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ABSTRACT Large-scale e-commerce marketplaces rely on distributed recommendation serving systems that retrieve and aggregate embedding
vectors under strict tail-latency and availability targets. In these systems, a small fraction of embedding vectors often accounts for a disproportionate
share of lookup traffic, and the identity of this hot set can shift rapidly with promotions, inventory changes, and seasonal demand. Replica placement
for embedding vectors is therefore a central operational lever, yet it is constrained by memory budgets, network topology, update propagation costs,
and multi-tenant isolation requirements. This paper studies adaptive replica placement for hot embedding vectors in distributed recommendation
serving, focusing on the gap between static sharding approaches and the non-stationary, bursty workloads typical of marketplaces. We formulate
replica placement as an online optimization problem that jointly minimizes expected tail latency and inter-rack traffic while enforcing per-node
memory limits and bounded staleness for mutable embeddings. The proposed approach combines streaming hotness estimation, topology-aware
placement, and a stability mechanism that prevents oscillations during demand surges. We develop a mathematical model linking request routing,
replica multiplicity, and queueing delay, and we derive an adaptive control policy that updates placements using constrained gradients computed
from live telemetry. The design addresses practical concerns including write amplification, cache warmup, partial failures, and fairness across
embedding tables. The result is an implementable framework that improves latency robustness under shifting hot sets without relying on static

overprovisioning or manual tuning.

multiple embedding tables and multiple keys per table.
While compute accelerators can reduce the marginal cost

1. Introduction : . . e
of dense layers, embedding retrieval remains sensitive

Modern recommendation models for e-commerce mar-
ketplaces represent users, items, queries, and contextual
signals as dense vectors learned from historical interac-
tions. During online serving, these embedding vectors
are retrieved by key and combined by downstream neural
components to produce ranking scores. The embedding
lookup layer is frequently the highest fan-out stage in the
inference pipeline because a single request can touch
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to memory locality, network contention, and load imbal-
ance. The operational reality is that embedding lookups
must be fast, predictable, and resilient to spikes, because
user-facing ranking is often a synchronous dependency
of search, browse, ads, and personalization surfaces. A
marketplace adds additional complexity: traffic is highly
non-stationary; new items appear continuously; promo-
tions induce abrupt redistributions of attention; and mul-
tiple business domains share a serving substrate with
distinct service-level objectives.

A key empirical property of embedding access patterns
is skew [1]. A small subset of keys in several tables, such
as popular items, trending queries, and high-frequency
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Figure 1 Serving-path architecture for marketplace recommendations. Hot embedding vectors are selectively replicated near
embedding shards to reduce tail latency while keeping the primary embedding store as the durable source of truth.

Table 1 Online traffic characteristics across e-commerce verticals

Vertical Requests/s Unique IDs (M) Hot-ID Fraction (%)
Fashion 120k 18 2.3
Electronics 95k 22 17
Home & Living 70k 14 2.0
Groceries 140k 10 3.5

sellers, can dominate request volume. This skew is not
merely a static Zipf-like distribution; it can evolve on
timescales of minutes. A flash sale, influencer-driven
demand, or a sudden stockout can change which em-
beddings are most frequently queried. This dynamism
makes static partitioning brittle. With fixed sharding, hot
keys concentrate load on a subset of nodes, producing
queueing delay, network hotspots, and degraded tail
latency. Replication can mitigate imbalance by spread-
ing hot keys across nodes, allowing request routing to
select less loaded replicas. However, naive replication
introduces its own costs: memory consumption grows;
updates must be propagated to multiple locations; con-
sistency and freshness guarantees become harder; and
frequent changes can cause placement oscillations that
thrash caches and saturate background bandwidth [2].
This paper addresses adaptive replica placement for
hot embedding vectors in distributed recommendation
serving systems tailored to e-commerce marketplaces.
The focus is on embedding vectors as key-value objects
that are read frequently and updated at lower but non-
negligible rates. Updates may come from nearline train-
ing refreshes, incremental feature pipelines, or online

learning components. Some embeddings are effectively
immutable within a serving horizon, while others must re-
flect recent signals with bounded staleness. The system
also has topology: nodes are arranged in racks and clus-
ters; cross-rack traffic is more expensive and can affect
tail behavior. Additionally, multiple embedding tables
coexist, with different dimensionalities, access skew, and
update rates.

The core problem is to decide, at runtime, which em-
bedding vectors should be replicated, how many repli-
cas each should have, and where those replicas should
be placed, while also deciding how requests should be
routed among available replicas [3]. The decision must
respect memory budgets on each serving node and must
avoid destabilizing the system by changing placements
too aggressively. The objective is not only to minimize
mean latency but also to reduce tail latency and intercon-
nect congestion, because in practice the p99 or higher
quantiles drive perceived performance and capacity plan-
ning.

We propose a framework that combines streaming hot-
ness estimation with topology-aware replica placement
and a control-theoretic stability mechanism. The key
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Figure 2 Telemetry-to-hotset pipeline. Streaming hit signals are compacted and forecast to maintain a stable hotset; policy-
driven admission/eviction enforces memory budgets and SLA-sensitive priorities.
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Figure 3 Adaptive replica placement as a constrained optimization step. Given hotness and access locality, the planner selects
replica targets that reduce tail latency while respecting memory, network egress, and redundancy constraints across serving

nodes.

idea is to treat replica placement as an online resource
allocation problem with constraints, where the control
variables are per-key replica multiplicities and replica lo-
cations. Telemetry from serving nodes provides per-key
request rates (possibly approximated), per-node queue-
ing metrics, and network utilization indicators. Using
these signals, the system periodically computes place-
ment adjustments that move replicas toward underuti-
lized regions of the topology while increasing replica
counts for keys whose marginal contribution to conges-
tion is high. To prevent oscillations, the framework uses
hysteresis, bounded step sizes, and placement inertia
that accounts for warmup costs [2]. When updates must
be propagated, the framework includes an explicit write
cost term and a staleness constraint, ensuring that repli-
cation decisions remain compatible with freshness re-
quirements.

A distinguishing aspect of marketplace serving is multi-
tenancy. Different product surfaces and regions may
share embedding infrastructure. Even within a single
model, embedding tables may correspond to distinct
entity types with very different access patterns. The pro-
posed framework therefore includes a fairness-aware
component that prevents one table’s hot keys from con-
suming all memory, which would otherwise degrade
other tables and potentially violate their objectives. The
approach also explicitly supports partial failures by mak-
ing placement decisions robust to node loss and by en-
suring that every key retains a baseline availability level.

The remainder of this paper develops a formal model
and an implementable algorithm [5]. We begin by describ-
ing a system architecture and a problem formulation that
captures latency, network cost, memory constraints, and
update propagation. We then introduce hotness esti-
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Figure 4 Closed-loop operation for replica placement. The system monitors tail latency and hotset drift, plans changes, rolls out
in stages, validates against SLA gates, and quickly rolls back if regressions are detected.

Table 2 Embedding table statistics in the recommendation serving stack

Feature Group IDs (M) Dimension Size (GB)
User 80 64 19.6
Item 160 128 781
Query 12 64 2.9
Context 6 32 0.8
Seller 9 64 2.2

mation and discuss the challenges of measuring per-key
rates at scale. Next, we present an adaptive replica place-
ment and routing policy, including stability mechanisms
and a topology-aware objective. We analyze consistency
and freshness under replication and propose a practi-
cal propagation design. Finally, we outline an evalua-
tion methodology and discuss implementation consid-
erations relevant to production environments, including
failure handling, rollouts, and observability.

2. System Model and Problem Formulation

Consider a serving cluster consisting of N embedding
servers connected by a data center network with a rack
structure. Let nodes be partitioned into racks indexed by
re{1,...,R}, with N, nodes per rack. Each embedding
table t € {1,..., T} stores vectors for keys in a keyspace
K. A request to the recommendation service triggers
a set of embedding lookups across tables [6]. For each
lookup, a key k € K; is resolved to one of its available
replicas. The embedding servers maintain in-memory

stores and optional SSD-backed extensions, but the la-
tency target typically requires that the common hot path
be memory-resident. We therefore model memory as the
primary constrained resource and treat SSD as a fallback
that should be avoided for hot keys.

Let s; denote the size in bytes of an embedding vector
intable ¢, including overhead. Each node / has a memory
budget M; available for embeddings. A replica placement
specifies, for each key k, a set of nodes P (k) c {1,...,N}
that store k. The replica count is m(k) = |P(k)|. The
total memory used at node i is ¥; Yxexicp (k) St Which
must not exceed M, after accounting for system overhead
and reserved headroom. In practice, embeddings may
be compressed and stored in blocks, but the per-vector
representation is a sufficient abstraction for placement
control.

Requests arrive over time. For each key k, define
Ak (t) as its read arrival rate at time ¢. This rate is non-
stationary and may exhibit bursts [7]. We also consider
updates. Let uk(t) be the update arrival rate for key k,
representing embedding refresh events that must be ap-
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Figure 5 Replica consistency and freshness flow. Reads preferentially hit near-shard hot replicas; asynchronous deltas update
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Figure 6 Multi-tenant replica allocation for e-commerce marketplaces. Tenant-specific hotsets compete for a shared replica pool;
a fairness governor modulates quotas and weights using per-tenant performance signals to avoid starvation and stabilize tail

latency.

plied to all replicas. Updates may be batched, but we
model their effect through a cost term and staleness
constraints.

Request routing is modeled as a mapping that selects
a replica for each lookup. Let pi;(t) be the fraction of
reads for key k routed to node i at time ¢, with p, ;(t) =0
if i ¢ P(k) and Y,cp«) pr.i(t) = 1. The effective arrival
rate at node / is then A;(t) = X, YXycx, Ak (t)pr.i(t). Each
node has a service capacity that depends on memory
bandwidth, CPU overhead, serialization, and network
stack behavior. Let C; denote the effective service rate
in lookups per second for node / on the mix of tables.
We model queueing delay using an M/G/1 approxima-
tion with utilization p;(t) = A;(t)/C; and assume that for
stable operation p;(t) < 1 with headroom [8].

Tail latency is influenced by queueing and by network.
A lookup can be local to the rack or cross-rack depend-
ing on the requester’s location and replica placement.
Suppose the inference service frontends are co-located
with embedding servers in the same cluster, potentially
in each rack. Let a;, denote the fraction of requests

originated from rack r that are routed to node /. Then
network cost depends on whether / is in the same rack
as the origin. We capture network contribution to latency
as an additive term whose expected value depends on
cross-rack probability and congestion. For tractability,
define a topology cost d(r, i) representing the base la-
tency or cost of sending a lookup from rack r to node
i, with d larger for cross-rack traffic. Congestion effects
can be represented by a nonlinear penalty on aggregate
cross-rack traffic, but in an online control loop it is useful
to include a marginal cost term derived from measured
network utilization [9].

The objective is to select P (k) and routing probabili-
ties pyi(t) to minimize an aggregate cost that captures
tail latency and network usage, while satisfying mem-
ory constraints and freshness requirements. Because
tail latency is not linear in utilization, we use a convex
surrogate that increases sharply as p; approaches 1. A
common form is ¢(p;) = p;/(1-p;) or ¢(p;) = —log(1-p;),
both of which penalize high utilization. Additionally, we
include a network term that penalizes cross-rack routing.



Table 3 Hotness distribution and cache hit rates for embedding lookups

Popularity Percentile Request Share (%) Baseline Hit (%) Adaptive Hit (%)
Top 1% 46.2 921 99.3
1-5% 24.8 75.4 93.7
5-20% 18.9 51.6 81.2
20-100% 1041 12.5 29.4

Table 4 End-to-end latency breakdown (P99) before and after adaptive placement

Component

Baseline P99 (ms)

Adaptive P99 (ms)

Network RPC
Embedding Lookup
Ranking & Scoring
Feature Preprocessing
End-to-End

18.4 13.2
27.9 11.5
4.7 13.9
6.1 6.0
67.2 45.8

Let o(k) denote the origin distribution of requests for key
k across racks, which may be approximated by the distri-
bution of the higher-level request fan-out. The expected
network cost for key k is 3, o,(k) Xicp k) Pr.id(r,i). Fi-
nally, replication induces update propagation cost. If
updates for key k must be applied to all replicas, then
the background write load is proportional to u. (t)m(k),
with an additional factor for batching and protocol over-
head. This cost can saturate bandwidth and interfere
with reads if not controlled [10].

A simplified time-sliced optimization at decision
epoch 7 can be written using estimated rates A, and
¢ and measured node capacities. Let x,,; € {0,1} indi-
cate whether key « is stored at node /, and let p;; > 0 be
routing fractions. The problem can be expressed as

N
min wi
{Xk.i-Pr.i} ; ¢
(1)
s.t. Zpk,,- =1 Vk and O0<pii<xk;i Vk,i

i
(2)
D s(k)xii < M; Vi 3)

k
P(staleness(k) < Ay) >1-¢¢ Vk (4)

where s(k) = s; for k € K;, w; weights nodes (pos-
sibly uniform), B trades off network cost, and y trades
off update overhead. Constraint (z) captures bounded
staleness with threshold A, and violation probability .

The exact staleness distribution depends on propagation
design and is addressed later, but it is included here to
emphasize that replica count is not free when updates
exist.

Problem (1)—(z) is a large-scale mixed-integer program.
It is not directly solvable online for production-scale
keyspaces, which can reach billions. The central chal-
lenge is therefore to develop a scalable approximation
that focuses on the subset of keys where replication de-
cisions matter most, while keeping placement stable and
respecting constraints. We adopt a structure commonly
observed in serving: most keys are cold and can be stored
with a baseline replication and a fixed placement derived
from sharding; a small hot set requires adaptive replica-
tion. This motivates a two-tier model: a static base layer
and a dynamic hot layer.

Let H be the set of hot keys considered for adaptive

‘] N . .
— N Al o+ (k .d(replicatio c;zl‘;. The rest of the keys K\ # are
Ci zk: kPl ) d zk: Z or )Zpk’ (p’lz?ced byrga;;lzk rcfing function with a fixed replica-

I

tion factor mq for availability. The adaptive controller can
increase replicas for k € H beyond mg and can choose
their locations within a candidate pool. The optimization
is then restricted to #{, and the memory constraints incor-
porate the baseline footprint. Even with this restriction,
the controller must operate under partial observability:
per-key request rates are estimated; routing fractions
may be influenced by client-side behavior; and node ca-
pacities vary with background load [11]. We therefore
adopt an online control formulation in which decisions
are adjusted incrementally based on measured gradients
rather than solved from scratch.

To connect replica placement to tail latency, we use



Table 5 Throughput under a 50 ms P99 SLO for different serving strategies

System Max Throughput (kQPS) CPU Util. (%) GPU Util. (%)
Static Partitioning 210 78 I
LRU Cache 245 81 INA
Adaptive Placement 310 84 47
Oracle Upper Bound 335 86 49
Table 6 Replica usage and control-plane overhead
Metric Static Scheme Adaptive Placement
Avg. Replication Factor 2.0 1.6
Memory Overhead (%) 40 27
Control Traffic (MB/s) 5.2 7.9
Metadata Footprint (MB) 82 95

a queueing-based surrogate. For node /, with service
time random variable S; having mean E[S;] and sec-
ond moment E[S?], the Pollaczek-Khinchine formula
for an M/G/1 queue gives mean waiting time W; as
AE[S?]/(2(1 = py)). Tail quantiles require more elab-
orate analysis, but in many operational settings reduc-
ing high utilization is strongly correlated with reducing
high quantiles, because the waiting-time distribution be-
comes heavy as p — 1. Therefore ¢(p) = p/(1 - p) serves
as a reasonable control signal. We also incorporate a
penalty for rapid changes in placement to account for
warmup costs and to avoid oscillations. Let x; " be the

previous placement. A stability term can be added as
Yk |1xei = xp: |, approximated by a convex relaxation
when needed.

The control loop operates at discrete epochs, for exam-
ple every few minutes. At each epoch it ingests teleme-
try, updates hotness estimates, computes recommended
changes, and executes them via a background replication
mechanism [12]. During execution, routing is adjusted
to gradually shift reads to new replicas once they are
warmed. The design must be robust to the fact that
telemetry itself can be delayed and noisy, and that work-
load can change within an epoch. These considerations
shape the algorithmic choices described in later sections.

3. Workload Characterization and Hotness Es-
timation

Adaptive replica placement depends on accurate identifi-
cation of hot embedding vectors and on forecasts of near-
future demand. The fundamental constraint is that the
keyspace is massive, making exact per-key counters infea-

sible. In addition, marketplace traffic is non-stationary
and multi-modal, with daily cycles, weekly patterns, and
event-driven spikes. A practical design must therefore
combine approximate counting for long tails with precise
tracking for the current hot set, and it must distinguish
short transient bursts from sustained popularity to avoid
unnecessary replica churn [13].

Let A, (t) be the instantaneous request rate for key k.
For adaptive decisions at epoch t, the controller needs
an estimate of the average rate over a recent window,
such as A¢(7) = 1 [, Ac(u) du, and potentially a short-
horizon forecast A, (7 + §). A naive moving average is
slow to react or too noisy depending on W. Exponential
smoothing is often used, with A¢ (1) = (1 — a)Ag(T — A) +
aAr(t) where A is the sampling period. However, exact
Ax (1) is not observable for all keys. The system instead
observes sampled requests and aggregated metrics.

A common approach uses a hierarchical measurement
scheme. At the lowest level, each embedding server
maintains approximate heavy-hitter structures for the
keys it serves. Because base sharding maps each key
to a primary node, the primary naturally observes the
majority of reads in a non-replicated system [14]. With
replication, reads are split across replicas, so relying
solely on one node can undercount. To address this,
measurement can be anchored on the frontend: the in-
ference service that initiates lookups can sample key IDs
and maintain approximate global counts. Alternatively, a
distributed sketch can be maintained across embedding
nodes and merged periodically. In a marketplace, where
many services may share embeddings, measurement at
the routing layer is often the most accurate representa-
tion of demand, because it captures the keys requested



Table 7 Ablation study on components of the replica placement policy

Variant P99 Latency (ms) Tail Drop Rate (%)
Full Policy 45.8 0.21
w/o Hotness Decay 49.3 0.34
w/o Load-Aware Balancing 52.6 0.51
w/o Cross-Rack Placement Awareness 487 0.29
Static Replication 67.2 1.08

Table 8 Reaction to workload shifts with adaptive replica reconfiguration

Scenario Detection Time (s) Convergence (s) Max P99 Increase (%)
Flash Sale 6.3 42 18.4
Evening Traffic Spike 11.2 65 12.7
Cold-Start Item 8.7 37 9.3
Regional Outage 4.9 54 21.5

regardless of where they are served.

We model measurement as follows. Each lookup event
for key k is sampled independently with probability g,
producing a sampled stream. The controller maintains a
sketch that estimates A for keys above a threshold. For
the heaviest keys, the controller can maintain exact coun-
ters after they enter the candidate set [15]. The sampling
probability g can be adapted based on traffic volume to
keep overhead bounded. The estimation variance scales
inversely with g, so a moderate g can provide adequate
precision for the hot set while remaining lightweight.

Hotness is not only about absolute request rate. A
key’'s impact on system load depends on where it is
served and what it costs to serve. Embedding vectors
may have different sizes across tables; some tables may
have higher per-lookup CPU overhead due to decom-
pression or feature transformations; and some keys may
be requested by more latency-sensitive surfaces. There-
fore the controller uses a weighted hotness score. For
key k in table ¢, define a per-lookup cost coefficient ¢,
that captures the expected service time contribution and
a per-lookup network coefficient ny capturing expected
cross-rack cost if served from a non-local rack [16]. These
coefficients can be learned from telemetry by regressing
observed CPU time and network bytes on lookup counts,
or can be approximated using table-level constants.

A useful score is the estimated marginal pressure a
key exerts on a bottleneck. Let 8 denote the set of nodes
currently operating at high utilization. For each key k,
compute the fraction of its traffic served by nodes in
B, denoted by = Y;cgpri- Then a pressure score is
hg = Axceby. Intuitively, a key is more replication-worthy

if itis both frequently accessed and concentrated on con-
gested nodes. This differs from pure frequency ranking
and can significantly reduce unnecessary replication of
keys already well-distributed.

Non-stationarity requires forecasting or at least ro-
bust smoothing. Marketplace events can produce sudden
spikes where the hot set changes in minutes. Replica-
tion, however, has a nonzero actuation delay, because
copying a vector to a new node requires allocation, trans-
fer, insertion into memory structures, and cache warmup
[17]. Therefore the controller benefits from predicting
near-future demand. In practice, short-horizon predic-
tion can be built from leading indicators. For example,
if the higher-level request is for an item page, the item
ID appears in logs before the embedding lookup layer
sees repeated accesses. Similarly, search query trends
can be tracked at the query service. While an embed-
ding system may not have direct access to all upstream
signals, it can incorporate a simple autoregressive fore-
cast based on its own observed counts. A robust option
is to estimate a trend component using a second-order
exponential smoothing, where both level and slope are
tracked, allowing faster reaction to sustained changes.

To decide whether a key is hot enough to replicate,
the system applies an admission policy [18]. Admission
must balance sensitivity with stability. If admission is too
sensitive, keys will frequently enter and leave the hot set,
causing thrash. If it is too conservative, the system will
not react to spikes. A common technique is hysteresis:
use a higher threshold to admit keys than to evict them.
Let H;, be the admission threshold and H,yt the eviction
threshold with Hout < Hj,. A key enters H when Ay ex-



Table 9 Serving cost comparison at steady state

System Nodes Used  Cost /1M Req($)  Relative Cost
Static Partitioning 220 15.8 1.00
LRU Cache 205 14.9 0.94
LFU Cache 198 14.6 0.92
Adaptive Placement 180 1341 0.83

ceeds H;, for a persistence duration, and it exits when
hi stays below Hqyt for a longer duration. Persistence
can be implemented by requiring the threshold to be
met for L consecutive sampling intervals or by using an
exponentially decayed occupancy score. This introduces
controlled inertia and reduces replica churn.

The size of # is limited by memory overhead and con-
trol complexity. A typical design sets a cap |H| < Hmax
and selects the top keys by pressure score subject to
table-level quotas. Table-level quotas are necessary be-
cause a single highly skewed table, such as item em-
beddings, might otherwise dominate the hot set, leaving
insufficient adaptation capacity for user embeddings or
context embeddings that may also become hot under cer-
tain conditions. Quotas can be dynamic, based on each
table’s contribution to total latency or on contractual
service-level objectives [19].

Measurement noise and routing feedback can create
estimation bias. When a key is replicated and routed
across more nodes, any per-node estimator that only
sees local traffic will observe reduced counts, potentially
triggering eviction even if global demand remains high.
This is a classic measurement-control coupling. The so-
lution is to estimate demand at a point in the pipeline
that is upstream of routing, or to correct local observa-
tions by scaling with routing fractions. If / observes A, ;
and the controller knows py ;, then an unbiased estimate
of A¢ is Ax.i/pk.i, but this becomes unstable when py; is
small. In practice, combining multiple replica observa-
tions and using a minimum routing fraction floor reduces
variance. The framework described here assumes that
the controller has access to upstream sampled counts
that are not distorted by current routing, which is a com-
mon architectural choice.

Update rates also matter [20]. Some embedding vec-
tors are refreshed frequently, especially those repre-
senting users with recent interactions or items with fast-
changing attributes. Replicating such keys can increase
write amplification and can threaten freshness guaran-
tees if propagation becomes backlogged. Therefore the
admission score can incorporate update cost by subtract-
ing a term proportional to ix. One can define an adjusted
score h, = Axckbr — kfik, where « reflects the cost ratio
between write propagation and read savings. This adjust-
ment prevents the controller from over-replicating keys

where updates are expensive relative to the read benefit.

Finally, the controller must handle bursts that exceed
the system’s replication bandwidth. If many keys become
hot simultaneously, copying them all is impossible. In
such situations, the controller prioritizes keys with the
highest marginal benefit and may temporarily rely on
routing-based load balancing among existing replicas.
For example, if a key has only baseline replication, rout-
ing can still distribute across those replicas, but the de-
gree of freedom is limited [21]. Therefore the hotness es-
timator can also estimate the marginal benefit of adding
one replica, which depends on current utilization and
routing. This concept is used directly in the placement
algorithm.

4. Adaptive Replica Placement and Routing Al-
gorithm

The adaptive control problem consists of two coupled de-
cisions: replica placement, which determines where keys
reside, and routing, which determines how read traffic
is split among replicas. Routing can be adjusted quickly,
while placement changes are slower. A practical architec-
ture treats routing as the fast inner loop and placement
as the slower outer loop. The inner loop reacts to tran-
sient load fluctuations within the current placement, and
the outer loop adjusts placement to reshape the feasible
routing region over longer timescales.

We first describe a model for routing given a fixed
placement [22]. Suppose key k has replicas on nodes
in P (k). The controller seeks routing probabilities py
that reduce congestion and network cost. A simple
congestion-aware routing policy is to allocate traffic in-
versely proportional to a node’s estimated marginal de-
lay. Let y; be a congestion price for node /, increasing
with utilization, such as y; = ¢’(p;)/C; where ¢ is the
congestion penalty. The routing decision for key k can
then be expressed as a softmin over nodes, balancing
congestion and distance:

Pk,i o eXp

-6 (1//,- +p Z o, (k)d(r, i))) for ie®P(k)
, (5)



with temperature parameter 6 controlling how aggres-
sively traffic shifts. This policy avoids hard switching,
which can create oscillations and thundering herds, while
still moving traffic away from congested nodes. It also
incorporates topology preferences by penalizing distant
replicas. In systems that require deterministic routing for
cache locality, a consistent-hashing-based scheme can
be modified by adding multiple choices and selecting
among them based on load, preserving stickiness while
adding flexibility [23].

Given routing, we consider the marginal benefit of
adding or removing a replica for a hot key. The main
benefit arises from reducing load on congested nodes by
increasing the set of feasible destinations and allowing
the routing policy to spread traffic. The marginal cost is
memory and update propagation. We approximate the
benefit of adding a replica of key k to node j by the de-
crease in objective (1) induced by allowing p¢; > 0. For
small changes, we can use a gradient approximation. Let
£ be the Lagrangian of (1) with multipliers v; for mem-
ory constraints. Ignoring the discrete nature of x, ;, the
marginal value of storing key k at node j is approximately

(6)

A = —/ik (l[/eff(k) - Wj) ﬂ/ik (Deff(k) - Dk,j)

where w.q(k) is the current effective congestion price
experienced by key k under its routing distribution,
Defr(k) is the current expected distance cost, and Dy ; =
> or(k)d(r,j). The term v;s(k) reflects the opportunity
cost of consuming memory at node j under tight con-
straints. If A(_,; is positive, adding a replica at j is es-
timated to reduce total cost. This expression has an
intuitive interpretation: it is beneficial to add a replica
on a node that is less congested than the current serving
set and that is topologically close to the request origins,
but the benefit must outweigh update and memory costs.

Because the placement decision is discrete and con-
strained by per-node memory, the controller solves an
allocation problem over candidate replicas [24]. A direct
approach is to treat each potential key-node replica as
an item with value A,_,; and weight s(k), then perform
a constrained selection to maximize total value subject
to memory budgets. However, the number of candidates
can still be large. The framework reduces complexity
by restricting candidates. For each hot key &, define a
candidate set of nodes C(k) consisting of nodes in racks
with high origin probability o, (k) and nodes that have
spare memory and low congestion price. The size of C(k)
can be bounded to a few dozen using heuristics such as
selecting the best nodes per rack by y; and selecting a
small set of nearby racks.

The controller then performs a greedy or approximate
knapsack allocation. Greedy selection by value density
Ai_,j/s(k) is effective when item sizes are similar within a
table, which is often the case. When sizes differ substan-
tially across tables, the controller can allocate memory
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per table first and then do greedy selection within each
table, which also aligns with fairness constraints.

Replica removal is similarly governed by marginal loss.
Areplica of key k at node j can be removed if its contribu-
tion is low, which may occur when demand drops or when
node j becomes congested and is better used for other
keys. The marginal loss of removing a replica is approx-
imated by the increase in objective, which can be com-
puted by considering how routing would redistribute [25].
Removal decisions must incorporate hysteresis to avoid
immediate re-addition. Therefore replicas are assigned
a minimum residency time unless emergency eviction is
needed for memory safety.

A central production concern is stability. If the con-
troller reacts too aggressively to short-term fluctuations,
it can cause oscillatory placements where replicas mi-
grate frequently. This thrashes caches and increases
background bandwidth. Stability is enforced through
multiple mechanisms. One is step-size limiting: at each
epoch, only a bounded number of replica changes are al-
lowed globally and per node [26]. Another is a switching
cost term, effectively penalizing changes in x, ;. The con-
troller can implement this by subtracting a fixed penalty
n from A, for adding a new replica and subtracting an
anElogVeﬁﬁgyBenalty for removals, making small marginal
gains insufficient to trigger changes. A third mechanismiis
to use smoothed congestion prices y; rather than instan-
taneous ones, reducing sensitivity to transient spikes.

The outer loop algorithm can be summarized concep-
tually as a constrained primal-dual method. Each node
has a memory multiplier v; that rises when memory is
near capacity and falls when memory is plentiful. At
each epoch, for each candidate replica k — j, compute
the adjusted gain in (6). Select additions with positive
gain until memory budgets and change-rate limits are
reached. Then update multipliers based on observed
memory usage:

vi(t+A4) = [vi(r) + & (Ui(r) - Mj)], (7)

where U; is used memory, & is a small learning rate, and
[-1+ is projection to nonnegative values. This dual adjust-
ment naturally discourages placing replicas on nodes
that are memory-tight, without hardcoding per-node
thresholds [27]. In practice, memory constraints must
include safety buffers, so M; in (7) is set to a conservative
limit below physical capacity.

The inner loop routing continuously computes py ;
based on (5) using updated congestion prices. Conges-
tion prices can be derived from queue length, service
time, and CPU usage. A robust choice is to use an ex-
ponentially smoothed utilization estimate g; and set
w; = 1/(1 - p;) scaled by service rate. This is mono-
tone and captures the rapid increase near saturation.
To avoid routing instability, the routing updates are also
rate-limited and can incorporate per-key stickiness so



that repeated lookups for the same request are consis-
tent.

An important coupling arises because adding replicas
changes routing, which changes observed congestion,
which then affects the next placement decision. If the
controller does not account for this, it can overcompen-
sate. A useful technique is to evaluate marginal gains
using a counterfactual congestion price that includes
a model of how traffic would redistribute. One can ap-
proximate this by assuming that adding a replica for
key k spreads its traffic evenly among m(k) + 1 repli-
cas, or more generally according to softmin weights [28].
The predicted change in node i’s arrival rate is then
AN; = —Agpri + ftkp;w., where p’ is the predicted routing
after the addition. Using this, the controller can approxi-
mate the change in objective by a first-order expansion:

b7=Y w,-qb’(p,-)%i + B (Dl(k) - De(k))  +
(8)

where D/ (k) is the predicted expected distance after
the change. This counterfactual evaluation reduces my-
opic choices that might shift congestion from one node
to another without net benefit.

Marketplace serving often involves multiple clusters
by region or availability zone. Replica placement within
a cluster is the primary focus, but cross-cluster repli-
cation may exist for disaster recovery or geo-latency.
The same framework can be extended by treating clus-
ters as higher-level nodes with larger distance costs and
stricter bandwidth constraints. However, the actuation
delay is larger, so the controller should operate at slower
timescales for cross-cluster decisions. Within a single
data center cluster, the described approach is sufficiently
responsive for minute-level dynamics [29].

We also address fairness across tables. Let B; be a
memory budget allocated to table ¢ for adaptive replicas.
These budgets can be proportional to each table’s base-
line footprint and its latency sensitivity. The allocation
problem then includes constraints ¥, cong, 2 stx,ffj.”a <
B;, where x®*'" indicates replicas beyond baseline. Dual
variables can be used per table as well, creating a hierar-
chical primal-dual controller. This structure prevents one
table’s hot keys from consuming all adaptive memory
and ensures that improvements are distributed in a way
consistent with service priorities.

Finally, the controller must consider availability and
failure domains. If replicas are placed too densely in
a single rack, a rack failure can remove all replicas of
a key [30]. Therefore placement includes diversity con-
straints, such as requiring that replicas for a key span at
least two racks beyond baseline. This can be expressed
as a constraint on rack-level placement indicators, but
in practice it is enforced by candidate selection: when
adding replicas, the controller prefers racks not already

hosting the key’s replicas, unless a latency-critical policy
explicitly allows consolidation.

5. Consistency, Freshness, and Update Propa-
gation Under Replication

Embedding replication is beneficial for reads, but it com-
plicates updates. In marketplace systems, embeddings
can be updated by periodic retraining pushes, incremen-
tal nearline updates, and occasionally by online learning.
Some tables are effectively append-only or update in-
frequently, such as static item attributes encoded into
embeddings; other tables, such as user embeddings, may
update more frequently. The replica placement controller
must be aware of these differences because update prop-
agation can consume bandwidth, interfere with read la-
tency, and violate freshness requirements if lag grows.
We model an update stream for key k with rate u(t)

Yfk[31]. Each update carries a new vector value and a version

number. Replicas must converge to the newest version,
but strict linearizability is rarely required for recommen-
dation embeddings because the model is robust to small
inconsistencies, and the downstream ranking typically
tolerates minor staleness. Nevertheless, there are oper-
ational bounds: a user embedding that reflects recent
clicks should not lag by hours, and a price-sensitive item
embedding should not be too stale relative to inven-
tory changes. Therefore serving systems typically imple-
ment eventual consistency with bounded staleness. The
bounded staleness constraint in () can be interpreted
as requiring the update propagation delay distribution
to have most mass below Ag.

Update propagation can be designed in several ways.
A common design uses a primary-replica scheme: each
key has a designated primary node that receives updates
and then forwards them to secondaries. Another de-
sign uses a publish-subscribe mechanism where updates
are written to a log and replicas subscribe to updates
for keys they store [32]. The latter decouples writers
from the replica set and can simplify replica changes, be-
cause when a replica is added it can replay the log from
a checkpoint. The tradeoff is that log-based propagation
requires durable infrastructure and careful handling of
backpressure.

We consider a log-based approach because it aligns
well with adaptive placement. Updates for each table are
appended to a partitioned log keyed by k. Each embed-
ding server maintains subscriptions for the partitions cor-
responding to keys it stores. When a replica set changes,
a node begins consuming updates for newly assigned
keys. To avoid replaying an unbounded history, the sys-
tem stores periodic snapshots or checkpoints of embed-
dings, or it uses a compacted log where only the latest
value per key is retained beyond a horizon [33]. Because
embeddings are large but manageable, compaction is
often feasible. The main concern becomes propagation
lag: if a node is overwhelmed, it may fall behind and

1



serve stale values.

Propagation lag can be modeled as a queue. Let node
i receive update events for keys it stores at total rate
i = Ykiep (k) Mk- Let its update processing capacity be U;
updates per second, capturing network ingress, deserial-
ization, and in-memory writes. The utilization for updates
is p,.(“) =, /U;. If reads and updates share resources, the
effective capacity for each depends on scheduling. Many
systems prioritize reads, meaning updates are processed
opportunistically, which can increase lag under heavy
read load. This introduces a coupling: replicating a fre-
quently updated key increases ; at multiple nodes and
can increase lag if update capacity is limited [34].

To incorporate this in placement control, the update
cost term y 3¢ frm(k) is a coarse proxy. A more refined
model accounts for per-node update utilization and its
effect on read latency via interference. Suppose node i
has total CPU budget normalized to 1, with read process-

ing consuming fraction proportional to p!” and update

!

processing consuming fraction proportional to p,.(“). If
the scheduler prioritizes reads, updates may be throttled
when reads are high. A simple interference model sets
effective read service rate as C™ = C;(1-6p(*) for some
& € [0, 1] capturing contention, and effective update ser-
vice rate as Ufff =U;(1- 5’p;r)). While approximate, this
captures the qualitative behavior that too many replicas
of frequently updated keys can degrade both freshness
and latency.

Freshness can be expressed through the distribution
of propagation delay. For log-based propagation, the
delay is the time from log append to application at a
replica. If updates are processed in order per partition,
the lag can be measured as the log offset difference. Let
L;, bethelagin secondsfor node i on partition p. For key
k in partition p(k), the staleness is approximately L; ,)
at node /. The bounded staleness requirement can then
be enforced by ensuring L; , stays below thresholds. The
controller can incorporate this by penalizing placements
that would assign high-update-rate keys to nodes with
high current lag or limited update capacity [35].

Replica addition creates a cold-start issue for fresh-
ness. When a new replica is created, it must obtain the
latest value. If the system copies the current embed-
ding value from an existing replica, it can then subscribe
to incremental updates. If it relies purely on the log, it
may need to catch up from a checkpoint. The time to
warm a replica is therefore a function of transfer band-
width and current lag. During warmup, routing should not
send reads to the new replica, otherwise it would serve
missing or stale values. The framework therefore sepa-
rates replica installation from activation [36]. Installation
transfers the current value and begins subscription, and
activation occurs when the replica is caught up and has
passed a validation check. Activation can be conditional
on the replica’s lag being below a threshold.

Consistency among replicas can be handled with ver-
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sion numbers. Each embedding value carries a monoton-
ically increasing version, such as a timestamp or training
step. Reads can accept any version within a staleness
bound. For certain tables, it may be important to avoid
serving values older than a global minimum version, for
example when a model rollout expects embeddings to be
compatible with a new schema. In that case, the system
enforces a floor version and blocks or falls back when
a replica lags. This interacts with placement because
adding replicas increases the number of consumers that
must keep up with the floor [37]. Therefore placement de-
cisions during rollouts may be temporarily constrained,
or update capacity may be provisioned.

A practical propagation design also needs to handle
write amplification. If a key has m(k) replicas, each up-
date is applied m(k) times. In a log-based system, the
update is still published once, but it is consumed by
m(k) nodes. This increases network and CPU usage. The
controller's update cost term can be made key-specific
by incorporating the embedding size and update pay-
load size. For table ¢, let update payload size be ap-
proximately s; [38]. Then the total update bandwidth
is roughly >, pues(k)m(k). This motivates a cost term
¥ 2k Ars(k)m(k), which penalizes large frequently up-
dated embeddings more strongly.

We now connect update propagation to placement
stability. If placements change frequently, replicas are
added and removed, which can cause spikes in update
subscription changes and in state transfer. Even if up-
dates are infrequent, the transfer of the full embedding
value during installation can be expensive. Therefore the
stability penalty in placement should account for state
transfer size. A switching cost for adding a replica of
key k can be set proportional to s(k), reflecting bytes
transferred, and also to an estimated warmup time. The
controller can then avoid moving large embeddings un-
less the expected read benefit is significant [39].

The design must also address correctness under par-
tial failures. If a node fails and loses in-memory state,
replicas must be reconstructed. For cold keys, recon-
struction can be lazy from persistent storage. For hot
keys, reconstruction must be rapid to avoid overload
on remaining replicas. Therefore the system maintains
baseline replication mg > 2 and ensures that adaptive
replicas are not all placed in a single failure domain. Ad-
ditionally, the controller should treat failure events as
triggers for temporary adaptation, increasing replicas
for keys whose remaining replicas are under pressure.
This requires that the placement controller integrate with
cluster membership and failure detection [40].

Finally, marketplace systems often require multi-
tenant isolation. Different business units may have sepa-
rate update pipelines with different priorities. A global
log infrastructure must enforce quotas so that one ten-
ant’s updates do not starve others. Similarly, adaptive
replication must not amplify a noisy tenant’s update traf-
fic beyond budget. This can be enforced by per-tenant



update cost multipliers and by table-level budgets. Be-
cause these constraints are organization-specific, the
framework emphasizes modular cost terms that can be
tuned without changing the algorithmic core.

6. Analytical Modeling of Latency, Capacity,
and Replica Multiplicity

To justify and tune adaptive replica placement, it is use-
ful to develop a quantitative model connecting replica
multiplicity to tail latency and to resource consumption
[21]. While production systems require empirical valida-
tion, an analytical model provides guidance for controller
design and helps avoid pathological regimes.

We consider a simplified setting with a single embed-
ding table and homogeneous nodes, then extend to het-
erogeneous topology. Let N nodes each provide service
rate C lookups per second. Requests for key k arrive
as a Poisson process with rate A, and each lookup has
service time distribution with mean 1/C after normaliza-
tion. Suppose key k is replicated on m(k) nodes, and
its traffic is split evenly among replicas, so each replica
receives rate A/ m(k). For a given node, the total arrival
rate is the sum over keys assigned to it. In a baseline
sharding scheme without adaptive replication, each key
has a primary assignment, so node loads are determined
by the sum of rates of keys mapped to the node [42]. With
skew, a node that hosts a few hot keys can have much
higher load than average.

Replica multiplicity affects the load variance across
nodes. One way to model this is to treat key-to-node
assignment as random and compute the expected max-
imum load. However, in practice assignments are de-
terministic and may be correlated with key popularity
due to hashing, but randomness is still a useful approxi-
mation for average behavior. Suppose the base assign-
ment is uniform random. The expected load at a node
isA = % >« Ak, but the variance depends on the second
moment of A,. Replication effectively reduces the contri-
bution of hot keys to variance by spreading them across
multiple nodes.

We can formalize this by considering the load contri-
bution of each key as a random variable [43]. If key k is
replicated on m(k) nodes and traffic is evenly split, then
each node in its replica set receives Ay /m(k), and other
nodes receive 0. If replica sets are chosen uniformly at
random, then the probability a given node receives part
of k is m(k)/N. The expected contribution of k to a given
node’s load is (m(k)/N)-(Ax/m(k)) = A¢/N, independent
of m(k), so the mean load is unchanged. The variance
contribution is

mk) (A o (AN AR A
T(m(k)) _(_) T Nm(k) N2’

Var|contribg] = N
(9)

Summing over keys and ignoring small terms
yields load variance approximately proportional to
Y« AZ/(Nm(k)). This indicates that increasing m(k) for
large A, reduces variance significantly. A controller that
targets hot keys is therefore aligned with variance reduc-
tion [44]. The diminishing returns are explicit: doubling
replicas halves the variance contribution for that key.

Variance reduction is related to tail latency because
the most loaded node tends to dominate p99 latency
when requests are routed to a node that may be over-
loaded. In a system where routing can choose among
replicas based on load, the maximum load is less di-
rectly relevant, but reducing variance still reduces the
frequency of saturation events.

We next incorporate queueing delay. For an M/M /1
approximation at each node, the response time distribu-
tion has mean 1/(C — A;) and tail quantiles that increase
sharply as A; approaches C. For an M/G/1, the tail can
be heavier depending on service variability. Nonetheless,
the utilization p; = A;/C remains the central parameter
[45]. If replication reduces A; for overloaded nodes, it
reduces both mean and tail. The controller’s congestion
penalty ¢ (p) captures this sensitivity.

Consider a single hot key A with rate A, that is initially
served by one node. If that node’s baseline load from
other keys is A, then utilization is p = (Ag + A,)/C. If we
add one replica on another node and split 4 evenly, then
the first node’s utilization becomes p; = (Ag + 4,/2)/C
and the second node’s becomes p; = (Aj + 44/2)/C,
where A[ is the baseline load on the second node. The
reduction in congestion penalty is

Mo+ A Ao + Ap/2 Ay Ay +An/2
e R e R ko R e |
(10)

When the original node is near saturation and the tar-
get node has headroom, A is large [46]. This motivates
placing replicas on underutilized nodes rather than sim-
ply increasing replica count without regard to location.
The marginal benefit depends on the slope of ¢ at the cur-
rent utilizations, which is captured by congestion prices
w; in the algorithm.

Now incorporate network topology. Let there be R
racks. Suppose requests originate from racks according
to o, (k). If the inference frontends are rack-local, then
routing to a replica in the same rack avoids cross-rack
hops. For a key with concentrated origin distribution,
placing at least one replica in the dominant rack can re-
duce network latency and cross-rack bandwidth [47]. For
a key with dispersed origins, a single rack-local replica
cannot satisfy all requests, so additional replicas across
racks may be beneficial. This creates a tradeoff: distribut-
ing replicas across racks reduces network cost but may
reduce the ability to balance load within a rack if nodes
there are already busy. The cost term involving d(r,/)
captures this.
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A more detailed model treats network as a shared
resource with capacity constraints. Let B,_,,» be available
bandwidth between racks r and r’, and let 7,_,» be traffic
induced by embedding lookups. Then one could impose
constraints T, < B,_,, and add queueing delay in
network switches. Such modeling is complex, but the
controller can approximate it through a congestion price
on cross-rack traffic derived from measured utilization.
Let y,, be a price that increases when links approach
saturation. The network term in (1) can then be modified
to include y:

network cost ~ Z Z Z Akor (K)pri (d(ry i) + Xror(iy)
k r i
(1)

where r(/) is the rack of node j. This makes routing
and placement responsive to network hotspots [48].

We now consider update propagation capacity. Sup-
pose each node can process updates at rate U, and up-
dates for key k have payload size s(k). If m(k) replicas
exist, total update bytes processed is ugs(k)m(k). The
aggregate update bandwidth required is >, prs(k)m(k).
If this exceeds the provisioning, lags grow. A stability
condition for updates at node i is ¥ i.icp (k) 4k < U; and
similarly for byte bandwidth. Because replica placement
can concentrate updated keys on certain nodes, the con-
troller should also balance update load. This can be done
by introducing an update congestion price v; analogous
to read congestion, based on measured update lag or
update CPU usage [29]. The marginal gain formula (6)
then includes a term - v;, discouraging placement on
nodes that are update-congested.

To integrate these considerations, we can view the
system as having two resource dimensions per node:
read capacity and update capacity, each with its own
utilization and penalty. A combined objective can use
¢-(p") + du(p!’) and a combined price. This adds com-
plexity but aligns with observed production behavior
where update backlogs can degrade quality even if read
latency remains acceptable.

Finally, we model placement actuation delay and its
effect on control stability. Let Tcopy(k) be the time to
install a new replica of key k, which depends on payload
size and available bandwidth. Let Tyarm(k) be the time
to warm caches and validate. The total actuation delay is
Tact (k) = Teopy(k) + Twarm (k). If workload changes faster
than Ty, then aggressive replication can chase a moving
target and waste resources. Therefore the controller’s
admission and placement changes should be tuned to the
actuation timescale. A useful heuristic is to admit keys
whose hotness is expected to persist longer than T, and
to prefer routing adjustments for shorter spikes. This can
be formalized by estimating a persistence probability for
each key based on recent volatility, and scaling marginal
gains by that probability. If z, is the estimated probability
that key k remains hot over the next epoch, then the
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effective marginal gain is m A¢—,;. This reduces churn for
volatile keys.

The analytical model thus supports several design
principles: replicate keys in proportion to their squared
demand to reduce variance, place replicas on nodes with
low congestion prices to reduce tail, distribute replicas
across racks according to origin distribution to reduce
network cost, incorporate update capacity and lag into
placement to maintain freshness, and stabilize control by
accounting for actuation delays and switching costs [50].
The proposed algorithm implements these principles in
an online, telemetry-driven manner.

7. Evaluation Methodology, Metrics, and Ex-
pected Behavioral Regimes

A rigorous evaluation of adaptive replica placement re-
quires measuring not only average improvements but
also robustness under non-stationary demand, opera-
tional safety under failures, and resource tradeoffs. In
production environments, the primary objective is typi-
cally tail latency for end-to-end inference or for embed-
ding lookup RPCs, along with availability and bounded
staleness. Secondary objectives include network utiliza-
tion, memory footprint, update lag, and controller over-
head.

The evaluation can be structured using a combination
of replay-driven simulation, testbed experimentation,
and controlled production experiments. Replay-driven
simulation uses recorded lookup traces from a market-
place to drive a model of the embedding serving cluster.
The trace includes key IDs, timestamps, origin rack or
frontend group, and table identity [51]. If the trace can-
not include raw IDs due to privacy, it can be hashed con-
sistently to preserve skew properties. Simulation then
applies a placement and routing policy and measures pre-
dicted node loads and network traffic. Queueing delay
can be approximated using a service time model cali-
brated from profiling. While simulation cannot perfectly
capture all system effects, it is valuable for exploring
parameter sensitivity and worst-case scenarios, such as
flash sales that drive sudden skew changes.

A testbed provides higher fidelity by running the em-
bedding service stack with synthetic or replayed traffic.
The testbed can include a subset of nodes with realis-
tic network topology emulation and can measure actual
tail latencies and update propagation. The primary lim-
itation is scale: heavy-hitter behavior and contention
can differ at smaller scale [52]. Therefore, testbed exper-
iments are complemented by production experiments
with careful safeguards. Production evaluation can be
done via canary deployment where a fraction of traffic is
served by the adaptive policy, comparing to baseline us-
ing matched cohorts. Because recommendation systems
can influence user behavior, careful experiment design
is needed to avoid confounding. For embedding latency,
however, the metric is infrastructure performance, which



can be evaluated more directly, assuming the policy does
not change model outputs beyond freshness differences.

Key metrics include p50, p90, p99, and p99.9 lookup
latency per table and aggregated across tables, as well as
end-to-end inference latency. Network metrics include
cross-rack bytes per second, top-of-rack switch utiliza-
tion, and packet loss indicators. Memory metrics include
total memory used for adaptive replicas, fragmentation
overhead, and eviction rates [53]. Update metrics in-
clude propagation lag distribution per table, percentage
of reads served with version older than a threshold, and
update CPU utilization. Controller metrics include num-
ber of replica changes per epoch, state transfer bytes,
and time to convergence after a demand shift.

The evaluation should cover distinct workload regimes
characteristic of e-commerce marketplaces. One regime
is steady-state diurnal cycles where the hot set changes
gradually. In this regime, the adaptive controller should
provide modest improvements by smoothing load and
keeping p99 stable as traffic rises and falls. Another
regime is event-driven spikes where a small set of items
becomes extremely hot, such as during limited-time pro-
motions. Here the key behavior is whether the controller
can react within the actuation delay and whether it can
prevent localized overload [54]. A third regime is dis-
tributed hotness where many keys are moderately hot,
such as during broad seasonal shopping when attention
is spread. In this case, replication of a small set may
not be sufficient; the controller must allocate memory
across more keys or rely more on routing. A fourth regime
involves correlated hotness across tables, for example
when a user cohort surges and both user embeddings
and item embeddings are hot. Multi-table fairness be-
comes important here to avoid over-optimizing one table
at the expense of another.

Behavior under failures is also critical. Rack failures,
node restarts, and network partitions can suddenly re-
duce replica availability and increase load on remaining
nodes. The controller should detect reduced capacity
and either temporarily increase replicas for the most
pressured keys or adjust routing to prevent saturation.
Because placement changes take time, immediate miti-
gation relies on routing and on baseline replication [55].
The evaluation should therefore measure the time to
recover to pre-failure p99 and the peak p99 during the
incident.

Another important evaluation dimension is staleness.
Adaptive replication should not materially increase stale
reads beyond acceptable thresholds. If update rates
are low for most replicated keys, staleness may remain
unchanged, but in some workloads user embeddings
can have frequent updates. Therefore the evaluation
should stratify keys by update rate and measure stale-
ness distributions separately. If the controller includes
update-aware scoring, it should reduce replication for
high-update keys unless read pressure is extreme. The
resulting tradeoff can be quantified by plotting p99 la-

tency improvement versus increase in update bandwidth
and staleness [56].

The controller’s stability parameters, such as hystere-
sis thresholds, switching penalties, and step-size limits,
should be tuned using data. A common pitfall is set-
ting thresholds based on average load rather than tail
events. The evaluation should therefore include stress
tests where traffic is scaled up and the skew is increased,
to ensure that the controller does not thrash when the
system is near capacity. It should also include low-load
tests to ensure that the controller does not create un-
necessary replicas simply because memory is abundant,
since excess replication increases update overhead with-
out commensurate latency benefit.

To analyze controller decisions, one can compute the
marginal gains estimated by (6) and compare them to re-
alized improvements after changes. This validation helps
calibrate congestion prices and cost weights. For exam-
ple, if the controller consistently overestimates benefits
of adding replicas to certain racks, it may indicate that
network cost is underweighted or that congestion prices
are misestimated due to measurement lag. Similarly, if
the controller avoids replicating keys that later cause
overload, it may indicate that admission thresholds are
too conservative or that the hotness estimator lags [57].
These diagnostics are important for production harden-
ing.

In an e-commerce marketplace, there are also
business-driven constraints. Certain entities may be sub-
ject to policy controls, and the system may need to en-
sure that adaptive behavior does not create unfairness
across sellers or regions. The embedding layer is typi-
cally not directly responsible for such business logic, but
adaptive placement can indirectly affect latency and thus
user experience across segments. Therefore evaluation
should include segment-level latency metrics, such as by
region or by frontend, to ensure that improvements are
not concentrated in one segment while others degrade.
If the controller includes topology-aware placement, it
may preferentially optimize for dominant racks. Fairness
constraints in the objective can mitigate this by including
weights for different origin groups [58].

While exact numerical results depend on deployment
specifics, the expected qualitative outcomes are as fol-
lows. Under shifting hot sets, adaptive replication re-
duces the frequency and severity of hotspots, lowering
p99 latency and reducing the variance of node utiliza-
tion. Cross-rack traffic can decrease when replicas are
placed closer to request origins, though it may increase
if the controller prioritizes load balancing over locality
in extreme situations. Update overhead increases with
replication, but update-aware scoring and per-node up-
date capacity pricing keep lags within bounds. Stability
mechanisms reduce thrash and keep replica change rates
manageable, at the cost of slower reaction to very short
spikes. The tradeoff is acceptable when actuation delay
is nontrivial, and routing can address short spikes.
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8. Implementation Considerations in Produc-
tion Recommendation Serving

An adaptive replica placement system must integrate
with the realities of production serving, including het-
erogeneous hardware, evolving model schemas, multi-
tenant resource governance, and operational safety [59].
This section discusses implementation considerations
that influence algorithm design and the boundary be-
tween what is handled by the controller versus what is
delegated to underlying storage and orchestration layers.

Embedding servers often store multiple tables, each
with different vector sizes and access patterns. Mem-
ory allocation must therefore handle fragmentation. If
embeddings are stored in a hash map with per-entry
overhead, frequent insertions and deletions caused by
replica churn can fragment memory and degrade perfor-
mance. A production implementation typically uses a
slab allocator or an arena per table, where embeddings
are stored in fixed-size blocks to reduce fragmentation.
When a replica is removed, its block can be returned to a
free list, but immediate reuse may not be safe if readers
can still access it. Therefore the system requires safe
reclamation, such as epoch-based reclamation or refer-
ence counting [60]. This influences how quickly replicas
can be removed and may introduce a delay between deci-
sion and actual memory recovery. The controller should
account for this by treating memory usage as including
pending-free blocks and by avoiding decisions that would
exceed hard limits.

The placement controller’s actuation must be reliable.
Copying an embedding to a new node can fail due to
network errors or node overload. Therefore replica in-
stallation should be idempotent and retriable. Acommon
approach is to represent placement state in a control-
plane store, such as a distributed key-value store, where
the desired replica set is recorded. Each node runs an
agent that watches desired assignments and performs
local actions to converge [61]. This separates decision
logic from execution and allows the system to tolerate
controller restarts. The agent can report progress, such
as bytes transferred and catch-up lag, enabling the con-
troller to activate replicas only when ready.

Routing integration is another challenge. If routing
is done by the inference frontends, they need up-to-
date knowledge of replica sets. Disseminating frequent
changes to many frontends can be expensive and can
introduce inconsistent views, leading to failed requests.
Therefore the system may use an indirection layer: a rout-
ing service or a consistent hashing ring that can be up-
dated centrally. Alternatively, the embedding service can
provide a redirect mechanism, where a frontend sends
a lookup to a default node which then forwards to an
appropriate replica [62]. Forwarding adds latency, so it
is typically avoided on the steady state, but it can be
acceptable during transitions. A hybrid approach uses
frontends for normal routing and fallback forwarding for
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misses. The controller’s stability mechanisms reduce the
frequency of changes, making dissemination easier.

Batching is central in recommendation serving be-
cause each request includes many embedding lookups.
Embedding services often support batch RPCs where mul-
tiple keys and tables are requested at once. Batch perfor-
mance depends on how keys are grouped by destination
node. If replica placement increases the number of des-
tinations, it can increase fan-out, potentially increasing
latency due to more RPCs [63]. Therefore placement must
consider not only per-lookup latency but also batching
efficiency. One approach is to co-locate replicas for keys
that commonly co-occur in the same request. For ex-
ample, item embeddings for items shown together in a
carousel may be requested together. Co-locating them
can reduce fan-out. This is related to graph partitioning
based on co-access patterns, which is complex at scale.
A practical compromise is to avoid scattering replicas
excessively by limiting the number of racks used for a
key and by preferring nodes that already serve many keys
from the same origin group. The controller can include
a fan-out penalty proportional to the expected number
of distinct destination nodes per request [64]. While es-
timating this exactly is difficult, it can be approximated
at the table level by measuring average destinations per
batch and penalizing changes that increase it.

Compression and quantization are often used to re-
duce memory. If embeddings are stored in compressed
form and decompressed on read, the service time in-
creases. Replication then interacts with CPU load differ-
ently than with pure memory bandwidth. The controller’s
cost coefficients ¢, can reflect this by table. Addition-
ally, some systems store embeddings on GPUs for faster
access, especially for very hot vectors. GPU memory is
limited and expensive, so adaptive replication could be
extended to decide which hot embeddings are promoted
to GPU memory [65]. This introduces a tiering dimension
beyond the scope of a pure CPU memory placement, but
the same principles apply: treat GPU as a constrained re-
source with high benefit for the hottest keys, and use an
online controller with switching costs. In marketplaces,
GPU tiering may be used sparingly due to cost, but it is
increasingly relevant.

Schema evolution is another production reality. Em-
bedding dimensions may change, tables may be added
or removed, and key encoding may evolve. Replica place-
ment logic must be robust to such changes. This argues
for table-level metadata that describes vector size, up-
date semantics, and compatibility requirements. During
schema transitions, mixed versions may coexist [66]. The
controller must avoid replicating incompatible versions
across nodes or must ensure that routing selects the cor-
rect version for the requesting model. This is typically
handled by versioned table names or namespaces. The
placement controller then operates within a namespace
and can treat version rollouts as changes in table identity,
with separate budgets and gradual migration.



Observability is essential. The controller relies on
telemetry: per-node utilization, queueing metrics, net-
work metrics, update lag, and approximate per-key rates.
Instrumentation must be efficient and must not intro-
duce significant overhead. For per-key telemetry, the
system can report only the heavy hitters and aggregate
the rest [67]. Sampling must be carefully implemented
to avoid bias. Additionally, the controller’s decisions
should be explainable in operational terms: why a key
was replicated, why it was removed, and what benefit
was expected. This can be achieved by logging marginal
gain components, including congestion price differences,
distance costs, update costs, and memory prices. Such
logs help diagnose mishehavior and support safe tuning.

Safety mechanisms are required to prevent the con-
troller from causing outages. One mechanism is a global
kill switch that reverts to baseline placement and rout-
ing. Another is guardrails on memory: the agent must
refuse placements that exceed hard capacity, regardless
of controller desire [68]. Similarly, guardrails on update
lag can prevent adding replicas for frequently updated
keys when lag is high. Rate limiting on replica changes
ensures that the controller cannot saturate the network
with state transfers. Canarying is also important: the con-
troller can be deployed to a subset of tables or a subset
of keys and gradually expanded.

Multi-tenancy and governance require quotas. Adap-
tive replicas consume memory that might otherwise be
used for baseline tables or other tenants. Therefore
budgets B, should be enforced and reported. In some
organizations, budgets are negotiated and tracked [69].
The controller can support this by computing per-tenant
memory usage and providing levers to adjust weights.
In addition, fairness can be enforced by including per-
tenant weights in the objective or by limiting the fraction
of adaptive memory any tenant can use.

Failure handling requires coordination with orchestra-
tion. When nodes are drained for maintenance, replicas
on those nodes must be moved. The controller can treat
drains as planned failures and proactively replicate hot
keys elsewhere before the drain begins. This is a key
operational benefit: planned maintenance can otherwise
cause transient overload if hot keys lose replicas. The
controller can use maintenance schedules from orches-
tration to precompute changes [70]. When unplanned
failures occur, immediate mitigation is handled by rout-
ing and baseline replication; the controller then restores
redundancy by adding replicas as capacity allows.

Finally, it is important to consider the interaction
between embedding replication and upstream caching.
Many systems include per-frontend caches for embed-
dings or for partial model results. If a key is cached
upstream, embedding server load may drop, changing
hotness. Conversely, caching policies may depend on
embedding latency. Adaptive replication can therefore
change cache hit rates. While modeling this precisely
is complex, a production deployment should monitor

cache metrics and consider them in hotness estimation
[71]. One approach is to estimate demand at the point af-
ter cache, since that is what loads the embedding servers,
and treat cache policy as exogenous. Another approach
is to jointly tune caching and replication, which is be-
yond scope but compatible with the framework: caching
is another form of replication at a different layer with
different costs.

Overall, implementing adaptive replica placement re-
quires careful integration with storage primitives, rout-
ing dissemination, update propagation, and operational
safety. The algorithmic core must be simple enough to
reason about and robust to noisy telemetry. The primal-
dual structure with marginal gain evaluation, candidate
restriction, and stability penalties is well-suited to these
constraints.

9. Conclusion

Distributed recommendation serving systems in e-
commerce marketplaces must deliver embedding vec-
tors with low and predictable tail latency under highly
skewed and rapidly changing workloads. Static sharding
and fixed replication are often insufficient because hot
keys can overload individual nodes and network links,
while naive replication can waste memory and increase
update overhead [72]. This paper presented an adaptive
replica placement framework for hot embedding vectors
that treats replication as an online, constrained opti-
mization problem. The approach combines streaming
hotness estimation with topology-aware placement and
congestion-aware routing, using marginal gain approxi-
mations and primal-dual resource prices to scale deci-
sions under memory and freshness constraints. Stability
is addressed through hysteresis, switching costs, and
rate limits that account for actuation delay and warmup
behavior. Consistency and freshness considerations are
incorporated via update-aware scoring and propagation-
aware penalties, recognizing that replication increases
write amplification and can affect staleness.

The resulting design emphasizes implementability in
production: it restricts decisions to a managed hot set,
uses telemetry readily available in serving stacks, and
integrates with control-plane execution mechanisms that
ensure idempotent replica installation and safe activa-
tion. Analytical modeling links replica multiplicity to load
variance and queueing sensitivity, providing guidance for
tuning and for understanding diminishing returns. The
evaluation methodology highlights how to assess im-
provements across workload regimes characteristic of
marketplaces, including event-driven spikes and corre-
lated hotness across tables, while monitoring update lag
and network utilization.

Adaptive replica placement is not a substitute for ca-
pacity planning or model-level optimization, but it is a
practical control lever that can reduce hotspot-driven tail
latency and improve robustness to non-stationary de-
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mand when carefully constrained by memory, topology,
and freshness requirements [73].
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