partitioned by domain-specific keys (dt/region/tenant, etc).

Serves as the main input for analytics.

3. Analytics / Gold Zone

Domain-oriented data models.

Fact tables + dimension tables.

Semantic definitions of metrics (e.g., “revenue”, “active users”).

Often in Iceberg/Hudi for ACID and time-travel.

4. Consumer Zone (Marts)

Highly optimized tables for specific teams or use-cases.

Including:

Aggregated tables
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Sessionized tables

Funnel tables

Data marts for finance, marketing, operations
Athena is most often pointed here for BI dashboards.

Athena can technically query every zone, but we generally:

Use Raw for debugging, incident investigation.

Use Curated for heavy analytics and ad-hoc exploration.

Use Analytics/Consumer for BI, ML feature generation, and frequent dashboards.

3 — Data modeling strategies: wide fact tables, 
dimensions, and semantic layers

 

In an Athena-based lakehouse, we often adopt warehouse-like modeling on the analytics/consumer side:

Fact tables  

Contain large volumes of events/transactions (clicks, orders, page views, payments).

Typically wide but can be pruned heavily by Athena.

Stored in Parquet/ORC, partitioned by dt, region, etc.

Use Iceberg/Hudi for ACID if updates/deletes required.

Examples: fact_orders , fact_page_views , fact_payments , fact_sessions .

Dimension tables  

Smaller, descriptive tables used in joins.

E.g., dim_customer , dim_product , dim_merchant .

Stored as Parquet/ORC, often unpartitioned or lightly partitioned.

Designed to be “broadcastable” in joins.

Semantic layer / metrics layer  

Not necessarily a strict tool, but a logical layer:

A shared understanding of metrics across teams:

revenue

active_users

retention_7d

churn_rate

Implemented through:

SQL views in Athena

Parameterized CTAS templates
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Central definitions in code repos

Athena is used to materialize:

Views (logical)

Materialized tables (via CTAS/INSERT INTO) that encode complex logic.

4 — Single-account vs multi-account data lake patterns  

Single-account lake  

Easier to start.

Athena, Glue, S3, EMR, Glue ETL all live in one account.

Governance simplified but risk: blast radius is larger.

Multi-account lake  

Common in mature organizations:

Data Lake Account: owns S3 + Glue + Lake Formation.

Producer Accounts: applications write data to the lake.

Consumer Accounts: analytics, BI, data science.

Athena typically runs in consumer accounts, querying shared S3 and Glue resources from the central lake.

This ensures:

Strong isolation between teams/applications.

Centralized governance for the lake.

Company-wide shared tables with Lake Formation.

Athena remains flexible but controlled.

5 — Multi-tenant and multi-domain data modeling for 
Athena

 

For multi-tenant SaaS or multi-domain data lakes, you must model:

Tenant-level isolation

Domain-level isolation (e.g., marketing vs finance vs operations)

Common strategies:

Partition by tenant  

tenant_id  or customer_id  as a partition key or top-level folder.

Works if number of tenants is moderate (hundreds/thousands), not millions.
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Namespace by database/schema  

Each tenant/domain gets its own database in Glue:

analytics_tenant_123

analytics_tenant_456

Good for strong isolation, but more catalog objects.

Shared table with row-level filtering (Lake Formation)  

One large fact table (e.g., fact_events ) with tenant_id  column.

Lake Formation row-level policies ensure:

Tenant A sees only its data.

Tenant B sees only its data.

Athena queries same tables but returns tenant-specific subsets.

Domain separation  

Databases per domain:

sales_analytics

marketing_analytics

security_analytics

Each with its own fact/dim tables.

Athena’s architecture (Glue + Lake Formation + S3) supports all of these patterns.

6 — Integrating Athena with ETL (Glue, EMR, Lambda) in a 
layered pipeline

 

A common ETL pattern for Athena-based lakes:

Details:

Glue/EMR handle heavy transformation:

Schema enforcement

Data quality rules

Join-heavy flows

Computation-intensive features

Lambda is used for:

Source → Ingest (Kinesis / DMS / Batch) → Raw S3 →

    Glue/EMR ETL (clean, dedupe, standardize) → Curated S3 →

        Modeling (EMR/Glue CTAS/Iceberg) → Analytics/Consumer S3 →

            Athena queries (BI / ad-hoc / ML feature queries)
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Event-based partition registration

Light transformation

Orchestration
Athena is used:

At the end of each step to validate data

To run CTAS for model-ready tables

To expose data to BI and analysts

Essentially, ETL flows shape S3 into an Athena-optimized layout.

7 — BI and analytics patterns with QuickSight and external 
BI tools

 

For BI:

QuickSight connects directly to Athena using the Athena data source.

External tools (Tableau, Power BI, Looker, Superset) connect via JDBC/ODBC.

Patterns:

Thin semantic layer  

Views in Athena implement business metrics, joins, filtering.

BI tools reference these views instead of building complex logic themselves.

Materialized summary tables  

Pre-aggregated tables (e.g., daily metrics per region) created via CTAS.

Dashboards query small tables instead of scanning raw events.

Multi-workgroup isolation  

One workgroup for BI dashboards (production-optimized).

One workgroup for ad-hoc analysis (looser constraints).

One workgroup for data science (heavy queries, more leeway).

The architecture ensures dashboards are fast and stable, while analysts retain freedom in a different 
workgroup.

8 — Security, governance, and organizational separation 
patterns

 

Governance patterns for Athena-based architectures:

Lake Formation as central access manager:

Database, table, column, and row-level policies.
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LF tags for classification (PII, Confidential, Public).
S3 bucket separation per zone:

s3://company-data-raw

s3://company-data-curated

s3://company-data-analytics

s3://company-data-results-athena

IAM roles per team with scoped policies:

DataEngineerRole

DataScientistRole

BIAnalystRole

SecurityAnalystRole

Workgroup-level controls:

Cost limits

Encryption enforcement

Output locations

Engine version

Network segmentation via PrivateLink and VPC endpoints:

Private access to Athena

Private access to S3

Organization-level alignment:

Central Data Platform team manages S3 layout, Glue/Lake Formation, and global patterns.

Domain teams (Marketing, Finance, Ops) own their tables and semantics.

Security/Compliance teams audit via CloudTrail, CloudWatch, S3 logs.

9 — Cost and performance-aware modeling (how 
architecture impacts money and speed)

 

Data modeling for Athena is cost modeling:

Format: Parquet/ORC reduce scanned data → reduce cost.

Partitioning: Good partitioning eliminates huge portions of data from scans.

Compaction: Fewer, larger files reduce overhead.

Modeling: Precomputed aggregates reduce repeated heavy queries.

Workgroup isolation:

Prevent high-cost experiments in production workgroups.

Limit per-query data scanned.

Architectural decisions like:
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“Use Iceberg for all big fact tables.”

“Force all prod tables to be Parquet partitioned by dt.”

“No CSV allowed in analytics zone.”

→ Directly translate into lower Athena bills and faster queries.

10 — End-to-end blueprint for a production-grade Athena-
based analytics platform

 

Putting it all together, a typical mature Athena-based architecture:

[Sources]

  |  (DBs, SaaS, Streams, Logs)

  v

[Ingestion Layer]

  - Kinesis/Firehose

  - DMS

  - Batch ingest

  → Writes raw data into S3://raw

[Raw Zone - S3]

  - JSON/CSV/Raw Parquet

  - Ingest_date partitioning

  - Glue tables for inspection/debug

  |

  v

[Curated Zone - S3]

  - Glue/EMR ETL

  - Parquet/ORC

  - Standardized schemas

  - Domain partitioning (dt, region, tenant)

  - Tables: curated_fact_*, curated_dim_*

  |

  v

[Analytics / Gold Zone - S3]

  - Iceberg/Hudi tables

  - Fact/dim models

  - CTAS-based materializations

  - Time-travel / ACID for critical data

  - Tables: fact_orders, fact_events, dim_customer, etc.

  |

  v

[Consumer / Marts Zone - S3]

  - Domain-specific marts

  - Highly optimized summary tables
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Key attributes:

Strong zoning discipline

Iceberg/Hudi for big tables

Parquet/ORC everywhere

Glue/Lake Formation as metadata + governance backbone

Multiple Athena workgroups for different workloads

ETL engines (Glue/EMR) constantly maintain the data layout for Athena

This is the typical pattern for large, production-grade Athena deployments in enterprises.

19. How do failures, retries, fault tolerance, 
and troubleshooting work in Athena?

 

(Depth level: ~50× — detailed failure modes, internal behavior, and practical troubleshooting.)

In Athena, you don’t manage clusters or nodes, but failures still happen: query timeouts, S3 read errors, Glue 
metadata issues, permission problems, memory pressure, worker failures, etc. Because Athena is serverless 
and opaque, you need a very clear mental model of what can fail, what Athena retries automatically, and 
what you must do to troubleshoot and fix issues.

We’ll break this into:

1 — The categories of failures in Athena (control plane vs data plane vs external)

2 — Common error types and what they usually mean

3 — How Athena internally retries S3 operations and manages transient failures

  - For BI, ML features, dashboards

  - Tables: mart_finance_daily, mart_marketing_funnel, etc.

  |

  v

[Athena]

  - Multiple Workgroups (BI, Ad-hoc, DS, Security)

  - Uses Glue + Lake Formation

  - Query engines for all zones (but focus on curated/analytics/consumer)

  |

  v

[BI / Apps / ML]

  - QuickSight dashboards

  - External BI tools via JDBC

  - Data science notebooks

  - Security analytics
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4 — Worker/node-level failures and query-level fault tolerance

5 — Memory, spill, and “resource exceeded” style failures

6 — Metadata-related failures (Glue/LF/schema/catalog issues)

7 — Permission and security-related failures (IAM, S3, KMS, LF)

8 — Network and endpoint-related failures in private/hardened environments

9 — A practical troubleshooting playbook (step-by-step for slow or failing queries)

10 — Enterprise patterns for resilience, prevention, and automated diagnostics

1 — The categories of failures in Athena (control plane vs 
data plane vs external)

 

Athena failures usually fall into three big buckets:

1. Control-plane failures

Happen before the query really starts executing.

Examples: syntax errors, permissions issues, wrong database/table name, invalid workgroup 
settings, missing result bucket, bad encryption configuration.

2. Data-plane (execution) failures

Occur during query execution.

Examples: S3 transient errors, worker crashes, internal engine exceptions, memory/spill 
exhaustion, invalid data formats, SerDe issues.

3. External dependency failures

Happen in systems Athena depends on:

S3 (throttling, access denied, key not found)

Glue Data Catalog (throttling, schema mismatches, table/partition not found)

Lake Formation (access denied, policy misconfigurations)

KMS (key policy, throttle, denied decrypt)

Federated sources (Lambda/Federation connectors failing)

Understanding which bucket you’re in is half of troubleshooting.

2 — Common error types and what they usually mean  
Some frequent error classes you’ll see:

SYNTAX_ERROR

– SQL grammar issues (missing keywords, bad function usage).

– Fix: correct SQL.

HIVE_METASTORE_ERROR / CATALOG_ERROR

– Glue/Lake Formation/metadata problems:
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Table not found

Partition not found

Schema incompatible

SerDe errors

– Fix: repair or update catalog metadata.
ACCESS_DENIED / PERMISSION_DENIED

– IAM, S3, LF, or KMS issues:

No S3 read permission

No KMS decrypt permission

LF denies table/column/row access

– Fix: adjust IAM policies / LF grants / bucket policies.

INSUFFICIENT_RESOURCES / EXCEEDED_MEMORY_LIMIT

– Query too big for available memory or spilled excessively.

– Fix: rewrite query, filter earlier, pre-aggregate, compact data.

VALIDATION_ERROR

– Bad parameters: output location invalid, encryption configuration invalid, non-existent workgroup.

– Fix: update query/session config.

S3 READ/WRITE ERROR (key not found, timeout, 5xx)

– Temporary or real S3 issues (missing file, S3 region mismatch, path incorrect).

– Fix: verify paths, buckets, replication status.

INTERNAL_ERROR

– Unhandled engine exception; often transient but may indicate a bug or edge-case.

– Fix: retry, then contact AWS support if repeatable.

Reading the high-level error code + message generally gives a good first direction.

3 — How Athena internally retries S3 operations and 
manages transient failures

 

When S3 has temporary issues (5xx responses, throttling, slow read):

Athena’s worker nodes automatically retry S3 calls:

Exponential backoff

Limited number of retries

Randomized jitter to avoid thundering herd

If S3 remains unavailable or misconfigured:

Athena may report:

S3Exception

Read timeout
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AccessDenied  (if policy denial, no retry)

Key point:

Transient S3 issues are often handled automatically, but:

Repeated 5xx errors → query can still fail eventually.

Misconfigurations (wrong buckets, wrong region, permission denial) → no amount of retry helps; the 
query fails quickly.

In troubleshooting, distinguish transient vs persistent:

Transient → retries might succeed.

Persistent (policy/region/path problems) → fix configuration.

4 — Worker/node-level failures and query-level fault 
tolerance

 

Athena uses a coordinator + worker architecture:

Coordinator orchestrates the query.

Workers read data and compute results.

If a worker fails mid-query (internal error, crash, hardware issue):

The coordinator detects the failure.

The failed worker’s splits are rescheduled to other workers.

If the failure occurs early, query usually recovers seamlessly.

If repeated failures occur on the same splits, something is wrong with:

The specific S3 object, or

The data format in those files.

If the coordinator fails:

The whole query fails.

Athena does not “resume” a query after coordinator loss.

You must re-run the query.

Worker-level failure tolerance is partial; coordinator-level is none (per-execution).

5 — Memory, spill, and “resource exceeded” style failures  
Athena queries sometimes fail with messages indicating:

Out of memory

Exceeded maximum spill

Too many rows for a particular operator

Too many partitions / too many files scanned
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Internally:

Each worker has a memory quota.

Operators (hash joins, aggregations, windows) consume memory for:

Hash tables

Group-by states

Window frames

Sort buffers

When memory pressure is high:

1. Athena spills intermediate state to S3 (spill bucket).

2. If spill is not enough (e.g., query simply too big / too skewed), it fails with resource errors.

Typical causes:

Huge GROUP BY  on extremely high-cardinality columns.

Massive JOIN  with unfiltered large tables.

Complex window functions on billions of rows.

Cross joins creating row explosions.

Non-selective filters (or no filter at all).

Fixes:

Add filters early.

Pre-aggregate in ETL (Glue/EMR).

Break query into smaller steps with CTAS/INSERT INTO.

Repartition data to avoid skew.

Use approximate functions where possible.

6 — Metadata-related failures (Glue/LF/schema/catalog 
issues)

 

Since Athena is tightly coupled with Glue/Lake Formation, metadata bugs/mismatches cause many failures:

Common metadata-related issues:  

TABLE_NOT_FOUND / DATABASE_NOT_FOUND

– Wrong name, wrong region, wrong catalog.

COLUMN_NOT_FOUND

– Query references a column that doesn’t exist in Glue, even if it’s present in newer Parquet files but not 
in the catalog definition.

SerDe deserialization errors

– Table created with incorrect SerDe.
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– Schema in Glue does not match actual physical schema.

– Parquet/ORC type mismatches.
Partition not available

– Partitions added to S3 but not to Glue.

– Incorrect partition registration logic.

Lake Formation Access Denied

– LF denies access to specific tables/columns rows.

Troubleshooting strategy:

Inspect Glue table definition (columns, partition keys, location).

Confirm partitions exist in the catalog.

Compare Glue schema vs actual Parquet schema (using tools or EMR/Glue).

Fix schema in Glue or rewrite data.

Check Lake Formation permissions for the principal and table.

7 — Permission and security-related failures (IAM, S3, KMS, 
LF)

 

Security misconfigurations appear in Athena as:

AccessDeniedException

“Insufficient permissions to access S3 object”

“KMS key access denied”

“Lake Formation permission denied”

Typical root causes:

IAM role has athena:*  but no S3 access to the data bucket.

Bucket policy denies the role or workgroup.

KMS key policy does not allow the role to decrypt/encrypt.

Lake Formation denies access to table/columns.

Workgroup result configuration points to a bucket the role cannot write to.

Resolution checklist:

1. Check IAM policy attached to the principal.

2. Check bucket policy on data & result buckets.

3. Check KMS key policy, including key grants.

4. Check Lake Formation grants (table, column, row filters).

5. Check workgroup config (output location, encryption settings).

Only when all layers align will the query succeed.
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8 — Network and endpoint-related failures in 
private/hardened environments

 

In hardened setups (VPC, PrivateLink, S3 endpoints), failures might look like:

Timeouts when calling Athena endpoint.

“Unknown host” or DNS errors if interface endpoint misconfigured.

Access denied from S3 if bucket policy requires a specific VPC endpoint and the connection is 
misrouted.

Broken result retrieval if S3 endpoints are not properly configured.

For example:

Bucket policy requires aws:sourceVpce = vpce-1234 , but queries run from a different VPC or internet 

path.

Fixes:

Ensure VPC endpoint for Athena is configured and used.

Ensure S3 VPC endpoint exists and has correct route tables.

Ensure bucket policies allow the correct endpoint IDs.

Verify DNS settings for private endpoints.

Network-related issues often show up only in some environments (e.g., prod vs dev).

9 — A practical troubleshooting playbook (step-by-step)  
When a query fails, follow this order:

1. Read the exact error code and message.

– Classify as syntax, permission, metadata, execution, or network.

2. Check if the issue is reproducible.

– If random → likely transient (S3, internal).

– If always reproducible → configuration or data issue.

3. For syntax or logic errors:

– Fix SQL query.

– Validate column names, functions, and joins.

4. For permission errors:

– Validate IAM role, S3 bucket policies, KMS key policies, LF grants, workgroup configs.

5. For metadata errors:

– Check Glue table & partition definitions.

– Confirm S3 paths.

– Align schema types.

6. For execution/resource errors:
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– Check bytes scanned.

– Inspect query pattern (joins, windows, group by).

– Try narrower filters or smaller test partitions.

– Offload heavy aggregations into ETL pre-processing.
7. For performance/slowness:

– Look at CloudWatch metrics: ProcessedBytes , execution time, queue time.

– Check S3 file size & format.

– Check partition usage.

– Review spill indicators if available.

8. For network/private endpoint failures:

– Validate VPC endpoints & PrivateLink configuration.

– Review S3 bucket conditions.

If after all this the issue persists and looks like an internal engine bug (e.g., weird internal error on valid data 
& config), you typically:

Collect query ID, region, error messages.

Raise a support case with AWS including sample data and table definition.

10 — Enterprise patterns for resilience, prevention, and 
automated diagnostics

 

Mature Athena environments include:

1. Guardrail workgroups

– Limits on data scanned per query.

– Prevent “runaway” queries that cause resource pressure and failures.

2. Query linting / SQL review

– CI/CD or middleware that checks for bad patterns:

SELECT * on large tables

Unfiltered full-table joins

Avoiding partition columns in WHERE clause

3. Standardized table schemas and naming conventions

– Avoid schema drift.

– Enforce data types for keys and metrics.

4. Automated schema validation

– Use Glue Data Quality or ETL checks before exposing new data to Athena.

5. Data layout contracts

– Format, partition, compression, and file-size rules enforced by ETL.

6. Central logging & self-monitoring
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– Athena query logs aggregated into “meta-tables”.

– Run Athena on itself to find repeated failures and heavy queries.
7. Playbooks and runbooks

– Documented steps for:

Permission issues

Metadata problems

S3 path errors

Performance regressions

Resource/spill-related failures

8. Staging environments

– Test new tables & schemas in dev/stage before exposing to production analysts.

These patterns mean: instead of constantly firefighting, the platform becomes predictable and self-
correcting, with most failure modes anticipated and mitigated.

20. What are the common misconceptions, 
pitfalls, anti-patterns, and interview traps 
about Athena, and how do we avoid them?

 

(Depth level: ~50× — full consolidated analysis of mistakes, misunderstandings, and architectural traps.)

This final question consolidates everything into a complete map of what people misunderstand about 
Athena. This includes conceptual misconceptions, data modeling errors, performance anti-patterns, 
governance mistakes, scaling myths, bad SQL habits, and architectural traps that cause slow queries, high cost, 
or operational failures.

This also includes the most frequently seen interview traps and the correct answers.

We structure this into:

1 — Fundamental misconceptions about Athena’s architecture

2 — Misunderstandings about performance and scaling

3 — Data layout and modeling mistakes that cause slow queries

4 — SQL patterns that break Athena’s execution model

5 — Governance, security, and permission misconceptions

6 — S3, Glue, and Lake Formation pitfalls

7 — Cost-related misconceptions and expensive anti-patterns

8 — Operational, monitoring, and troubleshooting misconceptions

9 — Interview traps: what interviewers expect candidates to understand

10 — Summary: how to avoid every pitfall in real-world architecture
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1 — Fundamental misconceptions about Athena’s 
architecture

 

Misconception 1: “Athena is a database.”  

Athena is not a database.

It has:

No storage engine

No transaction log

No indexes

No compute cluster you own

No caching of table data

Athena is a stateless query engine that reads from S3.

Correct view:

“Athena is a serverless SQL engine that runs distributed scans and query planning on S3 data.”

Misconception 2: “Athena stores tables.”  

Glue or Lake Formation store metadata.

S3 stores data.

Athena stores nothing.

Misconception 3: “Athena queries run inside your VPC.”  

They do not.

Control plane can be privately accessed using PrivateLink, but execution takes place in AWS’ internal 
infrastructure outside customer VPCs.

Misconception 4: “Athena automatically optimizes your lake.”  

No.

You must optimize file size, partitions, Parquet layouts, Iceberg metadata, etc.

Athena simply reads whatever you give it.
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2 — Misunderstandings about performance and scaling  

Pitfall 1: Using CSV/JSON in production analytics  

Athena must read every byte → extremely slow + expensive.

Correct pattern: Parquet/ORC.

Pitfall 2: Too many small files  

Thousands/millions of tiny files →

Too many S3 requests

Long planning

Low parallelism

Slow execution

Fix: Compaction pipelines (Glue/EMR).

Pitfall 3: Over-partitioning  

Partitioning by second/minute → millions of partitions → slow planning.

Pitfall 4: Wrong partition keys  

If partition keys don’t match WHERE clause patterns → no pruning → giant scans.

Pitfall 5: Believing Athena automatically scales infinitely  

Athena has limits:

Concurrency limits

Spill limits

Split limits

Metadata planning latency

S3 throughput limits (for your bucket)

It scales well, but not infinitely.

Pitfall 6: SELECT * on large tables  

Scans unnecessary columns → slow + expensive.
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3 — Data layout and modeling mistakes that cause slow 
queries

 

Mistake 1: Storing raw data directly in analytics zone  

Messy schemas + inconsistent types → many SerDe errors.

Mistake 2: No data zoning strategy  

Raw + curated + gold zones prevent:

Poor-quality data

Schema drift

Query failures

Mistake 3: Wrong file sizes  

Files too small → slow, expensive.

Files too large → fewer row groups → weaker pruning.

Mistake 4: No handling of schema evolution  

Parquet with mismatched schemas → deserialization errors.

Use Iceberg/Hudi.

4 — SQL patterns that break Athena’s execution model  

Anti-pattern 1: Window functions on massive datasets  

These cause heavy spill and high memory use.

Fix: Pre-aggregate upstream.

Anti-pattern 2: CROSS JOINs  

Creates gigantic result sets → memory blowouts.

Anti-pattern 3: Unfiltered joins  

Joining two massive tables without WHERE clause → resource failure.
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Anti-pattern 4: Casting partition columns  

WHERE date(dt)  means partition pruning is bypassed.

Always compare directly to partition key.

Anti-pattern 5: Global ORDER BY without LIMIT  

Triggers full sort of entire dataset → extremely slow.

5 — Governance, security, and permission misconceptions  

Misconception 1: “IAM permissions are enough for Athena security.”  

Incorrect — S3 + Lake Formation + KMS + Workgroup policies all matter.

Misconception 2: “Athena encrypts everything automatically.”  

No — you must configure:

Source bucket encryption

Result bucket encryption

Spill bucket encryption

KMS key policies

Workgroup-level encryption settings

Misconception 3: “Lake Formation permissions are optional.”  

For enterprise environments:

Column-level and row-level filtering

Tag-based policies

Cross-account governance

are essential.

6 — S3, Glue, and Lake Formation pitfalls  

Pitfall 1: Glue schema mismatch  

If Glue schema != Parquet schema → errors.
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Pitfall 2: Partitions not registered  

Files appear in S3, but Athena doesn’t see them until partitions are created.

Use:

or automated partition registration.

Pitfall 3: S3 location inconsistencies  

Trailing slashes, inconsistent paths, mixed prefix naming → Athena misses data.

Pitfall 4: Lake Formation misconfiguration  

LF can silently block access if:

Role missing grants

Tag-based policy mismatch

Cross-account sharing incorrect

7 — Cost-related misconceptions and expensive anti-
patterns

 

Misconception: “Athena charges per query.”  

Athena charges per byte scanned.

Anti-pattern: SELECT * in BI dashboards  

Athena scans full files → massive cost.

Anti-pattern: Querying raw CSV logs  

CSV logs → 10×–50× more data scanned.

Anti-pattern: No cost limits on workgroups  

One bad query can cost hundreds of dollars.

Correct:

Use bytes-per-query and bytes-per-workgroup limits.

MSCK REPAIR TABLE
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Anti-pattern: Lack of compaction  

Massive cost increases from unnecessary S3 GET requests.

8 — Operational, monitoring, and troubleshooting 
misconceptions

 

Misconception: “Athena automatically retries everything.”  

Athena retries some S3 issues, not:

Permission errors

Metadata issues

SQL logic issues

Data corruption issues

Misconception: “Athena errors are random.”  

Most errors map to:

Data layout issues

Schema mismatches

Permissions

Partitioning issues

Spill/memory pressure

Misconception: “CloudWatch is optional.”  

Without CW logs + metrics, enterprise teams can’t:

Investigate slow queries

Detect inefficient SQL

Monitor data scanned

Identify cost spikes

af://n6654
af://n6657
af://n6658
af://n6670
af://n6684
af://n6696


9 — Interview traps: what interviewers expect candidates 
to understand

 

Trap 1: “Where does Athena store data?”  

Correct: S3 (not Athena).

Athena stores no data except temporary spill in S3.

Trap 2: “How do you optimize Athena performance?”  

Expected answer:

Parquet/ORC

Partitioning

Compaction

File size tuning

Iceberg/Hudi

Good SQL (no SELECT *)

Filtering early

Avoiding expensive operators

Trap 3: “How does partition pruning work?”  

Expected answer:

Pruning uses S3 paths and Glue/LF metadata

For Iceberg, uses manifest-level stats

Avoid casting partition columns

Trap 4: “Explain Athena’s security model.”  

Expected:

IAM + S3 + Lake Formation + KMS + Workgroups

PrivateLink + VPC endpoints

Encryption everywhere
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Trap 5: “How does Athena scale?”  

Expected answer:

Parallel splits per file

Distributed worker execution

S3 throughput scalability

Workgroup concurrency rules

But with limits (spill, splits, metadata size)

Trap 6: “Difference between Athena and Redshift Spectrum?”  

Expected:

Athena = serverless SQL engine

Spectrum = Redshift querying external S3

Both use S3 + Glue

Spectrum benefits from Redshift compute cluster for heavy queries

Athena excels at ad-hoc/petabyte scans

Trap 7: “What table formats do you use in Athena?”  

Expected shortlist:

Parquet

ORC

Iceberg

Hudi

(Delta via manifest)

10 — Summary: how to avoid every pitfall in real-world 
architecture

 

Build your lake properly  

Parquet/ORC

Iceberg for big tables

Optimal file sizes

Strong partitioning

Compaction pipelines

Data zoning (raw/curated/analytics)

af://n6741
af://n6755
af://n6769
af://n6783
af://n6784


Write SQL with Athena’s engine in mind  

No SELECT *

Filter early

Use partition keys

Avoid global sorts

Limit window functions on huge tables

Break heavy queries into CTAS steps

Enforce strong governance  

Lake Formation policies

S3 bucket boundaries

KMS everywhere

Workgroup-level isolation

PrivateLink/S3 endpoints

Monitor continuously  

Use CloudWatch for metrics

Use CloudWatch Logs for queries

Use S3 access logs

Maintain Athena meta-monitoring table

Regular SQL/code audits

Define organizational patterns  

Multi-workgroup design

CI/CD for Glue schemas

Standardized partition layouts

Automated file hygiene (compaction)

Use ETL (Glue/EMR) for heavy lifting

When these patterns are applied consistently, Athena becomes:

Fast

Predictable

Low cost

Secure

Fully governable

Enterprise-grade at very large scale
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ATHENA MASTER FRAMEWORK — FINAL 
MEGA-DIAGRAM (ALL 20 QUESTIONS)

 

Below diagram represents all components, flows, layers, metadata systems, governance boundaries, 
execution planes, network zones, performance levers, file formats, table formats, ETL engines, 
governance layers, cost controls, access pathways, monitoring + operational ecosystem, all merged into 
one unified Athena Lakehouse blueprint.

MEGA-DIAGRAM (FULL SYSTEM)  
                         ┌──────────────────────────────────────────────────────────┐

                         │                ENTERPRISE IDENTITY LAYER                 │

                         │ (SSO, IAM Users, IAM Roles, STS Tokens, Federated Auth)  │

                         └──────────────────────────────────────────────────────────┘

                                             │

                                             │  AuthN/AuthZ

                                             v

┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                               GOVERNANCE & METADATA LAYER                               │

│                                                                                         │

│     ┌──────────────────────────────┐          ┌─────────────────────────────────────┐    │

│     │         AWS Glue Catalog     │ <------> │         AWS Lake Formation         │    │

│     │ - Databases/Tables/Schemas   │    MF    │ - Table/Column/Row-Level Security  │    │

│     │ - Partition Metadata         │ 2 perms  │ - Tag-Based Policies (PII, PCI)    │    │

│     │ - SerDe / Format Definitions │          │ - Cross-Account Sharing            │    │

│     └──────────────────────────────┘          └─────────────────────────────────────┘    │

│                                                                                         │

│                     (Metadata boundaries, governance enforcement, schema evolution)      │

└─────────────────────────────────────────────────────────────────────────────────────────┘

                                             │

                                             │ Metadata Lookups + LF Policy Enforcement

                                             v

┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                                  ATHENA CONTROL PLANE                                    │

│                                                                                         │

│   ┌──────────────────────────────┐    ┌────────────────────────────────────────────┐     │

│   │   Query API / PrivateLink    │    │             Query Planner / Optimizer      │     │

│   │ - StartQueryExecution        │    │ - SQL Parsing, Planning, CBO, LF Rewriter  │     │

│   │ - Workgroup Enforcement      │    │ - Manifest Pruning (Iceberg/Hudi)          │     │

│   │ - Encryption Requirements    │    │ - Partition/Stats-based Pruning            │     │

│   └──────────────────────────────┘    │ - Plan Stages & Splits                     │     │

│                                        └────────────────────────────────────────────┘     

│

│                                                                                         │

│                        (Planning, metadata binding, policy enforcement)                  │

└─────────────────────────────────────────────────────────────────────────────────────────┘

                                             │

                                             │ Distributed Plan Submission

                                             v
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┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                                    ATHENA DATA PLANE                                     │

│                     (Distributed Worker Fleet — AWS Managed, Elastic, Serverless)       │

│                                                                                         │

│   ┌────────────────────────┐   ┌────────────────────────┐   ┌────────────────────────┐  │

│   │  Worker Node (Scan)    │   │ Worker Node (Join/Agg) │   │ Worker Node (Window)   │  │

│   │ - S3 Range Reads       │   │ - Hash Join / GroupBy  │   │ - Window Frames        │  │

│   │ - Split Execution      │   │ - Spill to S3          │   │ - Spill to S3          │  │

│   └────────────────────────┘   └────────────────────────┘   └────────────────────────┘  │

│                                                                                         │

│                         (Parallel execution, memory mgmt, spill, shuffle)                │

└─────────────────────────────────────────────────────────────────────────────────────────┘

                                             │

                                             │ Reads/Spills to S3 (Internal AWS Fabric)

                                             v

┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                                  AMAZON S3 — DATA LAKE                                   │

│                                                                                         │

│    ┌──────────────────────┐   ┌──────────────────────┐   ┌──────────────────────────┐   │

│    │ Raw Zone             │   │ Curated Zone         │   │ Analytics / Gold Zone     │   │

│    │ - JSON/CSV Logs      │   │ - Parquet/ORC Cleaned│   │ - Iceberg / Hudi Tables   │   │

│    │ - Batch Dumps        │   │ - Standard Schemas   │   │ - Fact/Dim Models         │   │

│    │ - Landing Buckets    │   │ - Partitioned Layout │   │ - Materialized Marts      │   │

│    └──────────────────────┘   └──────────────────────┘   └──────────────────────────┘   │

│                                                                                         │

│                      ┌──────────────────────────┐   ┌───────────────────────────┐       │

│                      │ Athena Spill Buckets     │   │ Athena Result Buckets     │       │

│                      │ - SSE-KMS                │   │ - SSE-KMS                 │       │

│                      │ - Temporary Stages       │   │ - Final Query Outputs     │       │

│                      └──────────────────────────┘   └───────────────────────────┘       │

│                                                                                         │

│                      (Single source of truth, lake zones, table formats, spill)         │

└─────────────────────────────────────────────────────────────────────────────────────────┘

                                             │

                                             │ Result Delivery / Materialization

                                             v

┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                          ANALYTICS / APPLICATION / BI ECOSYSTEM                          │

│                                                                                         │

│  ┌───────────────────────────┐   ┌─────────────────────────────┐   ┌──────────────────┐ │

│  │ QuickSight Dashboards     │   │ External BI (Tableau/PowerBI)│   │ Data Science     │ │

│  │ - Athena Direct Query     │   │ - JDBC/ODBC over PrivateLink │   │ - SageMaker/EMR  │ │

│  │ - SPICE Caching           │   │ - Analyst Workflows          │   │ - Feature Queries│ │

│  └───────────────────────────┘   └─────────────────────────────┘   └──────────────────┘ │

│                                                                                         │

│              (BI → SQL → Athena → S3 → Athena → BI full feedback cycle)                 │

└─────────────────────────────────────────────────────────────────────────────────────────┘

                                             │

                                             v

┌─────────────────────────────────────────────────────────────────────────────────────────┐

│                           MONITORING / OBSERVABILITY / SECURITY                          │

│                                                                                         │

│   ┌──────────────────────────┐   ┌──────────────────────────┐   ┌─────────────────────┐ │



DETAILED EXPLANATION OF THE MEGA-
DIAGRAM (CONSOLIDATED SUMMARY OF ALL 
20 QUESTIONS)

 

Below you get one unified, long-form textual explanation that summarizes all 20 Athena Master Framework 
questions into a single cohesive architectural narrative.

1 — Identity & Governance Layer (Questions 
12, 13)

 

The top of the blueprint represents enterprise-grade identity and access boundaries. Athena never stands 
alone. Every query runs on behalf of an IAM principal: IAM user, federated SSO role, or service role. Lake 
Formation extends roles to fine-grained, tag-based, row-level, and column-level permissions. Glue provides 
schemas, partitions, and table definitions, while Lake Formation enforces who can see what.

This two-tier governance (Glue metadata + LF security) forms the policy spine for Athena, ensuring every 
query is authorized, every column restriction is enforced, and all metadata access is governed.

2 — Athena Control Plane (Questions 1, 2, 3, 
12)

 

The control plane is where queries are submitted, parsed, optimized, rewritten with Lake Formation rules, and 
planned into distributed stages.

Key features from the questions:

SQL parsing

Partition pruning

Manifest pruning (Iceberg/Hudi)

Column-level pruning

Predicate pushdown

Plan fragmentation into splits

Workgroup constraints (cost, encryption, concurrency)

│   │ CloudWatch Metrics       │   │ CloudWatch Logs          │   │ CloudTrail Audits   │ │

│   │ - Bytes Scanned          │   │ - Query Logs             │   │ - API Calls         │ │

│   │ - Execution Time         │   │ - Error Messages         │   │ - IAM Principal     │ │

│   └──────────────────────────┘   └──────────────────────────┘   └─────────────────────┘ │

│                                                                                         │

│                           (Visibility, cost mgmt, compliance, tracing)                   │

└─────────────────────────────────────────────────────────────────────────────────────────┘
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Metadata binding to Glue

Row-level filters dynamically injected via Lake Formation

The planner’s job is to transform SQL into a dependency graph of distributed tasks.

3 — Athena Data Plane (Questions 4, 5, 6, 7, 
17)

 

The data plane is the distributed worker fleet. It:

Reads S3 via millions of parallel range GETs

Executes join, group-by, sorting, window, filter operators

Spills to S3 when memory overflows

Re-schedules failed tasks

Executes vectorized reads on Parquet/ORC

This is the actual compute layer described earlier: the heart of Athena’s execution and where the performance 
tuning (file sizes, formats, partitioning) matters.

4 — S3 Data Lake Zones (Questions 5, 6, 12, 
17, 18)

 

S3 forms the lake zones:

Raw Zone  

Data arrives messy (JSON/CSV/logs).

Athena can query it, but performance is poor.

Curated Zone  

Data standardized → Parquet/ORC, partitioned, cleaned.

This is Athena’s main analytical foundation.

Analytics / Gold Zone  

Where Iceberg/Hudi/Delta tables live.

Full ACID, snapshot metadata, schema evolution, time travel.
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Consumer/Mart Zone  

Materialized summary tables for BI dashboards, lightweight analytics.

Athena’s effectiveness directly depends on how well these zones are engineered.

5 — Table Formats & Metadata (Questions 3, 
12, 14)

 

Athena integrates deeply with:

Iceberg (best for Athena)

Hudi (streaming/upserts)

Delta (manifest mode)

These formats supply:

Snapshots

Manifests

Min/max statistics

Partition evolution

Schema evolution

They eliminate S3 prefix scanning at scale.

6 — Query Performance & Scaling (Questions 
6, 7, 8, 9, 17)

 

Performance is governed by:

File formats (Parquet > CSV)

File sizes (128MB–1GB)

Partitioning strategies

Manifest pruning

Spill minimization

Predicate pushdown

Avoiding SELECT *

Join pattern optimization

Using CTAS to break heavy queries

Parallelism emerges from how many splits can be created from the underlying files.
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7 — Network Architecture (Questions 13, 14)  
The blueprint includes:

PrivateLink access to Athena

S3 VPC endpoints for private data paths

Bucket policies enforcing VPC-only access

Lake Formation cross-account governance

KMS CMKs for encryption of:

raw data

curated data

analytics tables

spill

results

This ensures no data flows through public internet paths in hardened setups.

8 — Integrations (Questions 16, 18)  
Athena integrates with:

Glue ETL / EMR Spark for heavy transformations

Kinesis / Firehose for streaming ingestion

Lambda for serverless orchestration + federated SQL

QuickSight for BI

Redshift Spectrum for unified lakehouse access

Step Functions for workflows

Federated Query for SQL over DynamoDB, RDS, CloudWatch Logs

This makes Athena the “SQL front-end” of the entire AWS analytics ecosystem.

9 — Monitoring, Observability, and Logging 
(Question 15, 19)

 

The bottom layer contains the observability stack:

CloudWatch Metrics — bytes scanned, execution time, queue time

CloudWatch Logs — query text, errors, diagnostics

CloudTrail — API-level auditing

S3 Access Logs — file-level read patterns

This provides:
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operational debugging

performance monitoring

compliance auditing

SQL usage intelligence

security tracing

10 — Misconceptions, Pitfalls, Anti-Patterns 
(Question 20)

 

The full system diagram intentionally reveals why these misconceptions are wrong:

Athena is not a database (it’s just a query layer).

Athena does not auto-optimize S3 (you must engineer layout).

Athena does not bypass governance (Lake Formation enforces it).

Athena does not build indexes (it relies on file formats + metadata).

Athena does not automatically prune small files.

Athena does not guarantee infinite scaling (workgroup limits exist).

All mistakes collapse when the true architecture is understood.
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