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Abstract

Feature stores have emerged as a critical component of production machine learning infrastructure,
providing a layer of abstraction between raw data and model training and serving that addresses the dual
challenges of feature reuse and online/offline consistency. Despite their growing adoption, the design
space for feature stores is poorly mapped in the academic literature, with most detailed discussions
confined to engineering blog posts and conference talks from technology companies. This technical
communication systematises the feature store design space through a taxonomy of five architectural
patterns — Lambda architecture, Kappa architecture, pre-computed oftfline-only, on-demand online-only,
and hybrid push-pull — and provides quantitative comparisons of each pattern across four operational
dimensions: latency, throughput, freshness, and operational complexity. We describe our experience
migrating from a Lambda-based feature store to a hybrid push-pull architecture serving over 800 models
and 15,000 feature definitions at Rakuten Group, report on the specific engineering trade-offs
encountered, and provide a decision framework for architecture selection based on feature type and
serving latency requirements.
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1. Introduction

The feature store problem is deceptively simple to state: you want to compute features from raw
data, store them efficiently, and serve them consistently for both model training and online inference.
The practice is considerably more complex. Training and serving environments have different
computational constraints, different latency budgets, and different freshness requirements. Features
that are trivially computed offline (seven-day rolling purchase value, account age in days) require
real-time event streaming to serve freshly at inference time. And the operational overhead of
maintaining consistency between the feature values used in training and those seen at serving time —
training-serving skew — is one of the most common sources of silent production ML failures.

The term 'feature store' has been applied to an unusually wide range of systems, from simple
Parquet file directories with a metadata layer to fully managed streaming pipelines with online serving
at sub-millisecond P99 latency. This variety makes it difficult to compare approaches or make
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principled architectural choices. Our goal in this technical communication is to reduce that confusion
by providing a systematic taxonomy of architectural patterns and a quantitative framework for
evaluating them.

2. Architectural Patterns

2.1 Lambda Architecture

The Lambda architecture partitions feature computation into a batch layer (producing accurate
historical features from complete data, typically daily or hourly) and a speed layer (producing
approximate but low-latency features from recent events). Both layers write to a serving layer. At
training time, the batch layer provides the feature values; at serving time, recent speed layer values
are merged with batch values to provide a complete, approximately fresh feature vector. This
architecture is conceptually clean and operationally mature — it is the dominant pattern in legacy
feature store deployments — but its dual-layer maintenance overhead is significant, and the merge
semantics at serving time are a common source of subtle inconsistencies.

2.2 Kappa Architecture

The Kappa architecture eliminates the batch layer entirely, treating all feature computation as
stream processing. Historical feature recomputation is handled by reprocessing the event log,
typically stored in a durable message queue such as Apache Kafka. Kappa simplifies the operational
surface but demands a streaming compute platform (Apache Flink, Spark Streaming) capable of
handling both low-latency serving and high-throughput historical reprocessing. The key insight is
that if your streaming platform is fast enough, you do not need a separate batch layer. The
qualification is significant: Kappa works well for relatively simple aggregations over recent windows
but struggles with complex historical aggregations that require full dataset passes.

2.3 Hybrid Push-Pull

The hybrid push-pull pattern separates feature definitions into two categories based on their
freshness requirements. Static and slowly-changing features (user demographics, account-level
aggregations with daily granularity) are pre-computed in batch and pushed to the online store on a
schedule. Dynamic features with latency requirements below 100ms are computed on-demand from
a combination of pre-aggregated state and real-time event data. This pattern requires maintaining two
feature computation paths but allows each path to be optimised for its specific characteristics,
avoiding the overhead of running a full streaming pipeline for features that do not require it.

Table 1. Architectural pattern comparison across four operational dimensions. Scores from 1 (poor) to 5
(excellent). Scores reflect typical deployments; actual performance depends heavily on implementation

choices.
Pattern Latency Throughput  Freshness Ops. Complexity
(P99)
Lambda 5 4 3 2
Kappa 4 5 5 3
Pre-computed offline 5 5 1 5
On-demand online 3 2 5 2
Hybrid push-pull (our 4 4 4 3
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Pattern Latency Throughput  Freshness Ops. Complexity
(P99)

approach)

Latency and throughput scores reflect typical configurations. Ops. Complexity is inverse: 5 = simpler to
operate. Hybrid push-pull balances all dimensions better than pure approaches for diverse feature
portfolios.

3. Migration Experience

3.1 From Lambda to Hybrid Push-Pull

Our migration at Rakuten Group was motivated by two specific operational failures of the
Lambda architecture at scale. First, the dual-layer consistency problem: after our online catalogue
expanded to 45 million products, the merge semantics between batch and speed layer values for
product-level features produced sporadic inconsistencies that took six months to diagnose fully.
Second, the batch layer lag: our daily batch computation cycle was taking 14 hours on the data
volumes we were processing, meaning that features were frequently more than 24 hours stale during
the cycle overlap period.

The migration to hybrid push-pull took 14 months and involved re-classifying 15,000 feature
definitions into static (9,200 features) and dynamic (5,800 features) categories based on their staleness
tolerance and query frequency. The classification was done through a combination of staleness
sensitivity analysis (how much does model performance degrade if this feature is 6 hours stale?) and
query profiling (how many inference requests per second does this feature serve?). The most
surprising finding from this analysis was that approximately 40% of features classified as 'real-time'
by their original authors were in practice insensitive to staleness up to 6 hours, allowing them to be
reclassified to the lower-cost pre-computed path.

4. Decision Framework

Based on our experience and the architectural analysis above, we propose the following decision
framework. If your feature portfolio is dominated by slow-changing or daily-granularity features, and
your model inventory does not require sub-second serving latency, pre-computed offline is
operationally simpler and should be your default. If sub-second serving latency is required for more
than 20% of your features, and your team has streaming infrastructure expertise, Kappa provides the
cleanest semantic model. For large, diverse feature portfolios like ours, hybrid push-pull provides the
best balance of operational manageability and serving performance, at the cost of maintaining two
feature computation paths.

5. Conclusion

The feature store is not a commodity component that can be selected from a catalogue without
careful attention to the specific characteristics of your feature portfolio and serving requirements. The
architectural patterns we have described occupy meaningfully different positions in the latency-
freshness-complexity space, and the right choice depends on use case characteristics that are often
not assessed systematically. We hope the taxonomy and decision framework provided here give ML
platform engineers a more principled basis for feature store architecture decisions.
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