
Council for Theoretical and Applied Sciences

A High-Throughput Retrieval-Augmented
Generation Backend with Consistent Index
Updates and Cache Coherency for Marketplace
Product Search

Bagas Wiratama,1 Fadhil Setiawan2

1 Department of Computer Science, Institut Teknologi Cakrawala, Jalan Cendana Raya No. 18, Bandung, Jawa Barat, Indonesia;
2 Department of Computer Science, Universitas Mandala Nusantara, Jalan Melati Utama No. 42, Yogyakarta, Daerah Istimewa Yogyakarta,

Indonesia;

Abstract
Marketplace product search increasingly blends traditional information retrieval with neural retrieval and large language model gen-
eration to support richer query understanding, multi-attribute matching, and response synthesis. In operational settings, however, the
retrieval-augmented generation (RAG) backend must handle high query throughput while continuously ingesting catalog changes
such as price updates, inventory fluctuations, and policy-driven content edits. These changes complicate index maintenance because
retrieval quality and user-facing correctness depend on coherent visibility across dense vector indexes, sparse lexical indexes, feature
stores, and caches. This paper describes a high-throughput RAG backend design for marketplace product search that emphasizes con-
sistent index updates and cache coherency under frequent, fine-grained catalog mutations. The architecture combines event-sourced
ingestion, deterministic embedding generation, hybrid retrieval with shard-local fusion, and a read path that is explicitly versioned
by index epochs. Consistency is treated as a systems property rather than an application afterthought: updates are sequenced through
a commit log, materialized into multi-index snapshots using write-ahead metadata, and made visible via atomic epoch advances that
align caches, rerank features, and retrieval results. Cache coherency is implemented using generational keys, epoch-tagged entries,
and selective invalidation driven by product-level dependency tracking. Performance is analyzed through queueing-based capacity
models and staleness bounds derived from update propagation delays. The discussion focuses on practical tradeoffs among latency,
freshness, and operational complexity in a production marketplace setting.

1. Introduction
Marketplace search differs from many document retrieval
workloads because the corpus is dominated by short, struc-
tured items whose meaning depends on rapidly changing
attributes [1]. A product listing is not only a textual de-
scription but also a bundle of constraints such as price,
currency, shipping region, inventory status, seller reputa-
tion, compliance flags, and taxonomy placement. Many
of these constraints change frequently, and user expecta-
tions for correctness tend to be strict for certain attributes.
If an item is out of stock or cannot ship to a user’s region,
retrieving and presenting it as a primary candidate can be
perceived as an error even if the textual match is strong.
The introduction of retrieval-augmented generation am-

plifies these challenges because the generated response,
whether it is a conversational answer, a synthesized com-
parison, or an explanation of why an item matches, is
only as faithful as the retrieved context. When the re-
trieval layer is stale or inconsistent across indexes, genera-
tion can appear confidently incorrect because it composes
statements from partial or conflicting views of the catalog
[2].

At the same time, the backend must satisfy strin-
gent latency and throughput constraints. Product search
is frequently placed on the critical path of user interac-
tion, and the tail latency distribution matters as much as
the median. The RAG pipeline adds computational stages:
dense embedding of the query, approximate nearest neigh-
bor retrieval, lexical retrieval, candidate fusion, learned
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Figure 1: High-throughput RAG backend for marketplace product search: a tight online path (ingress → retrieval → context →
generation → ranking) with separate stores for the vector index, catalog truth, and hot-path caching.
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Figure 2: Consistent index updates via ordered change capture, versioned build artifacts, and an atomic read-pointer swap: reads
remain on a stable active version while the next version is warmed and validated.

reranking, context packaging, and generation. Each stage
consumes time and introduces opportunities for caching.
Caching is often the difference between feasible and in-
feasible cost profiles at scale, but caching can also be-
come a source of inconsistency when catalog mutations
are frequent [3]. If retrieval results are cached without
regard to index version, then a query can return candi-
dates that no longer satisfy constraints. If generated an-
swers are cached aggressively, then answers can reference
items whose price has changed or whose availability has
shifted. In a marketplace, these kinds of inconsistencies
are not merely cosmetic; they can degrade trust and may
create policy and compliance concerns depending on the
domain.

A common response is to relax freshness and accept
eventual consistency, but the operational question is not
whether eventual consistency exists, but how it manifests.
If different subsystems converge at different rates, then the
user experience can oscillate between states in which some
attributes are fresh and others are stale [4]. For example,
a sparse index might be updated quickly with inventory
changes, while a dense index lags because embeddings
are regenerated asynchronously. A reranker feature store
might contain the latest seller metrics, while cached re-
trieval sets still reflect an older taxonomy mapping. Such

partial freshness can be worse than uniformly stale data
because it produces contradictions that are hard to rea-
son about and hard to debug. A robust backend therefore
needs a principled notion of visibility and a mechanism to
align read-time components with a coherent version of the
corpus.

This paper presents a backend design that treats the
RAG system as a versioned dataflow. Catalog changes en-
ter through a commit log that defines a total order per prod-
uct and a global progression through watermarks [5]. De-
rived artifacts, including lexical postings updates, vector
index updates, feature store updates, and cache updates,
are materialized as functions of the log. Read-time com-
ponents then select a consistent snapshot, expressed as
an index epoch, and the system enforces that all retrieval
and generation decisions are tied to that epoch. The goal
is not to enforce strict serializability across all products
and all reads, which would be costly and unnecessary for
search, but to enforce internal coherency such that a single
request does not mix incompatible versions of the same
product across stages. This coherency is also used to man-
age caching: caches are not simply key-value stores but
become version-aware layers that can safely reuse work
within a defined epoch boundary.
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Figure 3: Cache coherency with lightweight version tokens (index and catalog versions) and targeted invalidation: hot-path caches
remain fast while stale entries are rejected or evicted without global flushes.

Table 1: Core components of the high-throughput RAG backend

Component Role in Pipeline Implementation Highlights

Query Router Routes search and generative
queries to appropriate shards
and models

Consistent hashing with
latency-aware load balanc-
ing

Dual Index (BM25 + Vector) Provides lexical and seman-
tic retrieval for marketplace
products

Sharded inverted index;
HNSW-based ANN vector
index

RAG Orchestrator Coordinates retrieval, rank-
ing, and generation for an-
swers

Asynchronous fan-out with
deadline-aware cancellation

Cache Layer Caches retrieved contexts
and generation results

Hierarchical key-value cache
with versioned entries

Update Stream Processor Applies product catalog
changes to indexes and
caches

Exactly-once processing us-
ing ordered change streams

The specific focus is on marketplace product search,
which motivates several design choices [6]. Hybrid re-
trieval is typically required because lexical retrieval han-
dles rare terms, codes, and exact attribute matches, while
dense retrieval captures semantic similarity, paraphrases,
and attribute inference. The catalog is often large, and
indexing is distributed across shards for both sparse and
dense representations. Updates are frequent and skewed:
a small subset of products may receive many updates due
to promotions, while the long tail changes rarely. The
backend must therefore handle high update rates without
forcing constant full index rebuilds. Approximate nearest
neighbor structures such as HNSW or IVF-like schemes
can support incremental updates, but their behavior under
heavy churn must be managed to avoid recall degradation
and fragmentation [7]. Similarly, sparse indexes often use
segment-based approaches and merge policies that must
be tuned to avoid write amplification.

A further complication is that RAG introduces a
second-order dependency: the retrieval set influences gen-

eration, and generation can be cached independently. If
a cached generation response is served after the retrieval
set is no longer valid, the system can present a narrative
that does not match the current catalog. One approach is
to disable caching of generated outputs, but this increases
cost and latency. Another approach is to cache with strict
invalidation, but invalidation is hard when the dependency
graph is large and dynamic. The approach here is to
treat generation outputs as epoch-tagged artifacts, and to
use dependency-aware invalidation for a narrow subset of
changes that are known to affect output correctness mate-
rially, while relying on epoch advances to bound staleness
[8].

The remainder of the paper is organized as a se-
quence of system concerns rather than a purely algorith-
mic narrative. The architecture section describes the end-
to-end dataflow from ingestion to serving, emphasizing
how epochs are produced and consumed. The data and
indexing section describes hybrid retrieval, metadata fil-
tering, and the representation choices that enable incre-

Council for Theoretical and Applied Sciences
3



,

Query
intent + filters

Normalize
spelling, facets

Embed
cached vector

ANN Retrieve
top-k vectors

Lexical Retrieve
BM25 / rules

Merge
dedupe + score

Fetch Evidence
product cards

Generate
constrained answer

Post-process
compliance + formatting

budget: ms

fuse

Figure 4: Online RAG execution pipeline for product search: normalized intent is embedded, retrieved through ANN and lexical
channels, merged into evidence cards, then used for constrained generation and safe post-processing.

mental updates. The consistent index update section ex-
plains how the system maintains multi-index coherency
using log sequencing, write-ahead metadata, and atomic
epoch publication, including approaches for handling em-
bedding regeneration and backfills. The cache coherency
section details versioned caching, selective invalidation,
and mechanisms to prevent thundering herds during epoch
transitions [9]. The performance modeling and evaluation
section presents analytical models that connect through-
put, latency, cache hit rate, and staleness, and it discusses
practical measurement strategies. The conclusion sum-
marizes tradeoffs and outlines directions for refinement
within the constraints of production marketplaces.

2. System Architecture
The backend is structured as two coupled planes: a write
plane that ingests and materializes catalog state into mul-
tiple retrieval and ranking artifacts, and a read plane that
serves queries using a consistent snapshot of those arti-
facts. The coupling is mediated by an epoch manager,
which is responsible for publishing a monotonic sequence
of epochs, each corresponding to a set of artifact versions

that are mutually compatible. An epoch is not necessar-
ily a single global snapshot in the database sense, because
search infrastructure is distributed and often partitioned
by shard, but the epoch defines a contract: for any request
served at epoch e, all components that contribute to re-
trieval, ranking, filtering, and generation must either use
data produced for epoch e or data that is guaranteed to be
backward-compatible with it under explicitly defined rules
[10].

On the write plane, catalog events are captured from
the source of truth, typically via change data capture from
transactional systems or via an application-level event
stream. Each event is normalized into a canonical product
mutation record that includes a product identifier, an event
timestamp, a source sequence number when available, and
a set of changed fields. The event stream is appended to a
commit log with partitioning by product identifier to pre-
serve per-product ordering. The log may be implemented
via a distributed messaging system, but the key property
is that consumers can deterministically replay events and
that offsets can be checkpointed. The system includes mul-
tiple consumers: a materializer that constructs the current
product state, an embedding pipeline that produces dense
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Figure 5: Throughput-oriented scaling: shard-local retrieval workers feed an embedding service and a batched LLM cluster, with
queue-based backpressure and token-aware autoscaling to protect p99 latency.
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Figure 6: Operational safety loop: telemetry drives SLO monitoring and index-lag alerts, while a circuit breaker enables graceful
degradation to retrieval-only results during overload or cache/index inconsistencies.

vectors and textual features, a lexical indexer that updates
sparse postings, a feature pipeline that updates ranking
features, and a cache invalidation pipeline that produces
signals for selective invalidation [11].

Materialization proceeds in two stages. The first
stage maintains a compacted product state store that is
keyed by product identifier and holds the latest author-
itative representation required for retrieval and ranking.
This store is updated by applying mutations from the com-
mit log in order, resolving conflicts using source ordering
and explicit precedence rules. The store is written with
a version counter per product, which increments on each
applied mutation. The second stage produces derived ar-
tifacts. For lexical indexing, the derived artifact includes
tokenization outputs, attribute normalization, and post-
ings updates; for dense indexing, it includes embeddings
derived from a chosen model and preprocessing pipeline;
for features, it includes computed statistics and join re-
sults with seller and behavioral data [12]. Importantly,
each derived artifact is annotated with the product version
and the log offset that produced it, enabling downstream
components to reason about freshness and to detect gaps.

The epoch manager consumes watermark informa-
tion from the artifact pipelines. Each pipeline reports the
highest log offset for which it has fully materialized arti-
facts into a serving-ready form. Serving-ready here means

that the data has been written to the appropriate storage
and that the storage has acknowledged durability. The
epoch manager then computes an epoch candidate as the
minimum of these offsets across pipelines, potentially af-
ter applying policy constraints [13]. For example, the sys-
tem may require that lexical and dense indexes are within
a bounded offset distance of each other, or it may allow
the dense index to lag slightly if query-time fusion can
tolerate it for certain query classes. The epoch manager
publishes an epoch record that includes the epoch identi-
fier, the log offset boundary, and pointers to the specific
index segments or shard versions that correspond to that
boundary. Publication is performed atomically, typically
by writing to a strongly consistent metadata store. Read
nodes watch this metadata and update their local epoch
view.

The read plane consists of a query gateway, retrieval
services, reranking services, and a generation service [14].
The query gateway performs authentication, request shap-
ing, and admission control. It attaches an epoch to each
request, either by using the latest published epoch or by se-
lecting an older epoch for canarying or for graceful degra-
dation when some components are recovering. The re-
trieval services execute hybrid retrieval. A sparse retriever
queries a lexical index and applies attribute filters, while a
dense retriever computes a query embedding and performs
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Table 2: Marketplace datasets used for evaluation

Dataset #Queries (M) #Products (M) Avg. Description
Length

Electronics 12.4 38.1 84 tokens
Home & Kitchen 9.7 25.3 71 tokens
Fashion 15.2 44.8 63 tokens
Long-tail Niche 3.1 6.5 129 tokens
All Categories 40.4 114.7 78 tokens (weighted)

Table 3: Latency breakdown of the product search and RAG stack

Stage Baseline p95 (ms) Proposed p95 (ms) Relative Improve-
ment

Query Parsing &
Routing

12.4 9.1 26.6%

Index Lookup
(BM25)

41.0 29.7 27.6%

Vector Retrieval 63.5 38.2 39.8%
Reranking 54.3 47.9 11.8%
Generation (RAG) 188.6 162.3 13.9%
End-to-end
(Search+RAG)

359.8 282.1 21.6%

approximate nearest neighbor search against a vector in-
dex. The candidate sets are fused, often by score normal-
ization and rank aggregation, and passed to the reranker.
The reranker queries a feature store and applies a learned
model to produce a final ranking [15]. The generation ser-
vice selects a subset of top candidates, constructs a context
with product attributes and snippets, and invokes an LLM
to produce a structured output, such as a conversational
explanation or a comparison. The generation stage can be
optional depending on the product surface, and in some
flows the system returns ranked products without genera-
tion, but the backend design supports both.

A key architectural decision is that the epoch is
treated as a first-class parameter across all service calls.
Retrieval calls include the epoch so that the sparse and
dense retrievers can select the correct index segments and
so that caches can be partitioned by epoch. Feature store
reads include the epoch so that feature values align with
the same product versions used in retrieval [16]. Genera-
tion calls include the epoch so that any cached generation
outputs can be validated. This approach shifts complexity
from ad hoc invalidation to systematic versioning. The
tradeoff is that every storage and cache layer must under-
stand epochs, but the resulting behavior is easier to reason
about and easier to debug because inconsistent mixes of
versions become detectable.

To support high throughput, the architecture uses
horizontal scaling, shard-local execution, and batching.
Query embedding computation is batched at the dense re-
triever, which exposes a micro-batching interface and uses
GPU or specialized inference accelerators when available
[17]. Approximate nearest neighbor search is executed in
shard-parallel fashion, and results are merged at the caller.
Lexical retrieval is similarly shard-parallel. Reranking is
often the most CPU-intensive stage if the model is com-
plex; therefore, it is implemented as a stateless service
with vectorized feature extraction and model inference.
Generation is typically the most expensive stage; there-
fore, it is rate-limited and often gated by intent classifica-
tion so that only queries that benefit from synthesis trigger
generation.

Observability is integrated into the architecture with
per-epoch metrics. The system logs the epoch used for
each request, along with retrieval statistics such as can-
didate counts and score distributions, cache hit rates per
layer, and generation usage [18]. The write plane logs
epoch publication frequency and lag metrics per pipeline.
These logs enable correlation between user-visible issues
and specific epoch transitions. When an issue is detected,
operators can compare behavior across epochs, roll back to
an earlier epoch, or temporarily decouple certain pipelines
by adjusting epoch policy, such as allowing the dense in-
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Table 4: Throughput scaling with sharding and parallelism

Configuration Shards Peak QPS (Baseline) Peak QPS (Proposed)

Single-shard 1 1.1k 2.0k
Shard-per-category 8 5.4k 10.2k
Fine-grained shard-
ing

32 8.7k 17.5k

Fine-grained + RAG
caching

32 9.3k 21.8k

Global autoscaling 64 10.1k 25.4k

Table 5: Cache strategy comparison for RAG contexts and generations

Cache Strategy Hit Rate p95 Latency Reduc-
tion

Avg. Invalidation
Lag

No Cache 0.0% – –
Query-keyed LRU 42.7% 15.3% 18.2 s
Context-keyed LFU 58.9% 21.4% 11.7 s
Versioned Product
Cache

64.3% 24.8% 2.9 s

Hybrid Versioned
Cache

71.5% 28.6% 3.1 s

dex to lag within a threshold while disabling generation
caching.

The architecture also accounts for multi-region de-
ployments. In a global marketplace, serving often occurs
in multiple regions, and write pipelines may be central-
ized or regionally replicated [19]. The epoch manager can
operate per region, publishing region-specific epochs, or
it can publish a global epoch that all regions follow. A
global epoch simplifies coherency but can amplify the im-
pact of a slow region; a regional epoch reduces coupling
but introduces cross-region divergence. The design pre-
sented here supports regional epochs with a shared com-
mit log replicated across regions, enabling each region to
advance its epoch according to local materialization sta-
tus while maintaining per-product ordering via partitioned
replication. Cross-region consistency is then a matter of
bounding divergence in epoch offsets and ensuring that
user flows that cross regions, such as seller dashboards,
do not rely on the same coherency contract as search.

3. Data Representation and
Hybrid Indexing
Marketplace product data is heterogeneous, blending free-
form text with structured attributes [20]. A retrieval sys-
tem that relies solely on one representation tends to exhibit
systematic failures. Sparse lexical retrieval excels when

queries include specific model numbers, brand names,
SKU-like tokens, and exact attribute constraints, but it
can struggle with paraphrases and implicit intent. Dense
retrieval can capture semantic similarity and can handle
synonymy and paraphrase, but it can be sensitive to distri-
bution shifts and may retrieve semantically related items
that violate hard constraints. A practical backend there-
fore uses hybrid retrieval, but hybrid retrieval is not a sin-
gle algorithm; it is an interplay of representation choices,
filtering mechanisms, and fusion strategies, all of which
interact with update consistency.

The product representation used for lexical indexing
is constructed from multiple fields: title, description, cat-
egory labels, brand, and selected attributes that are mean-
ingful to users, such as size or material [21]. Structured
fields are normalized into text in a controlled manner, us-
ing stable serialization rules so that tokenization is deter-
ministic. Determinism matters for incremental indexing
because nondeterministic serialization can create spurious
diffs that increase churn. The lexical index is stored as a
set of immutable segments, each built from a batch of up-
dates, with background merging to control segment count.
Each posting entry references a product identifier and
stores term frequency and field-aware boosts. Attribute
filters, such as price range and region, are not encoded as
postings when they change frequently; instead, they are
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Table 6: Consistency of index and cache updates under catalog churn

Scenario Avg. Index Lag Requests with Stale Results

Baseline nightly rebuild 6 h 12 m 7.8%
Hourly micro-batches 38 m 3.1%
Streaming without version-
ing

9.4 m 2.6%

Streaming with versioning 4.1 m 0.9%
Streaming + cache invalida-
tion hints

3.6 m 0.6%

Table 7: RAG answer quality for marketplace product queries

Configuration Recall@10 nDCG@10 Human Helpfulness
(0–5)

BM25-only 0.71 0.62 3.2
Vector-only 0.78 0.66 3.6
BM25 + Vector (no
RAG)

0.82 0.71 3.9

RAG w/o freshness
guarantees

0.86 0.75 4.1

RAG with consistent
updates

0.88 0.78 4.4

RAG + cache co-
herency

0.88 0.79 4.6

handled via a sidecar metadata store or via doc values that
are optimized for filtering.

The dense representation is produced by an embed-
ding model applied to a curated text view of the product
[22]. This view may include the title and key attributes,
possibly with templated text that exposes structured infor-
mation to the model. Embedding computation is expen-
sive relative to lexical tokenization, so the pipeline sup-
ports incremental updates by recomputing embeddings
only when fields that influence the embedding change.
This is done by maintaining a field-level dependency map
for the embedding view. For example, a price change may
not require embedding recomputation if price is not in-
cluded in the embedding view, whereas a title edit does.
To avoid silent drift when the embedding model changes,
the system treats the model version and preprocessing ver-
sion as part of the artifact identity [23]. A product can
therefore have multiple embeddings in flight during a roll-
out, each associated with a model version and an epoch
policy.

The vector index is typically sharded by product
identifier hash to balance load and to support parallel
updates. Within each shard, the index uses an approxi-
mate nearest neighbor structure that supports incremen-

tal inserts and deletes. Deletion is particularly important
in marketplaces because products can be removed or be-
come ineligible. Many ANN structures support lazy dele-
tion via tombstones, which can accumulate and degrade
performance; therefore, the system includes periodic com-
paction or rebuild mechanisms that are coordinated with
epochs [24]. Inserts are handled by adding new vectors
and associating them with the product identifier and prod-
uct version. If a product’s embedding is updated, the sys-
tem either inserts a new vector and tombstones the old one
or performs an in-place update if supported. In-place up-
dates can reduce fragmentation but can complicate concur-
rency; tombstone-based updates are simpler but require
careful handling to avoid retrieving stale vectors.

Hybrid retrieval proceeds by executing both sparse
and dense retrieval and then fusing results. Fusion can
be performed by score normalization and weighted com-
bination, by reciprocal rank fusion, or by learned fusion.
In a marketplace setting, fusion must also respect hard
constraints, which often means that filtering is applied
after candidate generation [25]. However, filtering after
retrieval can waste capacity if many retrieved candidates
are filtered out. The system therefore uses a two-level ap-
proach: coarse filtering is applied during retrieval using

8
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Table 8: Ablation study of update and cache coherency mechanisms

Configuration Consistent Index Up-
dates

Coherent Cache Throughput (QPS)

A: Baseline search 5.4k
B: + streaming up-
dates

5.0k

C: + naive cache 6.1k
D: + versioned cache 7.8k
E: + adaptive invali-
dation

8.4k

Table 9: Online A/B test results on marketplace product search

Metric Control (Legacy) Treatment (Pro-
posed)

Relative Change

Search click-through
rate

18.6% 20.9% +12.4%

Add-to-cart rate 6.3% 7.1% +12.7%
Time-to-first-result
(p95)

412 ms 323 ms −21.6%

Query abandonment
rate

9.8% 8.1% −17.3%

GMV from search
traffic

1.00x 1.06x +6.1%

shard-local metadata, and fine-grained filtering is applied
after fusion using a richer eligibility evaluator. Coarse fil-
ters include region eligibility, inventory availability, and
policy flags that can be represented compactly. Fine fil-
ters include seller restrictions and dynamic promotions.
Coarse filtering reduces waste and stabilizes latency at
high load because it reduces the number of candidates
passed downstream [26].

A crucial aspect of data representation is the separa-
tion of frequently changing fields from retrieval-sensitive
fields. If inventory and price change frequently, embed-
ding and lexical indexing should avoid incorporating them
directly, and they should instead be enforced as filters or
reranking features. This reduces index churn and improves
stability. However, some user queries explicitly include
price intent, and some marketplaces support queries such
as “under 20 dollars.” This intent is best handled by query
understanding and filter application rather than by embed-
ding the price into the dense vector. The system includes
a query understanding module that detects numeric con-
straints and maps them to structured filters [27]. Similarly,
category and brand constraints can be extracted and ap-
plied as filters, which improves retrieval precision and re-
duces reliance on semantic similarity for hard constraints.

The feature store used for reranking holds both static
and dynamic features. Static features include product qual-
ity signals, textual features, and category embeddings. Dy-
namic features include recent click-through rates, seller
performance metrics, and inventory velocity. Dynamic
features often update more frequently than indexes, so the
feature store is designed for rapid updates and for serv-
ing low-latency reads keyed by product identifier [28]. To
maintain coherency with retrieval, features are also ver-
sioned by epoch. This does not mean that every feature is
recomputed per epoch; rather, the feature store exposes a
read API that can return values as of a watermark associ-
ated with the epoch, ensuring that features are not drawn
from a future state relative to the index snapshot. For some
dynamic features, exact as-of semantics can be expensive;
therefore, the system defines a set of features that must
be epoch-aligned and a set that are allowed to be slightly
ahead because they do not affect correctness, only ranking.

Context construction for generation requires careful
selection of product fields. The system uses a context
schema that includes identifiers, titles, short descriptions,
prices, availability, and key attributes relevant to the query
intent. The schema is designed to be stable across epochs
and to support partial updates [29]. For example, if price
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changes, the context generator should pull the latest price
as of the epoch, not necessarily the latest absolute price.
This ensures that the generated text is consistent with the
retrieved set. The schema also includes provenance mark-
ers that allow downstream systems to detect if a generated
response is out of date relative to the current epoch and to
decide whether to reuse or regenerate.

Because marketplaces have long-tail diversity, mul-
tilingual content, and noisy seller-provided text, normal-
ization is a substantial part of indexing. Normalization
includes language detection, transliteration rules for cer-
tain scripts, and controlled handling of special tokens [30].
These steps are performed deterministically and are ver-
sioned so that index updates are reproducible. When nor-
malization rules change, the system treats it similarly to a
model rollout: it builds a new set of artifacts and advances
epochs accordingly. This is important for cache coherency
because a normalization change can invalidate cached re-
trieval results even if the underlying product data did not
change.

Finally, the system includes a policy and eligibility
layer that intersects with indexing. Certain products may
be ineligible for certain users due to regulatory constraints
or marketplace policies [31]. Eligibility changes can oc-
cur due to policy updates, seller status changes, or region-
specific restrictions. The system handles eligibility in a
manner similar to inventory: it is enforced primarily via
filtering and metadata rather than via embedding updates.
Eligibility metadata is stored in a low-latency store and is
included in coarse filters when possible. When eligibil-
ity changes are widespread, such as a policy rollout affect-
ing many products, the system may publish a new epoch
that includes updated eligibility metadata while keeping
retrieval indexes stable, thereby minimizing churn.

4. Consistent Index Updates and
Visibility Control
Consistent index updates in a hybrid RAG backend require
alignment across multiple derived artifacts. The central
difficulty is that updates do not propagate uniformly: lex-
ical updates are relatively cheap, feature updates can be
fast but involve joins, and embedding updates are expen-
sive and may be batched [32]. If the system simply updates
each artifact independently and serves from the latest state
of each, then a single request can observe a mixture of ver-
sions. The approach in this paper is to enforce a visibil-
ity boundary by using epochs that correspond to a set of
offsets in the commit log. An epoch becomes the unit of

coherency for serving, and index updates are organized to
produce epoch-compatible artifact versions.

The commit log defines an ordered stream of prod-
uct mutations. Each mutation is applied to the product
state store, producing a new product version [33]. De-
rived pipelines then consume the state store or the muta-
tion stream and produce artifacts. To support replay and
determinism, the system stores the exact input used for ar-
tifact generation: for embeddings, this includes the serial-
ized text view; for lexical indexing, the token list and field
weights; for features, the input feature keys and join results
where feasible. This does not require storing large interme-
diate data for all products, but it requires storing enough
metadata to detect when two runs would differ. This meta-
data is also used for cache invalidation because it provides
a stable fingerprint for the retrieval-relevant representation
of a product.

Index updates can be applied in streaming or micro-
batch modes [34]. Streaming updates reduce staleness
but can be costly for ANN structures that are sensitive to
frequent insertions. Micro-batching reduces overhead by
grouping updates, which also aligns naturally with epoch
publication. The system uses micro-batches per shard, typ-
ically with batch sizes determined by a target time window
and a maximum update count. Each micro-batch produces
a new lexical segment and a set of vector insertions and
tombstones. The segment and vector updates are written
to shard-local storage, but they are not immediately visible
to serving. Instead, they are staged and associated with a
pending epoch candidate [35].

Visibility control is implemented via a two-phase
publication process. In the first phase, each shard writes
its updated index artifacts and records a manifest entry that
includes the shard identifier, the artifact pointers, and the
highest commit log offset included. The manifest entry is
written to a metadata store with conditional updates to pre-
vent reordering. In the second phase, once all shards for all
pipelines have reported readiness beyond a candidate off-
set, the epoch manager publishes a new epoch record that
references the manifests. Read nodes then switch to the
new epoch by loading the manifests and updating their in-
memory routing [36]. The switch is designed to be atomic
from the perspective of request handling: a request is as-
signed an epoch at admission and uses that epoch consis-
tently across internal calls. During the transition, both the
old and new epochs may be served concurrently for differ-
ent requests, but each request sees only one.

A challenge arises when some shards lag. If the sys-
tem waits for the slowest shard, epoch advancement can
stall. If it advances without lagging shards, the epoch
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may no longer represent a coherent snapshot [37]. The
design addresses this by allowing bounded shard skew un-
der explicit policy. The policy defines acceptable lag in
terms of commit log offsets or time. For example, the sys-
tem may allow a small fraction of shards to lag by a lim-
ited offset while serving them from the previous epoch, as
long as cross-shard merges can tolerate partial staleness
and as long as the lagging shards are not responsible for
high-impact categories. This is not a general solution but
a practical operational compromise. To prevent silent in-
consistencies, the epoch record includes a per-shard epoch
mapping, and the query gateway attaches both a global
epoch and a shard map [38]. Retrieval services then merge
results while tracking which shard epochs contributed. If
shard skew is present, the system can adjust fusion weights
or increase candidate counts to mitigate recall loss.

Embedding generation introduces additional com-
plexity because embedding updates can be delayed and
because the embedding model may change. The system
treats embedding generation as an asynchronous pipeline
that consumes product state versions and produces embed-
ding artifacts. If a product update does not affect embed-
ding inputs, the embedding pipeline can skip recompu-
tation and simply carry forward the previous embedding
artifact, but it must still record the association between the
product version and the embedding artifact for traceability.
If a product update affects embedding inputs, the pipeline
computes a new embedding, stores it, and emits an update
to the vector index [39]. To align with epochs, the pipeline
emits readiness signals only when both the embedding ar-
tifact and the vector index update are durable.

When the embedding model changes, the system
may need to recompute embeddings for a large portion of
the catalog. A naive approach would rebuild the entire
vector index and then switch, but this can be resource-
intensive. Instead, the system supports dual index oper-
ation. During a rollout, the system maintains two vector
indexes per shard: one for the old model and one for the
new [40]. Queries can be served using either, controlled
by epoch policy. The epoch manager can publish epochs
that gradually shift traffic to the new model by associat-
ing the dense retriever with a model-specific index pointer.
Because the lexical index and other artifacts may remain
unchanged, the rollout can be localized to dense retrieval
while maintaining coherency. However, caches must be
aware of the model version because dense retrieval results
differ. Therefore, the epoch identity includes the dense
model version, and cache keys incorporate it [41].

Backfills and repair operations are inevitable in pro-
duction. An indexing pipeline may miss updates due to

transient failures, or a shard may become corrupted and
require rebuild. The epoch mechanism provides a con-
trolled way to recover because the system can replay the
commit log from a known offset and regenerate artifacts
deterministically. During repair, the shard can rejoin the
latest epoch by catching up to the current watermark and
then publishing readiness. If the shard cannot catch up
quickly, the system may isolate it by routing a subset of
traffic away or by using fallback retrieval. A common fall-
back is to use lexical retrieval only for that shard’s prod-
uct range, sacrificing some semantic recall but maintain-
ing availability [42]. Importantly, such fallbacks are also
tied to epochs and explicitly represented in routing so that
caching and debugging remain consistent.

Deletes and eligibility removals require careful han-
dling to avoid serving removed items from caches. The
system represents deletes as mutations that set an eligi-
bility flag and may remove text and attributes. The lex-
ical index marks the product as deleted via a doc value
or via a deletion bitset, and vector index updates tomb-
stone the embedding. Because tombstones may not imme-
diately remove the item from ANN candidates, the eligi-
bility filter enforces removal at read time [43]. This filter
is epoch-aligned, ensuring that a product that is deleted
before an epoch boundary is not returned in that epoch. If
an item is deleted after an epoch boundary, it may still ap-
pear for requests served under the previous epoch, which
is an expected consequence of snapshot serving. The sys-
tem bounds this window by controlling epoch publication
frequency, balancing freshness against overhead.

Atomicity across artifacts is achieved by treating
epoch publication as the commit point. Before publica-
tion, artifacts can be written in any order, and partial up-
dates can exist in storage, but they are not referenced by a
published epoch [44]. Once an epoch is published, it be-
comes visible to serving. This approach resembles multi-
version concurrency control, but implemented at the level
of search artifacts rather than database rows. The advan-
tage is that serving never observes partially updated in-
dexes, and caches can safely reuse results within an epoch.
The cost is increased storage because multiple epochs may
coexist, and the system must manage retention by deleting
old segments after a grace period.

A subtle issue is the alignment of reranker features
with retrieval candidates. If features are updated more
quickly than indexes, then features could reflect a future
state for a product that is not yet visible in retrieval [45].
This can be acceptable if the features do not contradict
retrieval-relevant constraints, but it can also produce in-
consistent explanations in generation. The system there-
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fore defines a feature watermark per epoch. Feature up-
dates are stored with timestamps or offsets, and the feature
store read path supports an as-of query. In practice, exact
as-of reads can be expensive, so the system may imple-
ment as-of by partitioning features into coarse time buck-
ets and selecting the bucket that corresponds to the epoch
watermark. This yields bounded inconsistency and pre-
dictable behavior [46].

5. Cache Coherency for Retrieval,
Ranking, and Generation
Caching in a RAG backend spans multiple layers: query
embedding caches, retrieval result caches, reranker fea-
ture caches, and generation output caches. Without co-
herency controls, caching can amplify inconsistency be-
cause caches persist results beyond the lifetime of the un-
derlying index versions. The design presented here uses
epoch-tagged caching and selective invalidation. Epoch-
tagged caching ensures that cached entries are only reused
within the epoch in which they were computed, or across
epochs when the system can prove backward compatibility.
Selective invalidation handles cases where reusing across
epochs would violate correctness or would be undesirable
due to policy changes [47].

The foundational mechanism is generational cache
keying. Each cache entry key is augmented with an epoch
identifier and, when relevant, additional artifact identifiers
such as dense model version, normalization version, and
eligibility policy version. For example, a retrieval cache
key might include the normalized query, filter set, user re-
gion, and epoch. This ensures that a retrieval set computed
for epoch e is not served for epoch e 1 unless explicitly al-
lowed. Similarly, a query embedding cache key includes
the query normalization version and the embedding model
version [48]. If the normalization or model changes, em-
beddings are recomputed rather than reused.

Epoch-tagged caches reduce the risk of stale results
but can reduce hit rates because entries are not reused
across epochs. To mitigate this, the system supports con-
trolled cross-epoch reuse using compatibility windows. A
compatibility window is defined when the system can as-
sert that certain artifacts did not change between epochs
for a given class of keys. For instance, if the lexical index
did not change for a shard between two epochs, then lexical
retrieval results for that shard could be reused. The sys-
tem encodes this by including shard-level artifact hashes
in epoch metadata [49]. When a read node receives an
epoch, it also receives the artifact hashes, and it can de-
cide to reuse cache entries whose hashes match. This

approach is particularly useful when epochs advance due
to feature updates or eligibility metadata updates while
the core retrieval indexes remain unchanged.

Selective invalidation is necessary for caches that
cannot be fully partitioned by epoch due to cost or due to
desired longevity. Feature caches, for example, may cache
product-level features that are reused across many queries
and many epochs. These caches can be made coherent
by attaching a per-product version counter [50]. When a
product mutation occurs, the system emits an invalidation
event for that product’s feature cache entries. The feature
cache key includes the product identifier and the product
version, so reading features for a product at a given epoch
uses the version corresponding to that epoch watermark.
If the feature store does not support exact as-of semantics,
the cache uses the latest version not exceeding the epoch
watermark.

Retrieval result caching is more challenging because
a query can return a set of many products, and invalidating
all queries that include a changed product is not feasible.
The system addresses this by designing retrieval caches
to be short-lived and epoch-scoped, and by caching at in-
termediate levels where dependencies are simpler [51].
Instead of caching the final fused ranked list, the system
caches shard-local candidate sets for sparse retrieval and
for dense retrieval separately. Shard-local caches have
smaller dependency surfaces because they depend mainly
on the shard’s index artifacts. When a shard’s artifact
changes, the shard-local cache can be invalidated by epoch
keying without needing per-product dependency tracking.
The fusion step can also be cached but typically has lower
reuse because it depends on combining across shards and
on the filter set.

Generation output caching introduces distinct co-
herency concerns because the output can contain specific
factual statements. Caching generation outputs can be
cost-effective, especially for popular queries, but a cached
output can become misleading if any referenced product
attribute changes [52]. The system therefore uses a two-
level approach. First, generation caches are epoch-tagged,
so outputs are reused only within the epoch by default.
Second, for limited cross-epoch reuse, the system attaches
a dependency fingerprint to each generated output. The
fingerprint is computed from the product identifiers in-
cluded in the context and from a compact hash of the
attributes that the generation output is allowed to mention,
such as price and availability. When serving a cached
output in a later epoch, the system checks whether the fin-
gerprint matches the current state as of that epoch [53]. If
it does, the output can be reused. If not, the system re-
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generates. This check is intentionally lightweight: it uses
precomputed per-product attribute hashes stored in a fast
metadata store. It does not attempt to verify every detail,
but it provides a practical guardrail.

Cache coherency must also handle concurrent epoch
transitions [54]. If many read nodes switch epochs at the
same time, they can simultaneously miss caches and over-
load retrieval and generation services. The system miti-
gates this with staggered epoch adoption and with back-
ground warming. Staggered adoption means that read
nodes introduce a randomized delay before switching to a
new epoch, within a bounded window. Requests arriving
during the window are still served by the old epoch on
some nodes, which preserves cache warmth and smooths
load. Background warming means that, upon receiving
a new epoch, a node precomputes cache entries for a
set of hot queries and hot filters, based on recent traffic
[55]. Warming is performed with low priority and is rate-
limited, and it can be disabled under high load.

A related issue is cache coherency across regions.
If epochs are regional, then a query served in one region
at epoch er may have a different epoch in another region
er′ . If caches are shared globally, this can cause confusion.
The system therefore scopes caches to regions or includes
region identifiers in keys. For globally shared caches, such
as a shared embedding cache, the key includes the prepro-
cessing and model version and can often be reused across
regions because query embeddings do not depend on re-
gion, but retrieval results and generation outputs typically
must be region-scoped because of availability and eligibil-
ity differences.

The system also includes negative caching to im-
prove throughput, such as caching that a query yields no
results under certain filters [56]. Negative caching must
be coherent because catalog updates can turn a previously
empty result into a non-empty one, for example when new
inventory arrives. Negative cache entries are therefore
given short time-to-live values and are epoch-scoped. If
the system detects that a query is empty due to a transient
constraint such as inventory, it may choose not to negative-
cache at all, or it may include a dependency on the relevant
category inventory watermark.

Coherency extends to rate limits and admission con-
trol. Generation is often subject to quotas, and caching can
interact with quotas in subtle ways [57]. If cached gener-
ation outputs are served, they should not consume genera-
tion quota, but if cache misses spike during an epoch tran-
sition, quota exhaustion can occur. The system addresses
this by introducing a generation budget per epoch and by
reserving capacity for regeneration during transitions. Ad-

ditionally, the system may degrade gracefully by serving
retrieval-only results when generation is unavailable. This
degradation is coherent because it is tied to the request
epoch and because it does not mix partial generated text
with new retrieval candidates.

Finally, cache observability is treated as a first-class
requirement [58]. Cache entries include metadata such
as the epoch, artifact hashes, and dependency fingerprints,
and the system samples cache hits and misses for logging.
When a user-visible inconsistency is reported, operators
can inspect whether the response came from cache, which
epoch it used, and whether dependency checks were per-
formed. This reduces debugging time and provides con-
fidence that coherency mechanisms are functioning as de-
signed.

6. Performance Modeling and
Empirical Evaluation Framework
A high-throughput backend must be engineered with an
explicit understanding of how latency, throughput, cache
hit rate, and staleness interact. While empirical bench-
marking is essential, analytical models are useful for ca-
pacity planning and for reasoning about tradeoffs with-
out exhaustive experimentation. This section presents a
modeling framework that connects the epoch-based con-
sistency mechanism with queueing behavior and with up-
date propagation delays [59]. The goal is not to produce a
single closed-form expression for system behavior, but to
provide interpretable relationships that can guide design
choices.

Consider the read path as a sequence of service
stages: query understanding, sparse retrieval, dense re-
trieval, fusion, reranking, and optional generation. Each
stage i can be modeled as a queue with ki parallel work-
ers and service time distribution Si. Let λ be the request
arrival rate. Under a simplified independence assumption,
the end-to-end latency distribution is influenced by the
convolution of stage latencies, but tail latency is typically
dominated by the slowest stage or by correlated congestion
[60]. For capacity planning, a common approximation
is to treat each stage as an MGk queue with utilization
ρi = λESiki. Maintaining ρi below a threshold is neces-
sary to control tail latency. When caching is present, the
effective service time becomes a mixture distribution be-
cause cache hits bypass some stages. Let hi be the cache
hit probability for stage i such that a hit reduces the stage
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service time to a smaller value Shit
i , potentially near zero,

while a miss uses Smiss
i . Then

ESi = hiEShit
i 1 − hiESmiss

i . (6.1)

For dense retrieval, Smiss
i includes embedding compu-

tation and ANN search, while Shit
i may include only

lookup of a cached embedding or cached candidates. For
generation, Smiss

i includes the LLM call, while Shit
i

may include only serialization. In practice, hi is epoch-
dependent because epoch-tagged caching reduces cross-
epoch reuse. Therefore, after an epoch transition, hi can
drop temporarily and then recover as caches warm [61].
This dynamic can be modeled by a time-dependent hit
rate hit, where t is time since epoch adoption. Warming
mechanisms aim to accelerate the recovery of hit for hot
keys.

The epoch publication frequency affects both fresh-
ness and cache performance. Let epochs be published
every Te seconds on average. If caches are strictly epoch-
scoped with no cross-epoch reuse, then the maximum life-
time of a cache entry is approximately Te plus any stag-
ger window. Shorter Te improves freshness because new
updates become visible sooner, but it can reduce cache
hit rate because entries expire more frequently [62]. The
tradeoff can be expressed by modeling the probability that
a query repeats within the same epoch. If the query ar-
rival process for a specific key is Poisson with rate λq , the
probability of at least one repeat within an epoch window
of length Te is 1 − e−λqTe . This suggests that for low-
frequency queries, epoch-scoped caching provides lim-
ited benefit, while for high-frequency queries, it can still
be effective even with small Te. Because marketplaces
often have a heavy-tailed query distribution, a small set of
queries contributes a large fraction of traffic, and those
queries can sustain high hit rates even under frequent
epoch changes.

Update propagation delay determines staleness. Let
a product mutation occur at time t0 [63]. The mutation is
appended to the commit log and then processed by mul-
tiple pipelines. Let Dlex be the delay until the lexical
index artifact is ready, Ddense the delay until the dense
index update is ready, Dfeat the delay until feature up-
dates are ready, and Delig the delay until eligibility meta-
data is ready. The epoch manager publishes an epoch only
when all required pipelines have advanced beyond the mu-
tation’s offset. If the epoch boundary is defined by the
minimum pipeline watermark, then the mutation becomes
visible at time t0maxDlex, Ddense, Dfeat, Delig plus any
batching and publication delay. Denote the total visibility

delay as Dvis. Then the staleness of reads under the latest
epoch is bounded by Dvis in the sense that no read will
see a state more recent than t − Dvis, where t is current
time, assuming continuous traffic and steady operation.

To reason about the distribution of Dvis, one can
model pipeline delays as random variables with distribu-
tions determined by batch sizes, compute capacity, and
queueing in the write plane. If each pipeline processes
micro-batches of size B and each batch takes time C to
compute and write, then the delay includes waiting for the
batch to fill and processing time. Under a simple model
with a constant update rate λu, the expected waiting time
to fill a batch is approximately Bλu when updates are
evenly distributed, but in reality updates are skewed by
product. Skew can increase effective waiting time for
shards with fewer updates [64]. The system can mitigate
this by using time-based flushing in addition to size-based
batching, ensuring that batches are emitted at least every
Tf seconds. Then the waiting component is bounded by
Tf . The total expected delay can be approximated as

EDvis ≈ E
[

maxDlex, Ddense, Dfeat, Delig

]
EDpub ,

(6.2)

where Dpub captures epoch manager publication and read
node adoption delay. Staggered adoption increases Dpub

slightly but reduces the risk of synchronized cache misses.
Cache coherency mechanisms affect effective stale-

ness as perceived by users. If a response is served from
cache, it may reflect an older epoch, depending on how
the request epoch is assigned [65]. In the design here, re-
quests are assigned the current epoch at admission, and
caches are epoch-tagged, so a cache hit implies that the
cached entry was computed for that epoch, not an older
one. Therefore, caching does not increase staleness rel-
ative to epoch serving, but it can increase staleness rela-
tive to the absolute latest catalog state, which is already
bounded by Dvis. Cross-epoch reuse with compatibility
windows can reuse entries across epochs when artifacts are
unchanged, which does not increase staleness for the rel-
evant artifact, but it can create subtle behavior when only
some artifacts are unchanged. The system avoids mixing
by requiring that compatibility reuse is only applied when
all artifacts that influence the cached computation are un-
changed, which is verified by artifact hashes.

Empirical evaluation for such a system should mea-
sure not only retrieval quality and latency, but also co-
herency and freshness. Coherency can be assessed by
injecting synthetic mutations and verifying that requests
served at a given epoch reflect a consistent state across
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sparse retrieval, dense retrieval, and feature reads. One
practical approach is to select a set of sentinel products
with controlled mutations and to log whether those muta-
tions appear in retrieval contexts and generation outputs
at expected epochs [66]. Freshness can be measured by
tracking the time between a mutation’s commit log off-
set and the first epoch in which it is visible, producing a
distribution of Dvis. Additionally, one can measure the in-
cidence of stale cache usage by logging epoch identifiers
on cache hits and verifying that they match the request
epoch.

Throughput and tail latency evaluation requires load
testing under realistic query distributions and update rates.
Because query distributions are heavy-tailed, uniform ran-
dom queries can underestimate cache benefit and overes-
timate compute requirements. Load tests should replay
production-like query traces while simultaneously replay-
ing update traces. The system should be tested under dif-
ferent epoch publication frequencies to observe the cache
hit rate versus staleness tradeoff [67]. One expects that re-
ducing Te will reduce Dvis but will also reduce retrieval
cache hit rates, particularly for mid-frequency queries,
and will increase load on dense retrieval and generation.
Warming and stagger mechanisms can be evaluated by
comparing tail latency during epoch transitions with and
without these mechanisms.

A useful metric for cache effectiveness in the pres-
ence of epochs is the hit rate conditioned on epoch age.
Define hiτ as the hit rate for stage i at time τ since adopt-
ing a new epoch. Plotting hiτ can reveal whether warm-
ing is effective and whether certain layers recover more
slowly. For example, query embedding caches may re-
cover quickly because embeddings depend only on query
text and model version, whereas retrieval result caches
may recover more slowly because they depend on filters
and shard routing [68]. Generation caches may recover
slowly if generation is triggered only for a subset of queries.

One can also model the cost impact. Let cdense be
the cost per dense retrieval miss, cgen the cost per gen-
eration miss, and crerank the cost per rerank evaluation.
Then the expected cost per request is

EC = 1 − hdensecdense crerank pgen1 − hgencgen ,

(6.3)

where pgen is the probability that a request triggers gen-
eration. Epoch decisions influence hdense and hgen, so
cost can increase when epochs advance more frequently.
This can be partially offset by increasing cross-epoch reuse
where safe, by improving warming, or by reducing pgen

through better intent gating. The model emphasizes that
coherency mechanisms have economic consequences and
should be tuned with explicit objectives.

Finally, the system’s update plane must be evaluated
for write amplification and resource usage. Lexical seg-
ment merging and ANN tombstone accumulation can con-
sume I/O and memory [69]. If epochs are published fre-
quently, retention policies must ensure that old segments
are reclaimed promptly without breaking in-flight requests.
A typical approach is to retain at least two epochs and to
keep older epochs for a short grace period equal to the
maximum request duration plus a buffer. This retention
window can be measured and used to size storage. Em-
pirically, one can measure the number of segments and
tombstones per shard over time and correlate spikes with
update bursts and with model rollouts.

7. Conclusion
This paper described a high-throughput retrieval-augmented
generation backend for marketplace product search with
an emphasis on consistent index updates and cache co-
herency under frequent catalog mutations [70]. The cen-
tral design principle is to treat coherency as a first-class
system property by defining an epoch abstraction that
aligns hybrid retrieval indexes, feature stores, and gen-
eration behavior. Updates flow through an event-sourced
commit log into derived artifact pipelines, and visibility is
controlled by atomic epoch publication based on pipeline
watermarks. This approach allows the system to avoid
serving partially updated states within a single request,
while still supporting high update rates through micro-
batching, shard-parallel indexing, and asynchronous em-
bedding generation.

Hybrid retrieval is supported by deterministic data
representations, separation of frequently changing attributes
from retrieval-sensitive text, and filtering that combines
shard-local coarse constraints with fine-grained eligibil-
ity evaluation. Consistent updates are achieved through
staged artifact manifests and atomic epoch advancement,
with operational mechanisms for lagging shards, backfills,
and model rollouts using dual indexes [71]. Cache co-
herency is implemented via epoch-tagged generational
keys, compatibility windows guided by artifact hashes,
and selective invalidation for product-level caches and
generation outputs using dependency fingerprints. These
mechanisms aim to preserve cache utility while bounding
staleness and preventing contradictory mixes of versions.

Analytical models based on queueing approxima-
tions and update propagation delays provide a framework
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for capacity planning and for reasoning about tradeoffs
among epoch frequency, cache hit rates, tail latency, and
freshness. Empirical evaluation in such systems benefits
from measuring not only latency and retrieval effective-
ness but also coherency properties, such as whether re-
trieval and generation observe consistent product states
at a given epoch. The overall design does not eliminate
tradeoffs; it shifts them into explicit policy choices about
epoch advancement, compatibility reuse, and degradation
behaviors. In marketplaces where correctness and user
trust depend on coherent visibility of rapidly changing
product attributes, such explicitness can be operationally
useful, even when the system remains eventually consis-
tent with respect to the absolute latest catalog state [72].
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