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Abstract

Modern information retrieval increasingly em-
ploys both embedding and generative mod-
els to handle complex queries. However, cur-
rent serving systems suffer from low through-
put and poor GPU utilization because they
execute these models in isolation. Coarse-
grained partitioning, such as dedicating GPUs
to specific tasks, fails to adapt to dynamic
workloads and creates computational “bub-
bles”. To address these, we present OR-
THRUS, a serving system that performs het-
erogeneous batching within a unified inference
loop. The primary challenge lies in unify-
ing embedding and generation workloads with
conflicting computational patterns while op-
timizing batch composition for high perfor-
mance. ORTHRUS addresses these challenges
through chunked embedding with incremen-
tal pooling and by adjusting batch composi-
tion in a workload-aware manner. Evalua-
tion on four A100 GPUs shows that, relative
to baseline deployments, ORTHRUS achieves
1.28 x—4.52 x higher throughput on controlled
workloads and up to 55.8% lower end-to-end
P99 latency on an iterative-RAG benchmark.
We release our code at https://github.
com/illinoisdata/Orthrus.

1 Introduction

Modern retrieval techniques (Asai et al., 2023;
Gao et al., 2023; Jiang et al., 2023b; Shao et al.,
2023) integrate both embedding and generation
models to identify information gaps and retrieve
documents iteratively. Consider a user query:
“Does the Gold plan cover my gym membership?”
This query is first embedded into a vector (Wang
et al., 2024; Izacard et al., 2021) to search a vector
database (Malkov and Yashunin, 2020; Li et al.,
2025b). If a retrieved document states that “The
Gold plan covers Category B activities,” the sys-
tem clarifies the ambiguity by letting a generative

model (Asai et al., 2023; Shao et al., 2023) for-
mulate a follow-up query—“What are Category B
activities?’—which is then embedded to retrieve
supplementary documents. This cycle continues
until sufficient context has been gathered. To ac-
celerate this, serving systems must be explicitly
designed to handle mixed embedding/generation
workloads.

Unfortunately, existing systems suffer from low
throughput and poor GPU utilization when han-
dling mixed workloads. Serving frameworks like
vLLM (Kwon et al., 2023) are designed to ex-
ecute embedding and generation models in iso-
lation. Simply running two serving instances
(i.e., OS processes) on the same GPU—one for
each task, as in Fig. 1(b)—is inefficient in cur-
rent architectures (Yu et al., 2022). In a multi-
GPU setup, resources can be statically partitioned
for embedding and generation (Fig. 1(a)), but
this approach creates two major issues: (i) ac-
curately predicting the optimal resource ratio is
difficult, and (ii) dynamic repartitioning requires
costly model reloading. Even with perfect work-
load foresight, coarse-grained GPU partitioning
remains suboptimal because embedding tasks are
typically compute-bound, whereas generation is
memory-bound (Agarwal et al., 2025). We hy-
pothesize that homogeneous batching is a funda-
mental bottleneck in iterative retrieval.

Core Idea We present ORTHRUS, a serving sys-
tem optimized for mixed embedding and gen-
eration workloads. By unifying these distinct
compute patterns into a shared abstraction, OR-
THRUS enables heterogeneous batching by ex-
ecuting embedding and generation requests to-
gether in a shared model execution pass. Unlike
homogeneous batching (Fig. 1(b)), this approach
co-schedules tasks to maximize resource utiliza-
tion (Fig. 1(c)) while eliminating the overhead
of concurrent server instances. This architecture
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Figure 1: Example iterative retrieval. The workload arrives at Time 0. Neither (a) GPU-level splitting nor (b) ho-
mogeneous batching within each GPU completes all requests by Time 3; (c) our heterogeneous batching completes

them all.

enables fine-grained load balancing and general-
izes to multi-GPU settings, where every node can
serve mixed workloads. Importantly, ORTHRUS
requires no additional model training, making it
applicable to existing deployments.

Challenge We address two primary challenges.
(Heterogeneous Workloads) To maximize effi-
ciency, it is desirable to execute embedding and
generation requests together in the same model ex-
ecution pass. Forming such heterogeneous passes
is non-trivial because the requests exhibit conflict-
ing computational patterns. A generation decode
step requires relatively little compute to predict the
next token, whereas embedding requires substan-
tial compute to aggregate internal states across a
full input. Naively batching them without chunk-
ing forces lightweight work to wait for heavier
requests, causing bubbles. (Batch Composition)
The ratio of embedding to generation requests
in a batch heavily impacts user-perceived perfor-
mance, yet finding the optimal ratio is difficult.
FCFS scheduling causes head-of-line blocking for
specific request types. Static heuristics (e.g., a 1:2
ratio) are also brittle because the number of to-
kens generated varies per request, so the optimal
resource mix shifts dynamically and makes fixed
ratios suboptimal.

Our Approach We employ the following tech-
niques.

(Chunked Embedding for Compute Balance)
To balance embedding and generation work within
a batch, we adapt incremental computation (She-
oran et al., 2023; Hellerstein et al., 1997) to em-
bedding inference. We call this execution strat-
egy chunked embedding: the input is processed
in fine-grained token chunks across scheduling it-
erations, while incremental pooling maintains the
cross-chunk state needed to produce the final em-
bedding (§3.3). The unified runner schedules em-
bedding chunks alongside generation decode steps

to balance compute loads and minimize bubbles.

(Intra-Batch Scheduling) Our design is gov-
erned by a central principle: retrieval ends only
when all embedding and generation requests are
fully processed. To achieve this, ORTHRUS dy-
namically adjusts batch composition using a cost-
aware queue length. The scheduler measures each
backlog by its total remaining token count rather
than its raw request count, allocating capacity in
proportion to the outstanding token work in each
queue.

Our technique is practical and delivers high per-
formance. We implemented our prototype sys-
tem (called ORTHRUS) on top of VLLM ver-
sion 0.92, without modifying memory manage-
ment or model specification. Evaluation on four
NVIDIA A100 GPUs with state-of-the-art open-
weight models shows that ORTHRUS delivers
1.28x—4.52x higher throughput than GPU-level
splits. Chunked and single-pass embeddings are
equivalent up to floating-point reduction-order ef-
fects (Tab. 7).

This work focuses on compute patterns in-
side GPU kernels, orthogonal to parameter shar-
ing (Vasani et al., 2025; Gauthier, 2024) and multi-
adapter scheduling (Sheng et al., 2024a; Chen
et al., 2024).

2 Background

2.1 Modern RAG Workflow

Modern RAG pipelines combine embedding-
based retrieval with language model genera-
tion (Lewis et al., 2020). Recent techniques
employ iterative retrieval, where embedding and
generation alternate to refine queries dynami-
cally (Asai et al., 2023; Jiang et al., 2023b; Shao
et al., 2023; Trivedi et al., 2023). A single prompt
thus decomposes into a sequence of embedding
and generation requests, creating a mixed work-
load. ORTHRUS changes model-side embedding
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Table 1: GPU utilization under pure embedding
and pure generation workloads (Mistral-7B on A100-
40GB, 128-token inputs, 512-token outputs for genera-
tion).

GPU Compute (%) ‘ GPU Memory (%)

Workload Mean Max Mean Max
Embedding | 85.3 98.0 36.5 37.1
Generation 75.5 98.0 90.5 90.5

inference but not the vector-search backend, which
is orthogonal to our serving design.

2.2 Computational Characteristics of
Embedding and Generation

Embedding and generation requests differ funda-
mentally in their execution patterns and resource
utilization.

Generation A generation request produces a
variable-length output autoregressively. It exe-
cutes in two phases: prefill and decode. The prefill
phase processes the input prompt in a single paral-
lel forward pass. The decode phase then generates
tokens one at a time: each step reads the key-value
(KV) cache (Pope et al., 2023) containing previ-
ous tokens’ representations, computes attention,
and appends the new token’s KV entries. This de-
code phase is memory-bound, as each step trans-
fers large KV cache while performing relatively
few arithmetic operations (Sheng et al., 2023).

Embedding An embedding request structurally
resembles the prefill phase of generation, but fol-
lows with a pooling operation rather than entering
a decode loop. The model processes input tokens
through transformer layers (Vaswani et al., 2017)
and aggregates the final hidden states via pool-
ing (typically mean pooling or last-token pool-
ing) to produce a fixed-length vector (Wang et al.,
2024; Shen et al., 2024). A vector database in-
dexes these vectors for similarity search (Malkov
and Yashunin, 2020; Johnson et al., 2021; Wang
et al., 2021a; Chockchowwat et al., 2023; Li et al.,
2025a). Because embedding is a single dense
forward pass, it is compute-bound (Ivanov et al.,
2021), contrasting with memory-bound decoding.

Resource utilization analysis To quantify these
compute differences, we profiled GPU utilization
under pure embedding and pure generation work-
loads using Mistral-7B on an A100-40GB GPU.
Tab. 1 summarizes the results. Neither workload
fully exploits both resources, suggesting an op-

portunity to co-schedule them for improved effi-
ciency.

Parameter sharing State-of-the-art embedding
models are increasingly derived from genera-
tive models via LoRA fine-tuning (Li et al.,
2023; Wang et al., 2024; Meng et al., 2024;
Ma et al., 2024; BehnamGhader et al., 2024).
Other approaches train unified models for both
tasks (Muennighoff et al., 2025; Zhang et al.,
2025; Li et al., 2024; Tang et al., 2025). OR-
THRUS is optimized for shared-backbone embed-
ding and generation models. For separate back-
bones, our extension retains IBS across model-
specific queues but does not combine the models
in one forward pass (Tab. 6).

2.3 Batching and Scheduling

Modern LLM serving systems employ iteration-
level scheduling (Yu et al., 2022; Kwon et al.,
2023), re-evaluating batch composition at ev-
ery token generation step. Within each itera-
tion, the system executes a homogeneous batch
consisting exclusively of generation requests,
potentially mixing chunked prefill and decode
phases (Agrawal et al., 2024). ORTHRUS extends
this chunked execution to embeddings via incre-
mental pooling. Recent work targets scheduling
policies (Wu et al., 2024; Sheng et al., 2024b), ker-
nel efficiency and GPU co-location (Wang et al.,
2021b; Xia et al., 2023; Strati et al., 2024), KV
cache management (Qin et al., 2025; Yu et al.,
2025; Gao et al., 2025; Agarwal et al., 2025; Xia
et al., 2026), storage efficiency (Shah et al., 2026),
and prefill-decode disaggregation (Zhong et al.,
2024; Hu et al., 2024). Multi-tenant LoRA sys-
tems (Sheng et al., 2024a; Chen et al., 2024) im-
prove adapter throughput but assume generation-
only workloads. ORTHRUS schedules embedding
and generation jointly while preserving arrival or-
der within each request type (§4).

3 Unified Runner

This section presents the design of ORTHRUS’s
unified runner, which enables heterogeneous
batching of embedding and generation requests
within a single inference loop.

3.1 High-Level Workflow

Our runner is designed for iteration-level schedul-
ing (Yu et al., 2022), aiming for seamless inte-
gration with vLLM’s (Kwon et al., 2023) open-
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Embedding Runner
(over entire passage)
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between sub-steps
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for embedding/generation

(b) Disaggregated prefilling
(prefill GPU — decode GPU)

(c) Unified iteration for
heterogeneous batching

Figure 2: Runner structure comparison. (a) Task-separated runners use global pooling for embedding or token sampling for
generation. (b) Phase-separated prefill and decode runners transfer the KV cache between GPUs. (c) Our unified runner
supports both output paths in each iteration; incremental pooling allows embedding chunks to execute alongside generation

requests.

Algorithm 1: Heterogeneous Batching In-
ference Loop

Input: Embedding queue ()., generation queue Q4
while Q. # 0 or Qg # 0 or in-flight requests do
B < SCHEDULE(Q.,Qq); // Mix embed
& gen
H + FORWARD(B) ;
FEFN
// Parallel output processing
begin in parallel
Re < INCPOOLER(H [emb_idx]);
Ry < SAMPLER(H [gen_idx]);
EMIT(Re,Ry); // Return completed

// Attention +

sourced model management and server. Yet, our
approach differs from existing approaches in that
both embedding and generation requests are pro-
cessed using the same runner, which we achieve
by consolidating distinct embedding and genera-
tion runners into one in a structured way.

Our runner operates in three blocking stages:
(1) schedule, (2) forward, and (3) emit
(Fig. 2). Schedule determines batch compo-
sition, including generation prefills, decodes, or
embedding. Forward applies attention and feed-
forward layers, identical across request types ex-
cept for input length. Emit diverges: genera-
tion samples the next token, while embedding per-
forms incremental pooling to compute the final
embedding vector.

3.2 Batch Unit

A batch in ORTHRUS contains three types of
items: (1) embedding chunks, which are segments
of an embedding request’s input sequence, (2)
generation prefill chunks, which are segments of
a generation request’s prompt, and (3) generation
decode tokens, which are single tokens generated
during autoregressive decoding. We call execu-
tion of an embedding request across multiple such

chunks chunked embedding. All three types share
the same forward pass through the transformer
layers, differing only in their input lengths and
output handling. Embedding and prefill chunks
process multiple tokens per request, while de-
code tokens process exactly one token per request.
This unified representation allows the scheduler
to mix request types freely within a single batch,
filling available token capacity while preserving
the workload-proportional allocation described in
§4.2. The scheduler outputs batches sorted by re-
quest type, ensuring that items of the same type
are contiguous in memory. This layout eliminates
memory movement when invoking the output ker-
nels: the incremental pooler, the sampler, and the
prefill handler each operate on a contiguous slice
of the hidden state tensor, avoiding gather opera-
tions or intermediate copies.

3.3 Incremental Pooler

Incremental pooling is the cross-chunk aggrega-
tion used by chunked embedding.

Consider an embedding request with input se-
quence of n tokens. Under chunked embedding,
the system splits the sequence into K chunks of
sizes c¢1, ¢, ..., cx Where Zszl c, = n. Atit-
eration k, the forward pass produces hidden states
H®) ¢ Rex*d for the k-th chunk, where d is the
hidden dimension.

Pooling Heads Mean and weighted-mean pool-
ing share the same streaming formulation. For
weights wy, ;, the pooler maintains

Ck
W = g* D L N1, 8P =0, (1)
j=1
k
W = WD LN "y, w® =0, @
j=1
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and emits S5 /W (K) after the final chunk. Mean
pooling is the special case wy ; = 1. Positional
heads retain only the selected hidden state: CLS

pooling uses Hl(l)

Hc(ff) These additive and positional heads re-
quire O(d) state per request. An arbitrary de-
terministic head remains compatible by buffering
A®) = [A*=1). H(*)] and applying the head after
the final chunk, at an O(nd) memory cost. For all
of these heads, incremental and single-pass pool-
ing are algebraically equivalent, although floating-
point non-associativity may introduce small nu-
merical differences.

, while last-token pooling uses

4 Intra-Batch Scheduling

We present Intra-Batch Scheduling (IBS), a
scheduling algorithm that dynamically allocates
capacity proportional to the workload. We first
define three requirements for efficient scheduling
(§4.1), then detail the IBS design (§4.2).

4.1 Requirements

We define three requirements: (1) Proportional
allocation—capacity should match the instanta-
neous embedding-to-generation demand ratio; (2)
Per-type FCFS—requests of the same type are
served in arrival order, though types may inter-
leave; (3) No head-of-line blocking—neither re-
quest type should starve the other.

4.2 Scheduler Design

Algorithm 2 presents our intra-batch scheduling
algorithm, which satisfies all three requirements.
The scheduler first reserves capacity for in-flight
generation requests that are in the decode phase.
These requests have allocated KV cache entries
and must continue execution to avoid KV cache
movement. This phase mirrors vLLM scheduling
and uses the same swap-in and swap-out mech-
anisms. The scheduler then fills the remaining
budget by alternating between the embedding and
generation queues.

Why chunking improves packing. Let R be the
residual token budget after reserving capacity for
in-flight decode requests. Without chunking, an
embedding request of length e is admitted only
when e < R; otherwise, the remaining R tokens
go unused. SCHEDULEONE instead admits em-
bedding chunks of at most C' tokens. When token
capacity is the limiting constraint, a backlogged
embedding queue therefore leaves fewer than C

Algorithm 2: Intra-Batch Scheduling

Input: Embedding queue ()., generation queue ()4,
token budget B, persistent credits ae, agy
Qutput: Scheduled batch B
(B, u) <~ SCHEDULERUNNING(B);
B+ B —u;
// Proportionally select from both
queues
We — Zrng tokens(r);
Wy Zrng tokens(r);
if Q. = () then
| ae <+ 0
if Q, = 0 then
| ag<0
while B > 0 and (Q. # 0 or Q4 # 0) do
Ue < Qe + We;, Qg < Qg + Wg;
if Qg =0or (Qc #0and ac > ay) then
(Z,u) < SCHEDULEONE(Q., B);
B+ BUI,B<+ B—u;
Ge < Qe — (We + Wy);

else

(Z,u) < SCHEDULEONE(Qq, B);

B+ BUZ;B <+ B—u;

ag  ag — (we + wy);

// ae,ay persist across iterations;
reset above when a queue drains

return 3

tokens unused once no additional chunk fits. Let
we and wy be the sums of the remaining token
counts in the embedding and generation queues,
respectively. The algorithm maintains accumula-
tors a. and a, that track the scheduling credit of
each queue. The credits persist across scheduling
iterations while their queues remain nonempty. At
each selection step, the scheduler increments both
accumulators by their corresponding weights and
selects a request from the queue with the larger ac-
cumulator, decrementing the selected accumulator
by we + wy. If one queue becomes empty, the
scheduler continues selecting from the remaining
queue until the token budget is exhausted.

The accumulator mechanism ensures that the
ratio of scheduled embeddings to generations con-
verges to w, : wy, achieving proportional alloca-
tion that matches the instantaneous workload mix.
When only embeddings are queued (w, = 0), all
capacity goes to embeddings, and vice versa. Fi-
nally, by maintaining separate queues and alter-
nating between them proportionally, the scheduler
avoids head-of-line blocking. Short embedding re-
quests are never stuck behind long generation re-
quests, and each type makes progress according to
its share of the workload. Assume each nonempty
queue has positive weight, its head request or next
chunk can eventually be admitted, and each iter-
ation completes in bounded time. Persistent cred-
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its then prevent scheduler starvation: a backlogged
queue that is not selected continues accumulating
credit until it is chosen. For fixed weights, its allo-
cation differs from its ideal proportional share by
at most one scheduling opportunity. This guaran-
tee addresses scheduler-induced blocking. It does
not bound queuing delay when offered load ex-
ceeds capacity.

5 Evaluation

We evaluate ORTHRUS, an embedding-generation

serving system that combines heterogeneous

batching with Intra-Batch Scheduling (IBS). The

setup is described in §5.1. Our results show that:

* High Throughput: 1.28x-4.52x higher
throughput than GPU-level splits on synthetic
workloads; 2.4x on a RAG benchmark with 4
GPUs (§5.2).

e Low Latency: 9% lower p99 generation and
16% lower p99 embedding latency; up to 55.8%
lower p99 on RAG (§5.3).

* High GPU Utilization: 41 pp higher average
utilization, completing mixed workloads 43%
faster (§5.4).

* Negligible Overhead: At saturation, matches
dedicated-engine throughput for both workload
types (§5.5).

* Generalizability: Validated on 3 models with
LoRA ranks up to 64 (§5.6).

5.1 Experimental Setup

Methods We consider four baselines (Bs), vary-
ing model placement, batching, and scheduling
(Tab. 2). B1-Dedicated runs complete embedding
and generation requests on disjoint, task-specific
GPU pools (e.g., Dedicated;.3 assigns 1 GPU
to embedding and 3 to generation); B2-Disagg-
PD disaggregates generation prefill and decode
across phase-specific GPU pools (Zhong et al.,
2024); embedding requests complete after pooling
on the prefill GPU; B3-Unified-Homo co-locates
both types on the same GPU with homogeneous
batching; B4-Unified-Hetero adds heterogeneous
batching but uses FCFS scheduling. Finally, OR-
THRUS (ours) combines same-GPU placement,
heterogeneous batching, and IBS. Unless other-
wise specified, we report the median value across
three independent runs.

Workloads, Models, and Hardware We used
Mistral-7B (Jiang et al., 2023a) as the base

Table 2: System configurations evaluated. ORTHRUS
is the only configuration that combines same-GPU
placement, heterogeneous batching, and proportional
scheduling (IBS).

Config. Plngl:elnt Batching Scheduling
Dedicated Task-specific GPUs Homo FCFS
Disagg-PD Phase-specific GPUs Homo FCFS
Unified-Homo Same GPU Homo FCFS
Unified-Hetero Same GPU Hetero FCFS
ORTHRUS Same GPU Hetero IBS

model with e5-mistral-7b-instruct LoRA (Wang
et al, 2024) for embeddings (more mod-
els in §5.6). Synthetic workloads use 128-
token embeddings and 128/512-token generation
(prompt/output). For realistic evaluation, we used
Iter-RetGen (Shao et al., 2023) on 2WikiMulti-
hopQA (Ho et al., 2020) (avg. 500-token prompts,
avg. 3000-token decodes, 1-10 documents per
query). Experiments ran on up to four A100 40GB
GPUs with round-robin request distribution.

For ORTHRUS, Unified-Homo, and Unified-
Hetero, embedding and generation requests are co-
located on a single GPU using LoRA adapters. For
Dedicated, embeddings are served by e5-mistral-
7b-instruct; Mistral-7B serves generation. We
also examine sensitivity to scheduling parameters
(§A.2) and the effects of chunked embedding and
incremental pooling (§A.3).

5.2 High Throughput

We evaluate whether heterogeneous batching im-
proves throughput compared to static GPU parti-
tioning across varying workload ratios.

Controlled  Workloads We  use  fixed
embedding-to-generation ratios as controlled
stress tests that isolate system behavior under
known workload compositions. We evaluated
throughput across different embedding-to-
generation ratios with 512 clients over 180
seconds. Fig. 3a reports combined throughput;
Tab. 5 shows per-type throughput. Dedicated
deployments underutilize GPUs when work-
load ratios diverge from the static split, while
Unified-Homo suffers under balanced workloads.
Across all evaluated workload ratios, ORTHRUS
achieved higher combined throughput than ev-
ery static GPU partition. Fig. 3b and Fig. 3c
illustrate that ORTHRUS fully utilizes all GPUs,
while Dedicated;.s leaves the embedding GPU
underutilized.
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Figure 3: Throughput and GPU utilization comparison. (Fig. 3a) compares throughput of existing serving tech-
niques vs our heterogeneous batching, ORTHRUS (see Tab. 5 for absolute values). (Fig. 3b, Fig. 3c) shows request
timelines for Dedicated;.s and ORTHRUS under a 75% generation / 25% embedding workload. Each timeline re-
ports the number of active requests per GPU. ORTHRUS fully utilizes all GPUs, while Dedicated;.3 leaves some
underutilized.

D ] Generation Requests D 1] Embedding Requests
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# of Requests

Latency (s) Latency (s) Latency (s) Latency (s)
(a) Dedicated; 3 (b) Unified-Homo (c) Unified-Hetero (d) ORTHRUS
Figure 4: Latency distributions with various serving methods. Curves farther to the left indicate lower latencies.
The workload consists of 1,000 generations followed by 1,000 embeddings, all submitted at time 0. ORTHRUS
achieves 9% lower p99 generation latency than Dedicated, and up to 16% lower embedding latency than other
configurations.

Table 3: E2E request throughput (reg/s) on Iter-  tion across multiple iterations, producing variable-
EetGil ]EIShaO let 22(1)150 20?}3 w1t111d 2XVIkIMUI1t11' length prompts and long decodes while retriev-
oPQA (Ho et al, ) ¢ workload naturatly ing 1-10 documents per query. Tab. 3 shows that

results in variable-length prompts (avg 500, max ) .
2000 tokens), long decode lengths (avg 3000, max ORTHRUS achieves the highest throughput at ev-

4000 tokens), and multi-document retrieval (1-10  €ry GPU count, including the single-GPU setting,
documents per query). ORTHRUS achieves the highest ~ Where disaggregation is infeasible. At four GPUs,
throughput across all configurations. its aggregate throughput is 0.624 requests/s, com-

pared with 0.548 for Unified-Homo, 0.603 for

method | 1GPU | 2GPUs | 4GPUs Di PD. and 0.260 for Dedi d
‘ Embed Gen ‘ Embed Gen ‘ Embed Gen 15agg- > an : or Dedicated.
Dedicated NA NA | 008 011 | 0119 0.141
Unified-Homo 0.067 0.08 | 0.126 0.148 | 0252 0.296 5.3 Low Latency with IBS
Disagg-PD N/A N/A | 0118 0.4 | 0276 0327
ORTHRUS (ours) | 0.075 0.088 | 0.142 0.166 | 0.288 0.336 We evaluate whether IBS reduces latency by

preventing head-of-line blocking, where long-
RAG Benchmarks To complement the con-  running generation requests stall shorter embed-
trolled workloads, we evaluate ORTHRUS on a dlng requests under FCFS scheduljng.
benchmark-derived Iter-RetGen pipeline. We ex-
clude vector-search and network latency to iso-  Controlled Workloads We submitted 1,000
late model-side serving. Prior RAG studies re-  generation requests followed by 1,000 embedding
port retrieval on a millisecond scale compared  requests at time 0, simulating worst-case head-of-
with multi-second generation (Jin et al., 2024; line blocking. Measured from submission through
Wang et al., 2023; Trivedi et al., 2023). Each  completion, including queueing, ORTHRUS re-
query alternates embedding, retrieval, and genera-  duced p99 generation latency by 9% over Dedi-
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Table 4: E2E p99 latency (s) on Iter-RetGen (Shao
et al., 2023) with 2WikiMultihopQA (Ho et al., 2020).
We measure p99 latency per-query end-to-end (includ-
ing all retrieval iterations). ORTHRUS achieves the low-
est latency across all GPU counts.

Method | E2E p99 Latency (s)

Table 5: Generalizability analysis comparing abso-
lute throughput (requests/sec) across different models
and request mixes. We report embedding and gen-
eration throughput separately for three ratios (embed-
ding:generation). Dedicated runs separate models on a
1:3 GPU split. ORTHRUS co-locates both tasks on ev-

ery GPU.
‘ 1GPU 2GPUs 4GPUs

Model LoRA Ratio | Embed Gen | Embed Gen

Dedicated N/A 960.1 1342.0 Dedicated ORTHRUS
Disagg-PD N/A -~ 6026 617.0 9:1 | 1564 149 | 5880  7.00
Unified-Homo 6734 676.0 700.6 Mistral 7B eS-mistral 55 | 1254 1197 | 2532 26.24
ORTHRUS (ours) | 573.9 600.5 593.4 1:9 510 2956 | 420 39.10
Sonthetic %1 | 1323 172 | 4090 4.0
Qwen?2 7B Ry“k ‘; 2‘° 55 | 1072 10.08 | 26.80 25.93
. an 1:9 | 281 2776 | 620 4823

cated (89 s — 81 s) and p99 embedding latency by
.91 | 1343 132 | 5646 5.90
16% over the other schedulers (87 s — 73 S). In LLaMA3.1 8B lS{y":]?;c 5.5 10.18 995 | 34.60 37.50
. . an

contrast, Unified-Homo and Unified-Hetero both 1:9 | 3.06 2563 | 423 47.32

suffered from embedding requests queuing behind
generations. We further evaluate latency robust-
ness across workload ratios and decode lengths in
§A 4.

RAG Benchmarks Tab. 4 shows that ORTHRUS
achieved the lowest latency across all GPU counts:
14.8% lower than Unified-Homo on 1 GPU
(573.9s vs. 673.4s), comparable to Disagg-PD on
2 GPUs (600.5s vs. 602.6s), and 55.8% lower than
Dedicated on 4 GPUs (593.4s vs. 1342.0s). OR-
THRUS avoids both static partitioning bottlenecks
and cross-GPU KV cache transfer.

5.4 High GPU Utilization

We evaluate whether heterogeneous batching im-
proves GPU utilization over static partitioning
under shifting workload ratios. Across three
phases (10%/50%/90% embedding), ORTHRUS
achieved 79% average utilization versus 38% for
Dedicated;.3, completing each phase 43% faster
by balancing load across GPUs. Static partitioning
underperformed: the dedicated embedding GPU
was underutilized during generation-heavy phases
and overloaded during embedding-heavy phases.

5.5 Minimal Overhead

Fig. 6 compares embedding- and generation-only
workloads on a single GPU with 1-256 clients.
ORTHRUS reaches dedicated vLLM generation
throughput once the workload saturates (> 64
clients), yet it trails at lower concurrency. Its
embedding throughput is comparable to or higher
than the corresponding dedicated configuration;
the lower absolute throughput of both LoRA
curves reflects adapter overhead. These results
show that heterogeneous batching preserves sat-

urated per-task throughput while enabling GPU
sharing. We study the contribution of chunked em-
bedding and incremental pooling in §A.3.

5.6 Generalization

We evaluate whether heterogeneous batching
generalizes across model architectures and
LoRA adapter ranks. We tested Mistral 7B,
Qwen2 7B (Yang et al., 2024), and LLaMA3.1
8B (Grattafiori et al., 2024) with LoRA ranks
up to 64 and embedding-to-generation ratios of
9:1, 5:5, and 1:9. As shown in Tab. 5, ORTHRUS
achieved higher combined embedding-plus-
generation throughput than Dedicated;.3 across all
configurations. Per-type throughput was also gen-
erally higher; the exception was Mistral 7B at 1:9,
where embedding throughput decreased from 5.10
to 4.20 requests/s while generation throughput
increased from 29.56 to 39.10 requests/s.

Separate Models. We also evaluate ORTHRUS
with separate models (OPT-1.3B for generation
and GTR-T5-XL for embeddings) on a single A40
GPU. ORTHRUS co-serves both models with a 0.9
GPU-memory cap, while the baseline uses two
vLLM instances capped at 0.45 each. We use
the Iter-RetGen-style 2WikiMultihopQA work-
load from §5.2.

ORTHRUS improves embedding and generation
throughput by 22.9% and 20.2%, respectively, and
reduces both average latencies and embedding p95
latency. The 3.8% increase in generation p95 la-
tency is outweighed by the 17.9% reduction in
mean generation latency.
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Figure 5: GPU utilization under three workload phases. Dedicated;.; (Fig. 5a) underutilizes GPUs (avg. 38%),
while ORTHRUS (Fig. 5b) sustains 79% utilization and completes each phase 43% faster.
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Figure 6: Overhead analysis of ORTHRUS on a single
GPU. At > 64 clients, ORTHRUS reaches similar satu-
rated generation throughput to dedicated vLLM. Em-
bedding throughput is comparable to or higher than
the corresponding dedicated configuration; the gap be-
tween the combined-model and LoRA curves reflects
adapter overhead.

6 Conclusion

This work presents ORTHRUS, a serving system
that co-serves embedding and generation within
a unified model runner through heterogeneous
batching. Unlike existing systems, ORTHRUS
integrates embedding into the same scheduling
and execution path as generation. By combin-
ing chunked embedding with incremental pool-
ing and workload-aware scheduling, ORTHRUS
achieves higher throughput and lower latency un-
der mixed workloads, enabling efficient serving
for knowledge-intensive LLM applications.

Table 6: Separate-model performance on one A40
GPU. Gain denotes a throughput increase or latency re-
duction relative to 2 x vLLM; positive values favor OR-
THRUS.

Metric Workload 2xvLLM ORTHRUS Gain
Throughput Emb. 29.7 36.5 +22.9%
(req/s) Gen. 28.2 33.9 +20.2%
Avg. latency Emb. 187.0 151.8 +18.8%
(ms) Gen. 4337.1 3561.5 +17.9%
p95 latency Emb. 421.4 318.6 +24.4%
(ms) Gen. 4875.3 5059.7 -3.8%
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Limitations

Our evaluation scales ORTHRUS by running one
model replica per GPU, with up to four A100
GPUs. Deployments with more replicas may ex-
hibit different load-balancing behavior and work-
load skew across GPUs, which can affect utiliza-
tion and tail latency. Thus, our experiments do
not establish how the observed gains scale beyond
four GPUs.

ORTHRUS does not currently implement sup-
port for a single model sharded across multiple
GPUs. The separate-model experiment likewise
considers only two models that fit together on one
A40. Models that require tensor or pipeline paral-
lelism introduce communication and synchroniza-
tion within each iteration, which may interact dif-
ferently with heterogeneous batching and schedul-
ing.

Our experiments use open-weight models with
fewer than 10 billion parameters. Larger models
have greater memory demands and may exhibit
different compute-to-memory ratios and batch-
capacity constraints. Although the results are con-
sistent across the tested model families, they do
not establish that ORTHRUS provides the same
throughput and latency benefits for larger models.
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A Additional Experiments

A.1 Pooling Equivalence

We test whether incremental pooling reproduces
single-pass embeddings across pooling heads and
chunk sizes. On 250 samples spanning a range
of input lengths, we compare paired outputs for
mean, CLS, and weighted-mean pooling at chunk
sizes 256, 512, and 1024 using cosine similarity
and relative Lo error. In Tab. 7, minimum co-
sine similarity exceeds 0.9999 in all nine config-
urations, while both mean and p99 relative Lo er-
rors remain below 1%. These small discrepancies
reflect floating-point reduction-order effects rather
than an algorithmic approximation.

Table 7: Equivalence between chunked and single-pass
embeddings. C is the chunk size; Lo errors are relative.

c Cosine similarity Relative Lo

Pooling

Min Mean p50  Mean p99

256 9999512 .9999844 .9999864 .005527 .008995
Mean 512 .9999555 .9999861 .9999885 .005176 .009478
1024 .9999484 9999877 .9999881 .004820 .008156

256 9999894 .9999912 .9999912 .005072 .005113
CLS 512 .9999837 .9999887 .9999892 .004908 .005479
1024 .9999920 .9999930 .9999920 .003692 .004236

256 .9999456 .9999882 .9999907 .004650 .009628
512 .9999339 .9999887 .9999918 .004493 .009927
1024 .9999452 .9999905 .9999915 .004215 .007636

Weighted
mean

A.2  Scheduling-Parameter Sensitivity

Chunk-Size Sweep We test whether perfor-
mance depends on the granularity of chunked em-
bedding and select a chunk size for the subse-
quent budget sweep. Using the 5:5 workload
from §5.2, we vary the embedding chunk size C
across 128, 256, 512, and 1024 tokens. As shown
in Fig. 7(a), combined throughput ranges from
2.6167 to 2.6500 requests/s, generation p99 from
4.08 to 4.16 s, and embedding p99 from 83.58 to
98.77 ms. This shows that performance is insensi-
tive to chunk size over the tested range.

Token-Budget Sweep We next test whether per-
formance at the selected chunk size depends on
the per-iteration token budget. The 256- and
512-token settings tie for the highest combined
throughput, so we select C' = 512 because it has
the lower embedding p99. Holding this chunk
size and the workload fixed, we sweep the token
budget B across 2048, 4096, and 8192 tokens.
As shown in Fig. 7(b), combined throughput re-
mains between 2.6125 and 2.6375 requests/s, gen-
eration p99 between 4.06 and 4.12 s, and embed-

ding p99 between 82.95 and 109.35ms. Com-
bined throughput varies by less than 1%, and la-
tency shows no consistent degradation as the bud-
get changes. These results show that ORTHRUS
does not require a narrowly tuned token budget.
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Figure 7: Scheduling-parameter sensitivity for (a)
chunk size and (b) token budget. Throughput and
latency for embedding and generation remain stable
across different chunk sizes and token budgets.

A.3 Standalone Chunked Embedding
Ablation

Because chunked embedding and incremental
pooling are enabled together in our implemen-
tation, we evaluate their combined effect in two
complementary settings.

Scheduler-Packing Simulation We first test
whether chunking improves token-budget packing
without reducing generation service. We com-
pare two otherwise identical FCFS iteration sched-
ulers. In the atomic condition, an embedding re-
quest must be processed in one iteration. In the
chunked condition, it can be divided into chunks
of at most C' = 64 tokens. Each iteration has a
token budget of B = 256, and the request mix is
80% generation and 20% embedding. Each gen-
eration request has a 128-token prefill followed
by a 256-token decode, which the simulator ad-
vances in eight-token steps. Embedding requests
contain either 96 or 224 tokens, with 224-token
inputs comprising 45% of the embedding work-
load. As shown in Tab. 8, chunking raises average
token-budget fill from 8.8% to 85.7%. Generation
throughput remains unchanged at 93.3 requests/s,
while embedding throughput increases from 25.5
to 26.9 requests/s. Thus, chunking recovers un-
used token capacity without sacrificing generation
throughput.
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Table 8: Atomic-versus-chunked embedding simula-
tion. Budget fill is the average fraction of the per-
iteration token budget occupied by scheduled tokens;
throughput is in requests/s.

Embedding Eﬁ%‘% )t Total Gen Embed
Atomic 8.8 118.8 933 25.5
Chunked 85.7 120.2 933 269

Embedding-Only Execution We next test
whether the implemented chunked path intro-
duces execution overhead when embeddings
run without generation contention. We com-
pare chunking disabled against chunking with
incremental pooling enabled on 250 inputs using
mean-pooled OPT-1.3B embeddings. As shown
in Tab. 9, chunking reduces mean latency by 9.8%
(20.4 to 18.4ms) and increases throughput by
10.9% (49.0 to 54.4 embeddings/s). Thus, the
scheduling flexibility provided by chunking does
not come at the cost of standalone embedding
efficiency on this workload.

Table 9: Embedding-only comparison using mean-
pooled OPT-1.3B embeddings on 250 inputs.

Setting  Avg. latency (ms) Embed./s Relative
No chunk 204  49.044 1.000x
Chunked 184 54384 1.109x

A.4 Latency Robustness

Workload-Ratio  Sensitivity We  evaluate
whether IBS maintains low generation startup
and embedding latency as the workload compo-
sition shifts. We sweep the generation request
share across 10%, 50%, and 90%, using three
repeats per setting, 512 clients, and 180-second
submission windows. Generation prompts and
embedding inputs contain 128 tokens, and gener-
ation is capped at 1024 output tokens. As shown
in Fig. 8, generation TTFT p99 remains below
200 ms across the sweep, ranging from 173.57 to
181.96 ms. Embedding p50 also remains stable
at 278.70-301.87 ms. Embedding p95 is 322.59
and 327.35ms at 10% and 50% generation,
respectively, but rises to 1.71 s at 90% generation.
Thus, generation startup and typical embedding
latency are robust to the request mix, while an
extremely generation-heavy workload primarily
affects the embedding tail.

Long-Decode Sensitivity We evaluate whether
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Figure 8: Generation and embedding latency across
workload ratios. Generation TTFT p99 and embedding
p50 remain stable, while embedding p95 increases un-
der generation-heavy workloads.

IBS preserves prompt embedding service as
longer generation decodes occupy the system. Us-
ing the 5:5 workload, we vary only the generation
decode length, from 256 to 4096 tokens. As shown
in Tab. 10, generation p99 latency increases from
7.06 to 79.68s. In contrast, embedding pS50 re-
mains between 52.58 and 54.62 ms, and embed-
ding p99 remains between 53.09 and 59.92 ms.
Throughput is not monotonic. For example, it in-
creases from 0.1167 requests/s at 2048 tokens to
0.1333 requests/s at 4096 tokens. Thus, we do
not interpret differences between adjacent settings
as a scaling trend. The central result is latency
isolation. Despite an over 11X increase in gen-
eration p99, embedding p99 varies by less than
7ms. IBS continues to schedule embedding re-
quests promptly even when generation becomes
decode-dominated.

Table 10: Decode-length sensitivity on the 5:5 work-
load. Throughput is reported in requests/s and latency
in milliseconds.

Decode | Throughput (rps) | Latency (ms)

(tokens)

| Gen Embed| Genp99 Embed p50 Embed p99
256 0.2333  0.2333| 7057.75 53.32 59.02
512 0.1611 0.1611]13959.11 52.58 53.09
1024 0.1528  0.1528(27806.13 53.37 59.92
2048 0.1167 0.1167|56780.18 54.62 54.97
4096 0.1333  0.1333|79675.66 54.42 55.42
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