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The Data Deluge
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Popularity of Columnar Database
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Which one is better?
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Open Columnar Formats
Columnar Table

Row Batch 1

Row Batch n

Row Batch 2

…

Chunked 
Column 1

Chunked  
Column 2

Chunked 
Column m

Metadata

…

Figure A. Columnar format layout 

Table 1. Column format name convention mapping
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Row Batch x

Chunked 
Column 1

Chunked 
Column 2

Chunked 
Column m

Zone Map

…

Dictionary
Page

Data Page i

Data Page 1

…

…
Row Batch x

Index data Index Col 1 Index Col 2 Index Col n

Row Batch Footer

Row data Chunked Col 1 Chunked Col 2 Chunked Col n…

Index data column n:
Min/Max values.
Row position.
Block offsets.
Bloom filter.

Row data column n with Integer:
Present (non-null) bit stream.
Integers encoded as RLE/Bitpacking.
/////////////////////
Row data column n with String:
Present (non-null) bit stream.
Dictionary data (bytes).
Dictionary length (RLE).
Encoded row data (RLE).

Figure B. A Parquet row batch

Figure C. An ORC row batch



Common features
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DICT None Chunk None
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Compute

Dremio, 
Spark, Pandas

DICT Zstd, LZ4 None None
On-Disk 
Storage
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DICT, RLE, 
BP, Delta, ...

Gzip, Zstd, LZO, 
LZ4, Snappy, …

Record None
On-Disk 
Storage
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DICT, RLE, 
BP, Delta

Snappy, Zlib, 
LZ4

Chunk None
On-Disk 
Storage
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Compression performance Query performance



Methodology

To most fairly compare the formats, we evaluate each
format across the following dimensions:
oCompression ratio

o ~31K data columns extracted from real-world datasets, TPC-DS dataset (SF=10)

oTranscoding throughput
o Compression and decompression overhead

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, vectorization, 

compiler optimization
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Evaluation outline

oCompression ratio
o ~31K data columns extracted from real-world datasets, TPC-DS dataset

oTranscoding throughput
o Compression and decompression overhead

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, vectorization, 

compiler optimization

9



Compression Ratio over Real World Datasets
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Table I. Total size (in GB) by format for columns in the 
CodecDB, BI, and JOB datasets. (~31k cols)

Fig A. Column compression ratio CDFs over the CodecDB, BI and JOB datasets. 

Table II: Average and stddev compression ratios by data type. 
( CR= compressed_size / original_size )



Compression Ratio over TPC-DS Dataset
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Evaluation outline

oCompression ratio
o ~31K data columns extracted from real-world datasets, TPC-DS dataset

oTranscoding throughput
o Compression and decompression overhead (arrow in-memory table ⇔ format x )

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, vectorization, 

compiler optimization
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Compression Overhead
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Decompression Overhead
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Takeaways
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Encoding and compression choices greatly impact performance, with formats like 
Parquet and ORC targeting size on disk, while Arrow targets raw read
performance in memory.

To optimize both size and performance, formats should be carefully tuned to the 
workload and use case, and workload-aware compression selection is crucial. 

It remains an open question of how much computation can be pushed into the 
encoded space to minimize the decoding step while maximizing the compression 
ratio. 



Evaluation outline

oCompression ratio
o ~31K data columns extracted from real-world datasets, TPC-DS dataset

oTranscoding throughput
o Compression and decompression overhead

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, vectorization, 

compiler optimization
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Projection - Integer

17Figure A. Projecting Integer type on the catalog_sales table
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Projection - Double
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Figure A. Projecting Double type on the catalog_sales table



Profiling on The Loading Time

Figure A. Profiling single column to full table sequential loading for ORC and Apache Arrow 
from the catalog_sales table 19
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Arrow Parallel Loading
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Bit-vector performance by selectivity
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High selectivity (Log-log scale)
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Takeaways

Trade-offs exist for simple data access operations, with no format being the best in 
every case. 

Data skipping is important, but it does not always help. Workload-aware data 
partitioning can be used to balance these factors. 

Record-level data access APIs provide flexibility for data skipping, but has reduced 
performance on queries with high selectivity compared to bulk loading APIs. 

To improve performance, on-disk formats should be more adaptive and co-designed 
with an in-memory representation. 
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Evaluation outline

oCompression ratio
o ~31K data columns extracted from real-world datasets, TPC-DS dataset

oTranscoding throughput
o Compression and decompression overhead

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, vectorization, 

compiler optimization
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End-to-End Evaluation over Subexpressions

Table A. Evaluated TPC-DS SP query subexpressions
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Leaf Subexpression Evaluation
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Figure A. Log-scale runtimes by format for queries with a cold cache.



Evaluation outline

oCompression ratio
o ~31K data columns extracted from real-world datasets, TPC-DS dataset

oTranscoding throughput
o Compression and decompression overhead

oData access
o Micro-benchmarking over projection, predicate and bitmap evaluation

oEnd-to-end evaluation over subexpressions
o End-to-end query performance over query subexpressions drawn from TPC-DS 

oAdvanced features
o Apply popular optimization features e.g., lazy loading, in-situ query, 

vectorization, compiler optimization
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Optimizing Arrow
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Figure A. Arrow Feather runtime with and without direct query (warm cache execution)



Optimizing Parquet
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Figure A. Parquet performance with various optimizations



Optimization Takeaways

Compiler-based optimization can boost query performance in limited 
circumstances, but support is uneven. 

Arrow computation is a good fit for computation-heavy operations, 
where data deserialization costs can be amortized.

Optimized Parquet is a good fit for storage side processing, when data is 
maintained in its original form and queries are pushed down to the 
compressed domain. 
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Thanks
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