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Abstract

Modern e-commerce product retrieval increasingly relies on high-dimensional similarity search over learned embeddings, while
still requiring structured filtering, personalization, and business constraints. These workloads combine compute-intensive vector
operations with latency-sensitive control flow and memory-heavy metadata access, making end-to-end performance dependent
on how operators are distributed across heterogeneous hardware. This paper presents a hybrid CPU-GPU execution engine for
similarity search that performs cost-based operator placement across devices, targeting low tail latency and high throughput under
realistic retrieval pipelines. The engine represents retrieval as a directed acyclic operator graph that includes approximate nearest
neighbor candidate generation, exact distance refinement, attribute predicates, and ranking feature computations. A device-aware
optimizer places each operator on CPU or GPU using a calibrated cost model that accounts for compute, memory bandwidth, kernel
launch overheads, interconnect transfer, and pipeline backpressure. The execution runtime supports asynchronous scheduling with
micro-batching, explicit data residency, and overlapping of transfers with compute, enabling mixed placement plans that avoid GPU
underutilization on control-heavy operators while accelerating dense linear algebra and top-k selection. The proposed approach
is evaluated through an e-commerce retrieval setting with large catalogs and mixed query patterns, demonstrating that cost-based
placement can adapt to hardware configurations and workload shifts without manual tuning. Observed outcomes include improved
stability of tail latency and better resource balance compared with fixed-placement baselines.

1. Introduction quire metadata access and predicate evaluation that can be
irregular and branch-heavy.
E-commerce retrieval systems increasingly blend classi- The hardware landscape for serving such pipelines

cal information retrieval components with representation  js heterogeneous. CPUs provide flexible control flow and
learning [1]. In a typical product search or recommen- efficient pointer-chasing on complex data structures, while
dation request, the system must accept a query context, GPUs offer high throughput for dense numeric operations
form one or more embedding vectors, retrieve candidate  such as matrix multiplications and large-scale dot prod-
products by vector similarity, and then apply a sequence ycts. Similarity search includes both flavors [3]. Candidate
of business rules and ranking features before returning  generation can be implemented via approximate nearest
a small list of items. The vector portion of the pipeline  pejghbor techniques that exploit quantization, inverted in-
is often expressed as nearest neighbor search in a high-  dexes, or graph structures, each with different computa-
dimensional space, where each product is represented by  tjonal kernels and memory access patterns. Refinement
an embedding learned from text, images, user interactions, —and reranking typically compute exact distances or addi-
or multimodal inputs. In addition to similarity, production  tional learned scores for a subset of candidates, and these
retrieval must support structured constraints such as avail- = steps can map well to GPU execution when expressed as
ability, price ranges, category restrictions, seller policies, batched operations. However, the overall pipeline includes
and region-specific eligibility [2]. These constraints are  joins with metadata, filtering, deduplication, and feature
rarely expressible purely in the embedding space; they re-  extraction that may not benefit from GPU acceleration, es-
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Figure 1: Hybrid retrieval engine overview. A cost-based planner selects CPU vs. GPU placement for embedding, ANN search, and
post-processing operators; the hybrid executor overlaps GPU kernels with CPU-side filtering and re-ranking to deliver top-k products

under e-commerce latency constraints.

pecially when the intermediate result sets are small, the
control flow is complex, or the data is not resident on the
device. Practical deployment therefore faces a placement
problem: which operators should execute on the GPU,
which should remain on the CPU, and when should data
be transferred [4].

A fixed placement strategy, such as always running
vector search on the GPU and everything else on the CPU,
is often suboptimal. When selectivity is high, filters can
shrink candidate sets dramatically, making it beneficial
to filter before shipping candidates to the GPU for refine-
ment. When selectivity is low or filters are expensive, early
GPU acceleration of similarity computations can reduce
latency. The best plan depends on catalog size, embedding
dimensionality, index type, predicate selectivity, batch size,
interconnect bandwidth, GPU occupancy, and tail-latency
requirements [5]. Moreover, e-commerce workloads are
non-stationary. Promotions, seasonality, shifts in query
mix, and changes in ranking models alter operator costs
and selectivities. Manual tuning becomes brittle and diffi-
cult to maintain.

This paper describes a hybrid CPU-GPU execution
engine for similarity search with a cost-based optimizer
that performs operator placement [6]. The engine mod-
els retrieval as a graph of operators with typed inputs and

outputs, including vector search primitives and structured
operations. The optimizer chooses a placement and data
residency plan using a device-aware cost model. The run-
time then executes the plan using asynchronous schedul-
ing, micro-batching, and overlapping of computation and
transfers. The main technical focus is the integration of
cost-based placement with the realities of similarity search
pipelines: approximate indices with irregular memory be-
havior, mixed compute and control operators, and perfor-
mance sensitivity to small changes in batch size and selec-
tivity [7]. The approach emphasizes predictable tail latency
rather than only maximizing average throughput, because
user-facing search latency and service level objectives are
dominated by tail behavior under load.

The paper proceeds by defining the execution and
workload model for e-commerce retrieval and formalizing
operator placement as a constrained optimization problem.
It then presents the architecture of the hybrid execution
engine, including its memory residency model, operator in-
terfaces, and scheduling strategy [8]. Next, it develops the
cost model used by the optimizer, including computation
cost, memory cost, transfer cost, and queueing effects. It
discusses how the optimizer is calibrated and how it adapts
to workload changes. It then details similarity search op-
erators and index structures that fit the execution model,
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Figure 2: Cost-based operator placement as a compact decision chain. For each operator (embedding, ANN, re-ranking), the planner
evaluates CPU vs. GPU alternatives using a cost model that accounts for compute time, device-transfer overhead, and queueing under
load; selected plans are memoized for fast reuse across similar query batches.

focusing on the mapping of candidate generation, refine-
ment, and top-k selection to CPU and GPU. Finally, it
describes an evaluation methodology and discusses per-
formance implications, sensitivity, and limitations in an
e-commerce setting [9].

2. System Model and Problem
Formulation

The retrieval pipeline is modeled as an operator graph in
which each node consumes one or more inputs and pro-
duces outputs that are consumed by downstream operators.
Operators are typed by their semantics and by their data
layout requirements. The core data types include dense
vectors for query and item embeddings, integer identifiers
for candidate products, and structured records for metadata
and features. Each operator exposes a contract specifying
input cardinalities, output cardinalities, and side conditions
such as deterministic ordering or stability requirements

[10]. This contract enables the optimizer to reason about
selectivity and intermediate sizes, which are crucial for
placement because transfer and kernel-launch costs can
dominate when intermediate results are small.

A retrieval request is assumed to carry one or more
query embeddings. In the simplest case, a single embed-
ding is generated upstream, but in practice multiple embed-
dings may be used to capture different intent facets. For
modeling purposes, the query embedding vector has dimen-
sion d, and the product catalog contains NV items, each with
an embedding of the same dimension [11]. The pipeline
includes a candidate generation operator that returns a set
of K candidate item identifiers based on an approximate
nearest neighbor search. Subsequent operators may apply
attribute filters that reduce the candidate set to K’, com-
pute exact similarity scores for the remaining candidates,
and then compute additional ranking scores. A final top-k
operator returns the best k results, with k typically much
smaller than K.
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Figure 3: Cost model decomposition for CPU/GPU placement. The planner estimates total latency as the sum of operator compute
time, host-device transfer overhead, and queueing delay driven by dynamic load, then chooses the placement that minimizes predicted

end-to-end runtime for the current batch and k.

Table 1: E-commerce product datasets used for evaluating the hybrid execution engine

Dataset #Products Avg. attributes / item Embedding dimension
Fashion 3.1IM 243 256
Electronics 5.8M 31.7 384
Home & Living 2.4M 19.5 256
Mixed Catalog 9.6M 27.1 512

The placement problem arises because each operator
can be implemented for CPU, GPU, or both [12]. CPU im-
plementations benefit from low overhead for small batches
and from the ability to traverse complex pointer-based struc-
tures. GPU implementations benefit from massive paral-
lelism for vector operations but incur overheads related to
data transfer and kernel launches, and they require care-
ful consideration of data residency. Additionally, the GPU
memory capacity is limited, so not all indices and metadata
can necessarily be resident at once. The engine therefore
models data as residing in one of several memory regions:
CPU DRAM, CPU pinned memory, GPU global mem-
ory, and possibly unified virtual memory [13]. Transfers
between regions occur via an interconnect with effective
bandwidth and latency that depend on contention and on
transfer size.

The operator graph is assumed to be acyclic for a
single request, but the runtime executes many requests con-
currently. Operators can be pipelined across requests via
micro-batching, where the engine groups multiple requests
into a batch at specific boundaries to improve GPU occu-
pancy and amortize overhead [14]. The micro-batching

policy influences both cost and tail latency. Larger batches
increase efficiency for GPU operators but can increase
waiting time and therefore tail latency. The optimizer must
therefore reason about not only per-operator service time
but also scheduling and queueing delay under the target
load.

Let the operator setbe O = {1, ..., M} and devices
be D = {cpu, gpu}. For each operator i € O, the opti-
mizer selects a placement p; € D and a data residency
choice for its inputs and outputs. The operator graph de-
fines precedence constraints; if operator ¢ produces an out-
put consumed by operator j and p; # p;, then a transfer is
required unless the data already resides in a shared region
compatible with both [15]. The objective is to minimize
end-to-end latency under constraints on device utilization,
memory capacity, and service level objectives for tail la-
tency. In addition to latency, throughput under a target
arrival rate matters because saturating a device increases
queueing delay and can violate latency objectives. The
formulation therefore incorporates both per-request service
time and utilization-based delay.
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Figure 4: Index lifecycle for e-commerce product retrieval. Product catalog updates are normalized and embedded, a GPU-accelerated
build produces new index segments, and CPU-side merging composes a versioned serving snapshot while online deltas and compaction

maintain freshness with controlled rebuild cost.

Table 2: Query workload characteristics in the product retrieval scenario

Workload Dominant query type Avg. top-k

Temporal skew

AVA! Image-to-product 50 High (flash sales)
w2 Text-to-product 20 Moderate
W3 Session-based 100 Low

w4 Mixed multimodal 50 High (campaigns)

A simplified objective can be written as minimizing
the expected response time R, which includes service time
S and waiting time W [16]. The exact queueing model
depends on scheduling policy, but a practical approach is
to approximate each device as a shared server with effec-
tive service demand determined by the placed operators.
The optimization is constrained by GPU memory capacity,
denoted Clpy, and by constraints on maximum allowable
utilization pgp, and pcpy under a target load. The optimizer
also respects correctness constraints, such as executing
certain security-sensitive checks on the CPU or ensuring
that certain features are computed using consistent floating-
point behavior when required.

3. Hybrid Execution Engine
Architecture

The execution engine is organized into three layers: a logi-
cal operator layer that defines retrieval plans, a physical op-
erator layer that provides CPU and GPU implementations,
and a runtime layer that schedules and executes physical op-
erators while managing memory and transfers. The logical
plan is expressed as a directed acyclic graph whose nodes
correspond to operators such as candidate generation, filter
evaluation, vector refinement, feature computation, and
top-k selection [17]. Each node is annotated with statis-
tics used by optimization, including expected input size,
selectivity, and a cost model handle. The logical plan is
independent of device placement, enabling the same plan
to be optimized for different hardware configurations.
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Table 3: Logical operators in the similarity search pipeline

Operator Description CPU impl. GPU impl.
Embedding lookup ~ Map product IDs to dense vectors v v
Query encoding Transform raw query into embedding v v
Candidate generation ANN search over vector index v v
Re-ranking Feature-rich scoring of candidates v v
Filtering Business and policy constraints v -
Post-processing Diversification and tie-breaking v -

Physical operators are implementations of logical op-
erators on specific devices. A physical operator declares
the device it runs on, the memory regions it reads and
writes, the kernel or function it invokes, and its batching
semantics [18]. For CPU operators, batching may be imple-
mented as a loop over requests with vectorized intrinsics or
multi-threading. For GPU operators, batching is expressed
in terms of kernel launches that process a batch of requests
and a batch of candidates per request. The engine sup-
ports multiple GPU kernels for a given logical operator,
enabling algorithmic specialization for different regimes.
For instance, exact similarity refinement can use a fused
kernel that computes dot products and partial top-k within
a block, or it can use a two-stage approach that computes
scores and then performs selection, depending on K’ and
d [19].

Memory management is central because performance
depends on avoiding unnecessary transfers and on keeping
hot data resident. The engine uses an explicit residency
model. Large read-only structures such as embedding ta-
bles and ANN index components can be pinned in GPU
memory when capacity allows. When capacity is insuffi-
cient, the engine can either keep the index on the CPU or
maintain a partially resident representation, such as a com-
pressed codebook on the GPU and the remainder on the
CPU [20]. For metadata and attributes, the engine prefers
CPU residency because these structures can be wide and
sparse, and because filters often require random access into
varied fields. However, when attribute filters are applied
after candidate generation and involve simple numeric pred-
icates over a small set of attributes, the engine can pack
those attributes into GPU-friendly arrays and apply filters
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Table 4: Cost model features for operator placement

Feature Symbol Description

Input size n Number of vectors or items processed by the operator
Arithmetic intensity « Floating-point operations per input element

Memory footprint m Bytes accessed per input element

Transfer cost tpcie Estimated host—device transfer time

Batch size b Queries processed jointly as a micro-batch

Table 5: Hardware platforms used in the experimental evaluation

Component Platform A Platform B Platform C
CPU model 16-core Xeon 32-core EPYC 24-core Xeon
CPU memory 128 GB 256 GB 192 GB
GPU model 1x A10040GB  4x T4 16GB  2x L40 48GB
Interconnect PCle 4.0x16  PCle3.0x16 PCle 4.0x16
Peak power budget 550 W 700 W 600 W

on the GPU to reduce CPU work and avoid transfers back
and forth.

The runtime schedules operators using an asyn-
chronous event-driven model [21]. CPU work is executed
on a thread pool with work-stealing to adapt to variable
operator costs. GPU work is issued to one or more CUDA
streams, enabling overlapping of compute and transfers.
Transfers use pinned host memory to improve bandwidth
and to allow asynchronous copies. The runtime represents
each request as a set of tasks corresponding to the placed
operators, with dependencies derived from the operator
graph [22]. When an operator completes, it signals down-
stream tasks, which may run on the same device or trigger
transfers. For micro-batched GPU operators, the runtime
inserts a batching stage that collects ready tasks up to
a size threshold or until a time budget is reached, then
launches the corresponding kernel. The batching stage is
parameterized to balance GPU efficiency and latency.

To support cost-based placement, the runtime ex-
poses instrumentation for operator timing, transfer sizes,
and device utilization [23]. This telemetry is aggregated
into rolling statistics used to calibrate the cost model. Be-
cause tail latency is sensitive to contention and interference,
the engine tracks not only mean times but also distribu-
tional summaries, such as quantiles of operator execution
time under load. The optimizer can incorporate conser-
vative estimates for critical operators to avoid plans that
perform well on average but degrade at high percentiles.

Operator interfaces are designed to allow composi-
tion without requiring global synchronization [24]. Each
operator consumes a set of input buffers described by a
handle that includes memory region, size, and layout. Oper-
ators can produce outputs in-place when safe, reducing al-

locations. For GPU operators, outputs are typically placed
in GPU memory to enable downstream GPU computations
without transfers. When downstream operators are on the
CPU, the runtime triggers a copy to pinned memory and
then allows CPU operators to read from it [25]. The engine
avoids implicit unified memory migrations because their
latency can be difficult to predict at tail percentiles. Instead,
it uses explicit copies and prefetching based on the chosen
plan.

Correctness considerations include determinism and
numeric stability. Floating-point computations on CPU
and GPU can differ slightly, especially for reductions and
top-k selection [26]. In retrieval, small numeric differences
usually matter only near tie boundaries, but they can affect
repeatability. The engine supports deterministic modes that
enforce consistent ordering by using stable tie-breaking
on item identifiers and by restricting certain operations
to CPU when required. The optimizer treats determinism
constraints as placement constraints that restrict the feasible
device choices for affected operators [27].

4. Cost-Based Operator
Placement

The optimizer assigns each logical operator to a device and
chooses where its intermediate data resides. The placement
decision is driven by a cost model that estimates end-to-end
latency, including operator execution time, transfer time,
and expected queueing delay from device contention. The
optimizer must also consider that operator costs depend on
batch size, which is itself a function of the runtime batch-
ing policy and the current load. Rather than attempting to
solve a fully dynamic optimization, the approach models
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Table 6: End-to-end latency comparison on the mixed catalog dataset

Method Median latency (ms) P95 latency (ms) Speedup vs. CPU-only
CPU-only baseline 48.2 112.7 1.00x
GPU-only 31.5 86.3 1.53%
Static placement (rule-based) 27.9 79.8 1.73 %
Hybrid (cost-based, offline) 234 65.1 2.06 %
Hybrid (cost-based, online) 21.7 58.9 2.22%

Table 7: Operator placement decisions for different query pipelines

Pipeline Operators on CPU  Operators on GPU  Avg. latency (ms)
Image-only 2/6 4/6 19.6
Text-only 3/6 3/6 22.1
Session-based 416 2/6 27.8
Multimodal 2/7 5117 243
Heavy filtering 517 2/7 30.5

batch size as a configurable parameter with an expected
value under the target load, then performs placement based
on those expected batch sizes [28]. The runtime can ad-
just batching thresholds, and the optimizer can be invoked
periodically to adapt placement if the workload shifts.
The optimization variables include binary indicators
x; 4 where z; 4 = 1 if operator 1 is placed on device d and
0 otherwise, with the constraint that x; cpy + Z4,epu = 1
for each i. For each edge (¢ — j) in the operator graph, a
transfer indicator y; ; is determined by whether ¢ and j are
placed on different devices and whether the produced data
is already resident in a region accessible by the consumer
without transfer. In the explicit residency model, the default
is that CPU outputs reside in DRAM and GPU outputs
reside in GPU memory, so a transfer is required when
crossing. The optimizer can also choose to materialize
certain outputs in both regions when reuse across branches
makes duplication beneficial, but duplication consumes
bandwidth and memory and is therefore modeled explicitly.
Operator execution time is modeled as the maximum
of compute-bound and memory-bound components plus
a fixed overhead, with calibration parameters per operator
and device [29]. For an operator 7 on device d, let F; 4
denote the effective compute throughput (in operations per
second) and B; 4 denote the effective memory bandwidth
(in bytes per second) for the access pattern of that operator.
Let C; be the number of arithmetic operations and M the
number of bytes accessed, both potentially dependent on
input sizes and selectivity. Let L; 4 be fixed overhead such

as kernel launch time or function call overhead. Then a
baseline service time estimate is

C; M;
Bt = Lia+ max(ﬂ;7 Bi,zd>

For GPU operators, L; o,y includes kernel launch overhead
and potential synchronization costs. For CPU operators,
L; cpu includes scheduling overhead and branch mispre-
diction penalties that are not fully captured by M;/B; 4.
The calibration process estimates F; 4 and B; 4 from mi-
crobenchmarks and from observed runtime telemetry.

Transfer time between CPU and GPU is modeled
as a sum of a latency term and a bandwidth term, with
an additional contention factor when multiple transfers
overlap. If an edge produces a buffer of size Z; ; bytes, the
transfer time is

ey

7.
Tij = Nink + 52—

2
BWink @

where \jipx and BW; are effective parameters that can dif-
fer for host-to-device and device-to-host directions. When
transfers overlap with compute, the runtime can hide part
of T; ;, but only if there is independent work on the other
device and if dependencies allow. The optimizer approx-
imates overlap by tracking critical paths in the operator
graph and by modeling that only transfers on the criti-
cal path contribute fully to latency [30]. A conservative
approach, used when tail latency is important, assumes
limited overlap and counts most transfers on the critical
path.

Queueing delay is introduced when device utilization
approaches saturation. A practical cost model approxi-
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Table 8: Impact of cost-based placement policy on tail latency and utilization

Placement policy ~ Avg. latency (ms) P99 latency (ms) GPU utilization (%)

CPU-only 49.0 138.2 0.0
GPU-only 32.7 104.9 91.3
Heuristic hybrid 28.5 924 76.8
Cost-based hybrid 22.0 71.1 84.6

Table 9: Workload breakdown by e-commerce vertical on the production trace

Vertical Catalog size Query share (%) GPU-assigned operators (%)
Fashion 3.1M 34.7 68.2
Electronics 5.8M 28.4 74.5
Home & Living 2.4M 17.9 61.3
Beauty & Health 1.6M 10.6 57.9
Sports & Outdoors 1.2M 8.4 63.8

mates each device as a server with service demand equal to
the sum of service times of operators placed on that device,
adjusted by expected batching. Let Dy, and Dy, be the
total per-request service demand on the respective devices
under a placement. For arrival rate A requests per second,
the utilizations are pgpy = ADgpy and pepy = ADcpy, as-
suming a single effective server per device. Because GPUs
can overlap kernels and streams to some degree, the effec-

accounting for their contribution to tail latency if weighted
by a risk factor.

The placement optimization can be expressed as min-
imizing an estimated latency subject to constraints. A
simplified formulation is [34]

min
T4 )
{zi,a} ral (i

tive server abstraction is an approximation; nevertheless, “)
utilization-based penalties can capture the sharp increase in - gybject to Ticpu + Tigu = 1 Vi 3)
tail latency near saturation [31]. The waiting time penalty
s : pcu:AincuSicugpmax (6)
can be modeled using a convex function such as P _ T hepui,ep cpu
1
Pd _ . ) max
Wy =kq- 1=y 3 Pegpu = A Z Zi,gpuSigpu < Pypu (N
i
where 14 is a calibration constant reflecting scheduling Z SiZC(T) < Cgpu ) €]

variability. The response time estimate then becomes a
sum of critical-path service times plus a queueing penalty
based on the maximum of the device penalties, reflecting
that the slowest saturated resource dominates tail behavior.

Selectivity is crucial because many operators reduce
candidate sets [32]. Let the candidate generation output
size be K, and let filters reduce it by a factor o so that
K' = oK with 0 < o < 1. If exact refinement cost is pro-
portional to K’d, then moving filtering earlier can reduce
GPU work significantly, but only if filtering itself is not too
expensive. The optimizer propagates cardinality estimates
through the plan, updating C; and M; accordingly. When
selectivity depends on query context, the optimizer uses a
mixture model with query classes, each with its own selec-
tivity estimate and frequency weight [33]. The objective
becomes the expected response time across the mixture,
which reduces sensitivity to rare query types while still

TE€Rgpu

where R,y denotes resources that must be resident in GPU
memory under the chosen plan, such as embedding tables,
codebooks, or graph adjacency. The function y; ; is derived
from x; 4 and from the residency decisions. The constraints
P encode utilization targets that prevent the optimizer
from selecting a plan that would be unstable under load.
In practice, the optimizer does not need to solve a
large integer program for each plan because operator graphs
in retrieval are modest in size, and many operators have
fixed placements due to implementation availability or cor-
rectness constraints. The optimizer can evaluate a man-
ageable number of candidate placements using dynamic
programming over the graph when the structure is nearly
linear, or using heuristic search when there are branches. A
typical retrieval plan has a dominant spine with a few side
computations, making heuristic search feasible. The opti-

Z Z xi,dsi,d + Z yi,jTi,j + maX(chm ngu)
)
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mizer also supports rule-based pruning, such as avoiding
GPU placement for operators whose estimated input size
is below a threshold where transfer and launch overhead
dominate [35].

Calibration is performed by running representative
microbenchmarks and by collecting runtime telemetry. Mi-
crobenchmarks estimate kernel throughput for dot products,
top-k selection, quantized distance evaluation, and filter-
ing kernels at different sizes. Runtime telemetry captures
end-to-end operator times under real contention and in-
cludes per-request batch sizes observed at GPU batching
boundaries. The cost model parameters are updated with
exponential smoothing to avoid overreacting to transient
spikes [36]. For tail latency, the optimizer can use a con-
servative quantile estimate by inflating mean service times
with a factor derived from observed variability. This ap-
proach does not require full distribution modeling but can
reduce the risk of selecting a plan that is fragile under
bursty traffic.

5. Similarity Search Operators
and Index Structures

Similarity search for product retrieval often combines an
approximate candidate generation stage with an exact re-
finement stage. Candidate generation is responsible for
searching a large catalog efficiently, while refinement im-
proves accuracy by recomputing scores for a smaller candi-
date set [37]. The execution engine supports multiple index
families because their suitability depends on catalog size,
embedding dimensionality, and update rate. The focus here
is on how these indices expose operators with cost profiles
that influence placement decisions.

One common family uses inverted lists over coarse
quantization. Items are assigned to coarse centroids, and
the query is compared to a subset of lists chosen by search-
ing the centroids [38]. The operator sequence includes
centroid search, list scanning, and distance estimation us-
ing compressed codes. Centroid search can be expressed
as a matrix-vector product between the query and centroid
matrix, which maps well to the GPU when the number of
centroids is large and when queries can be batched. List
scanning involves irregular memory access into inverted
lists, which can be challenging on GPUs if list lengths vary
significantly. However, when lists are stored contiguously
and codes are fixed-length, GPU kernels can process them
efficiently with parallel threads, particularly when scanning
is expressed as a dense loop over codes with coalesced ac-
cesses [39]. In e-commerce, the distribution of products
across categories can create skew in list lengths, so the

engine includes skew-aware scanning kernels that assign
blocks dynamically to lists, reducing load imbalance.

Another family uses graph-based indices where each
item has edges to a small set of neighbors, and search per-
forms iterative neighborhood expansion. Graph traversal
is branch-heavy and depends on data-dependent memory
access, which often favors CPU execution [40]. GPU im-
plementations exist but tend to require careful organization
and are sensitive to query batch size. In e-commerce re-
trieval, graph indices are attractive for their accuracy and
for handling non-uniform embedding distributions, but
their placement depends on whether the engine can batch
enough queries to amortize overhead and whether graph
data can be laid out to allow coalesced access. The opti-
mizer therefore considers graph search as a candidate for
CPU placement when query batch sizes are small or when
the graph does not fit in GPU memory, and as a candidate
for GPU placement when batching is sufficient and the
graph can be kept resident.

Quantization-based refinement is a key operator be-
cause it determines whether GPU acceleration is beneficial
[41]. When candidate generation uses compressed codes,
refinement may recompute approximate distances using
lookup tables derived from the query, or it may compute
exact dot products using full-precision embeddings for a
reduced set. The exact dot product for K’ candidates of di-
mension d requires approximately 2K’d floating-point op-
erations for multiply-add and K’d memory reads of embed-
ding components. On the GPU, this is a classic throughput
kernel. The runtime expresses the refinement as a batched
matrix multiplication between a matrix of candidate embed-
dings and a vector of query embeddings, possibly multiple
queries at once [42]. When multiple queries are batched,
the operation becomes a matrix-matrix multiply, which can
leverage highly optimized GPU kernels. The output scores
are then fed into a top-k selection operator.

Top-k selection is frequently a bottleneck because it
involves reductions and comparisons that are less compute-
dense than dot products. The engine includes GPU se-
lection kernels that use a two-stage approach: each block
computes a partial top-k for a subset of candidates using
shared memory and warp-level primitives, then a final re-
duction merges partial results [43]. For small K, it may be
faster to transfer scores to the CPU and perform selection
there, especially if downstream operators are on the CPU.
The optimizer captures this by modeling top-k cost as a
function of K’ and by including transfer costs. When the
plan keeps candidates and scores on the GPU for further
reranking, GPU top-k is preferred to avoid transfers.
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Structured filtering can be implemented either before
or after candidate generation, depending on how predicates
interact with the index [44]. Some predicates can be incor-
porated into index traversal by maintaining per-list bitmaps
or by maintaining separate indices per category. This re-
duces work but increases index complexity and update cost.
The engine models such integrated filtering as an operator
that reduces effective scan length. If integrated filtering is
not available, filtering is applied after candidate generation
[45]. CPU filtering operates over metadata records and
can leverage branch prediction and cache locality if meta-
data is stored in a columnar layout. GPU filtering requires
packing the relevant attributes into contiguous arrays. The
engine supports a packing operator that periodically ex-
tracts selected attributes into GPU-resident arrays for fast
predicate evaluation. This packing has an amortized cost
over many queries and is therefore treated as a background
maintenance task, but it consumes GPU memory and must
be considered in the memory capacity constraint [46].

Ranking feature computation in e-commerce often
includes a mix of dense and sparse features, some derived
from embeddings and some from metadata. Dense feature
operations, such as computing cosine similarity between
multiple embedding variants or applying small neural scor-
ing layers, can benefit from GPU execution if batched.
Sparse feature operations, such as categorical one-hot trans-
forms, string-derived features, or complex business logic,
generally favor CPU [47]. The engine therefore partitions
ranking into a GPU-friendly dense feature stage and a CPU-
friendly logic stage when needed. Placement is not purely
about per-operator speed; it is also about minimizing de-
vice crossings. If dense ranking is on the GPU but the final
logic stage must be on the CPU, transferring a small set of
top candidates is cheaper than transferring large candidate
sets. This encourages plans in which GPU is used for heavy
vector work early, with a single transfer of a compact top-k
set back to CPU [48].

A key feature of the operator model is that candidate
generation and refinement can be fused when the index sup-
ports it. For example, if candidate generation scans lists
and computes approximate distances, the same kernel can
compute exact distances for a subset when full embeddings
are available. Fusion reduces intermediate materialization
and can reduce transfers. However, fusion can reduce flexi-
bility, such as the ability to apply filters between stages [49].
The optimizer models fusion as a choice among alternative
operator graphs that are semantically equivalent but have
different cost profiles. The chosen graph then undergoes
placement. This separation between logical alternatives

and placement allows the optimizer to trade off flexibility
and efficiency based on workload characteristics.

6. Runtime Scheduling,
Micro-Batching, and Tail Latency
Control

The runtime must reconcile two competing objectives:
maximizing GPU utilization through batching and main-
taining low tail latency by minimizing waiting time [50].
Micro-batching is introduced at specific boundaries, typ-
ically before large GPU kernels such as refinement or
batched centroid search. The batching policy is charac-
terized by a maximum batch size By.x and a maximum
batching delay Ap.x, where the runtime launches a batch
either when it collects Bpax tasks or when the oldest task
in the batch has waited A, This policy ensures bounded
additional latency while still enabling batching under load.

The cost model integrates batching by estimating an
expected batch size E[B] under the target arrival rate. A
higher arrival rate increases E[B] and reduces per-request
kernel overhead, but it can also increase queueing delay.
The interaction can be approximated by treating the batch-
ing stage as a gate that adds an expected waiting time pro-
portional to Ay.x when load is low and proportional to the
time to fill a batch when load is moderate. The runtime
measures observed batch size distributions and feeds them
back to the cost model. When batch sizes are consistently
low, the optimizer may choose CPU placement for certain
operators because GPU overheads dominate [51]. When
batch sizes are consistently high, the optimizer can shift
more work to the GPU.

Tail latency is addressed through admission control
and through prioritization. The runtime can prioritize small
tasks and latency-sensitive requests by placing them in a
high-priority queue that has a smaller batching threshold.
For example, autocomplete or short-query interactions may
have stricter latency budgets [52]. The optimizer treats
such classes as separate workload mixtures with different
arrival rates and batching policies. Placement can differ by
class if the engine supports multiple plans, but maintaining
many plans increases complexity. A practical compromise
is to optimize a single plan that is robust across classes by
penalizing placements that require large batching delays to
be efficient [53].

Another source of tail latency is contention for GPU
memory bandwidth and for shared resources such as caches.
When multiple kernels run concurrently, interference can
increase execution time. The engine reduces interference
by using stream priorities and by limiting concurrent ker-
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nels when measured slowdowns exceed thresholds. These
runtime controls affect the effective F; 4o and B; gpy in the
cost model. Rather than attempting to model interference
from first principles, the calibration process learns effec-
tive throughput under representative concurrency [54]. For
stability, the cost model can incorporate an interference
factor that increases predicted GPU times as utilization in-
creases, capturing that near saturation, kernels slow down
and variance increases.

The runtime also supports prefetching to reduce trans-
fer latency. When an operator placed on GPU requires data
that is currently on CPU, the runtime can initiate an asyn-
chronous copy as soon as upstream dependencies allow.
For example, if candidate identifiers are produced on CPU
and will be refined on GPU, the runtime can copy identifiers
and any required embedding pointers early, overlapping
with CPU filtering or feature computations [55]. Prefetch-
ing is guided by the plan and by estimated transfer sizes.
This can reduce critical-path transfer time, but it increases
memory pressure and can waste bandwidth if upstream
filters later discard candidates. The optimizer models this
trade-off by assigning an expected wasted transfer factor
based on selectivity uncertainty. When selectivity variance
is high, conservative plans that delay transfers until after
filtering may be preferred [56].

To support dynamic adaptation, the engine includes a
lightweight re-optimization mechanism. The placement op-
timizer can be invoked when telemetry indicates a sustained
change in query mix, selectivity, or hardware availability.
For instance, if GPU memory becomes constrained due to
colocated services, the optimizer can choose a plan that
keeps the index on CPU and uses GPU only for refinement
on the final top candidates. Re-optimization is done with
safeguards to avoid oscillation [57]. The engine introduces
hysteresis by requiring that the predicted benefit exceed
a threshold and that the observed statistics remain stable
over a window. This reduces plan churn, which can itself
introduce latency spikes due to cache warmup and memory
movement.

7. Evaluation Methodology and
Discussion

The evaluation of a hybrid CPU-GPU retrieval engine
must account for both algorithmic accuracy and systems
performance, but the focus here is on execution latency,
throughput, and stability under load. A representative e-
commerce catalog includes millions to tens of millions of
products, with embedding dimensionalities commonly in
the range of a few hundred to a few thousand depending

on model choice [58]. Metadata includes dozens to hun-
dreds of fields, with a mix of numeric, categorical, and
textual attributes. Queries vary widely, including short
keyword-like queries, long natural language queries, and
recommendation contexts based on user behavior. This
diversity leads to variable selectivity for filters and to vari-
able candidate set sizes. An evaluation therefore considers
multiple query classes and measures not only mean latency
but also high-percentile latency under different arrival rates
[59].

A baseline comparison typically includes fixed place-
ment strategies. One baseline is CPU-only execution,
where both index search and refinement run on CPU. This
baseline can be competitive when the index is graph-based
and when query batches are small, but it tends to fall behind
on dense dot product refinement for large candidate sets
[60]. Another baseline is GPU-heavy execution, where
candidate generation and refinement run on GPU and fil-
tering runs on CPU or GPU depending on implementation
availability. This baseline can achieve high throughput
when batch sizes are large but can suffer when query rates
are low or when filters significantly reduce candidate sets,
because unnecessary data transfers and kernel launches
dominate. A third baseline is a hand-tuned hybrid plan
chosen for a specific workload. The cost-based placement
approach is then evaluated by its ability to match or exceed
the best hand-tuned plan across workload shifts without
manual intervention [61].

Performance metrics include end-to-end latency per-
centiles, throughput at a fixed latency budget, GPU and
CPU utilization, transfer bandwidth usage, and memory
footprint. Tail latency is particularly sensitive to micro-
batching and to queueing effects. Under moderate load,
micro-batching can reduce average GPU operator cost but
can increase latency variance due to batching delay. Under
high load, batching delay may shrink because batches fill
quickly, but queueing delay increases [62]. The cost-based
optimizer aims to select placement that keeps utilization be-
low critical thresholds, thereby reducing the steep growth
of tail latency near saturation. Empirically, one expects the
optimizer to shift work away from an overutilized device,
even if that increases per-request service time, because the
reduced queueing can improve high-percentile latency.

A key discussion point is the interaction between fil-
tering and refinement. When attribute filters are selective,
performing filtering on CPU before GPU refinement can
reduce transfer volume and GPU work [63]. However, if fil-
tering requires accessing many metadata fields and causes
cache misses, CPU filtering can be expensive and can it-
self become the bottleneck. In such cases, pushing certain

12



N/ INGST

filters to GPU, especially those expressible as simple nu-
meric comparisons on packed arrays, can be beneficial.
The engine supports this by allowing a split filtering op-
erator where simple predicates run on GPU and complex
predicates run on CPU, with a placement decision that
minimizes crossings. The cost model must estimate the
selectivity of each predicate subset and the cost of packing
attributes [64]. If packing is amortized and the same at-
tributes are used across many queries, the packing cost per
request can be low, making GPU filtering more attractive.

Another discussion point is index residency. Keeping
embeddings and index structures on GPU reduces transfer
costs and allows fast scanning, but it requires significant
GPU memory. If the catalog is large, full residency may be
infeasible, requiring either compression, sharding, or CPU-
based indices [65]. The hybrid engine can support a split
approach in which coarse quantization structures and code-
books reside on GPU while inverted lists reside on CPU,
or vice versa. Such split designs reduce memory pressure
but introduce more transfers and complicate kernels. The
cost-based placement must therefore incorporate memory
capacity constraints and must evaluate alternative index
layouts as part of the plan space [66]. In practice, memory
constraints can dominate placement decisions, making it
important that the optimizer reasons about memory explic-
itly rather than assuming ideal residency.

The evaluation also considers sensitivity to embed-
ding dimension d and candidate set size /. As d increases,
dot product refinement becomes more compute-heavy, mak-
ing GPU acceleration more valuable. As K increases, can-
didate generation and scanning become heavier, potentially
shifting bottlenecks [67]. The optimizer should adapt by
placing refinement on GPU for large d and by placing can-
didate generation on the device that best matches the index
type and residency. For small K, CPU execution may be
preferred because overheads dominate. For large K, GPU
may be preferred if the scan can be expressed with regular
memory access. These regime changes are central to the
motivation for cost-based placement, because a single fixed
strategy cannot cover all combinations of d, K, selectivity,
and load [68].

Limitations arise from modeling approximations.
The cost model uses simplified representations of com-
pute and memory costs and approximates queueing and
overlap effects. Real systems exhibit nonlinearities such
as cache effects, NUMA behavior on multi-socket CPUs,
and interference from colocated workloads. Additionally,
selectivity estimates can be wrong, especially when query
intent shifts suddenly [69]. The optimizer mitigates this by
using conservative estimates and by re-optimizing when

telemetry indicates mismatch, but it cannot guarantee opti-
mality. Another limitation is that some operators may not
have efficient implementations on both devices, restricting
placement. The benefits of the approach therefore depend
on engineering investment in physical operator coverage
and on careful kernel design for GPU operators.

8. Conclusion

This paper presented a hybrid CPU-GPU execution engine
for similarity search in e-commerce product retrieval with
cost-based operator placement [70]. The engine models
retrieval as an operator graph that combines approximate
candidate generation, structured filtering, exact refinement,
and ranking computations, and it selects device placement
and data residency using a calibrated cost model. The
runtime supports asynchronous scheduling, explicit trans-
fers, and micro-batching to balance GPU utilization with
tail-latency constraints. The cost model accounts for com-
pute and memory behavior, interconnect transfers, and
utilization-driven queueing effects, enabling the optimizer
to choose mixed placement plans that reduce unnecessary
crossings while accelerating dense numeric kernels on the
GPU.

The approach is designed for practical variability
in e-commerce workloads, where selectivity, query mix,
and traffic levels change over time [71]. By incorporat-
ing telemetry-driven calibration and by allowing periodic
re-optimization, the engine can adapt placement without
requiring constant manual retuning. The discussion high-
lighted the importance of modeling selectivity and memory
residency, and it emphasized that tail latency is often deter-
mined by contention and overheads rather than by raw ker-
nel throughput. Remaining challenges include improving
model fidelity for interference and nonlinear cache effects,
expanding operator coverage across devices, and integrat-
ing index-layout choices more deeply into the optimization
space. Within these constraints, cost-based operator place-
ment provides a structured way to exploit heterogeneous
hardware for similarity search while respecting the opera-
tional requirements of e-commerce retrieval services [72].
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