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Background
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Time series database status

• Typical scenarios:
• IoT and Sensor Monitoring
• DevOps Monitoring
• Real-Time Analytics

• Increasing significantly in the 
past few years
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From DB-Engines Ranking



Major task

• Top level user view
• Query
• Analyze
• Predict

• Bottom level system view
• Massive read, write
• Compression, decompression
• Downsample, Aggregation etc.

• On <timestamp, value> 8B/8B© 2020 Alibaba Group



A key problem
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Digital Economy

IoT era

5G network

…

Explosion of time series data

Apply Compression

Save footprint

Improve transfer 
latency

Improve process 
performance

How to compress efficiently?



Existing compression solutions
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• Snappy: byte level prediction, RLE 
• Gorilla: first apply delta-of-delta on timestamp and xor on value data
• MO: remove bit-level packing for parallel processing
• Sprintz: support predict, bit-packing, RLE and entropy coding
• … 

• In general: 
• Support single mode, or a few static modes to compress the data
• Most use bit-packing good for compression efficiency



Two level compression framework

© 2020 Alibaba Group



Problem
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• Transform stage
• Map raw data to transformed data that can be easily stored.
• Capture the pattern of raw data.
• 6 transform primitives; can be extended to fit other patterns.
• Example: use delta-of-delta (DOD) on a near-linear time series data

Model Formalization: Transform
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Name Desc.

Delta 𝑣𝑣𝑖𝑖 − 𝑣𝑣𝑖𝑖−1
RD 𝑣𝑣𝑖𝑖−1 − 𝑣𝑣𝑖𝑖
Xor 𝑣𝑣𝑖𝑖 𝑥𝑥𝑥𝑥𝑥𝑥 𝑣𝑣𝑖𝑖−1

DOD (𝒗𝒗𝒊𝒊 − 𝒗𝒗𝒊𝒊−𝟏𝟏)-(𝒗𝒗𝒊𝒊−𝟏𝟏 − 𝒗𝒗𝒊𝒊−𝟐𝟐)
RDOD (𝑣𝑣𝑖𝑖−1 − 𝑣𝑣𝑖𝑖−2)−(𝑣𝑣𝑖𝑖 − 𝑣𝑣𝑖𝑖−1)

DX (𝑣𝑣𝑖𝑖 − 𝑣𝑣𝑖𝑖−1)xor(𝑣𝑣𝑖𝑖−1 − 𝑣𝑣𝑖𝑖−2)



• Differential coding:
• Encode a value with less space by eliminating the zero bytes.
• 3 coding primitives; can also be extended
• Examples: Compress 5B data into 1B

Model Formalization: Differential coding
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Naïve adaptive compression

• Naïve solution: Try all possible combinations for each data point

• Problem: metadata explosion
• We have to record the compression scheme for each data point
• At least 2 Byte metadata (primitive choice + primitive parameter) for each data 

point
• 25%+ overhead



Observation

• For most time series data,
• The total number of different patterns is limited
• Patterns can remain stable for a contiguous time range



Model Formalization: 
parameterized scheme space

Compression schemeCompression schemePer point …

Per timeline Scheme space

Parameterized scheme spaceAll time series

• If supports 4 adaptive schemes, only 
2 bits, 3.125% metadata overhead



Solution: 2 level compression framework
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Figure out a proper 
scheme space

Find best scheme to 
compress



Rule-based scheme space selection
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• Use rules to select scheme space for the 
dataset.

• Problem:
• Metric maybe not ideal
• Human manually designed code
• Not an automatic and adaptive method



Apply machine learning
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Use deep reinforcement learning
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• Why machine learning? • Why reinforcement learning?
• Not easy to create sample with label

• 256^256 samples in theory, each need traverse 
331,776 choices to figure out best

• Not ideal one-class-label
• Should be automatic 

Time –
series 
Data

Analyze

Multi-label classification problem



Neural network framework

© 2020 Alibaba Group

• 32 points are taken as a basic block
• Duplicate and batch blocks to train, sample options, calculate loss 

and then do back propagation



Results
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Experiment setup
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• Gorilla: a state-of-the-art  commercial 
bit-level compression algorithm applied 
in server side

• MO (Middle-Out): a public byte-level 
compression algorithm good for 
parallel processing

• Snappy: a general-purpose compression 
algorithm developed by Google 

• AMMMO variants
• AMMMO Lazy
• AMMMO Rnd1000Avg
• AMMMO Analyze
• AMMMO ML
• …



AMMMO performance comparison

© 2020 Alibaba Group

• Compression ratio: 
Snappy << Gorilla/MO << AMMMO

• AMMMO Compression efficiency: 
GB/s level in GPU platform



ML performance
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• ML performs well in compression ratio view
• ML selects similar meaningful parameter value



Conclusion

• Proposed a two level framework for time-series data compression
• In detail, we presents AMMMO definition, the result shows it achieves ~50% 

better compression efficiency, and fits parallel computing well

• Designed DRL logic to do scheme space selection (for final 
compression), which is an automatic, intelligent, and efficient way



Reference
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