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Abstract
Modern large language model (LLM) serving platforms deploy mul-
tiple models across different GPUs, requiring routers to direct in-
coming queries to appropriate LLMs. However, existing routing
approaches primarily rely on static model attributes such as size or
FLOPs to estimate serving costs. This static cost modeling fails to
capture the dynamic behavior of real deployments, where the same
model can exhibit vastly different inference latencies depending on
hardware type (e.g.,H100vs.V100), current systemload (e.g., running
and waiting queue lengths), and resource contention (e.g., KV-cache
usage and GPU utilization). Such hardware-agnostic routing leads
to suboptimal decisions, resulting in SLO violations, queue buildup,
and underutilized GPUs. To address these challenges, we present
HW-Router, a dynamic routing framework that integrates real-time
hardware signals intomodel selection to enable accurate latency pre-
diction and intelligent, SLO-aware routing decisions. Our approach
incorporatesmodel-specific features (architecture, size, input length)
alongside hardware metrics including queue lengths, KV-cache uti-
lization, and recentTTFT/TPOTperformance, anduses a lightweight
latency predictor to estimate per-model-per-GPU serving time. Eval-
uations across diverse workloads show that HW-Router achieves
3.4–3.9× lower end-to-end latency, 46–48 percentage points
higher SLO attainment, 6–8× lower GPU load skew, and a
3.1–3.4× reduction inwaiting-queue fraction compared to state-
of-the-art router baselines, CARROT and IRT, with only ∼ 200𝝁𝒔
of additional routing overhead and no loss in output quality. These
results highlight the importance of real-time hardware feedback for
scalable, predictable, and well-balanced multi-LLM serving. Code
is available at https://github.com/UCF-ML-Research/HW-Router.

1 Introduction
Large language models (LLMs), including GPT-5 [15], Gemini [6],
Claude [3], Qwen [21], and DeepSeek-V3 [11], achieve strong per-
formance across a wide range of language understanding, reasoning,
and generation tasks. As these models evolve, their capabilities have
also become increasingly specialized; some focus on coding, while
others are optimized formathematical reasoning, creativewriting, or
domain-specific knowledge. This specialization hasmade it common
for serving platforms to deploy multiple LLMs and route each user
query to the most appropriate model. For example, GPT-5 [15] inter-
nally selects the best-suited OpenAImodel to handle a given request.
Currently, predominant practices utilize homogeneous GPU clus-
ters (e.g., Orca [23], vLLM [10]) or heterogeneous GPU clusters (e.g.,
Helix [13], KServe [1]) to serve the incoming requests. However, the
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Figure 1: LLMRouter forMulti-LLM Serving. Queries are as-
signed to different LLMs deployed onmultiple GPUs through
the router. Because the LLMs run on different hardware, the
routermust consider eachmodel’s capabilities as well as its
expected inference cost, which depends on dynamic factors
such as GPU type, queue lengths, and KV-cache utilization.

increasingly largemodel sizes and high computational requirements
make it challenging to serve multiple LLMs cheaply and efficiently.

Recently, LLM routers have become an essential component in
multi-LLM systems by automatically assigning each user query to
the most appropriate model based on its capabilities and costs (see
Figure 1). A router estimates the expected response quality and in-
ference cost for each model on a given query, and then selects the
model that provides the best trade-off.

Existing routing approaches primarily rely on static model at-
tributes, suchasparameter count or FLOPs, to approximate inference
cost. For instance, RouteLLM [14] assumes larger LLMs always have
higher latency than smaller one.This static costmodeling ignores the
dynamic behavior of real serving environments, where latency de-
pends heavily on system load and resource contention. To illustrate
this limitation, we evaluate the state-of-the-art CARROT [17] router
in a settingwhere five LLMs are deployed on twoGPUs (see details in
Table 3), and vary the request arrival rate (workload, i.e., requests per
second)using thesamesetof inputqueries.AsshowninFigure2 (top),
CARROT produces the exact same allocation distribution under dif-
ferent arrival rates, with the majority of queries consistently routed
to Qwen2.5-3B. This happens because CARROT treats both quality
and cost as static model attributes and bases its decisions solely on
them, and Qwen2.5-3B offers the best trade-off on this set of queries.

However, a real system exhibits substantial load-dependent per-
formance discrepancies, because GPU resources such as KV cache
and memory allocated to each model are limited and dynamically
changing. As shown in Figure 2 (bottom), the average waiting time
for Qwen2.5-3B increases sharply under higher workloads, while
other models experience near-zero queueing delay. This imbalance
indicates poor utilization of the overall model pool, which in turn
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leads to a dramatic increase in latency of the whole system (Figure 2,
top). These results highlight that static cost assumptions can cause
routers to over-concentrate traffic onto a single model, ultimately
degrading latency and violating SLOs.
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Figure 2: Impact of static cost modeling on routing perfor-
mance using existing router approach. Top: Query allocation
remains unchanged. This leads to rapidly increasing p95 tail
latency at higher workloads. Bottom: The average waiting
time for Qwen2.5-3B grows significantly with load.

To address these challenges, we propose HW-Router, the first
hardware-aware routing framework that incorporates real-time sys-
tem and hardware signals intomodel selection. Our insight is that an
“expensive” model may in practice be more efficient than a “cheaper”
onewhen hardware conditions are favorable. For instance, when the
GPUrunning the “expensive”model is idle, has lower queuepressure,
or provides higher effective throughput than the overloaded GPU
serving the “cheaper” model.

As shown in Figure 3 (a), existing routers estimate inference cost
solely from model size, implicitly assuming that this relationship
remains constant. However, this assumption only holds under iden-
tical system and hardware conditions, where Qwen2.5-3B appears
more efficient thanMistral-7B-v0.3 andQwen2.5-14B. In real serving
environments, this efficiency ordering breaks down: when heavy
traffic is routed to Qwen2.5-3B, its available memory decreases and
its efficiency degrades sharply, eventually becoming slower than the
much larger but idle Qwen2.5-14B.

This observation motivates HW-Router’s dynamic approach. In-
stead of relying on static estimates, HW-Router predicts inference
latency for eachmodel by integratingmodel features, hardware char-
acteristics, and real-time system metrics including queue lengths
and KV-cache utilization. Our lightweight latency predictor cap-
tures the actual efficiency curves shown in Figure 3 (a), adapting
routing decisions to current serving conditions. By accounting for
howmodel efficiency varies with memory availability, HW-Router
prevents traffic concentration on seemingly "optimal" models, main-
tains balanced load distribution, and ensures predictable latency
even under high load. This hardware-aware approach significantly
improves both GPU utilization and tail latency compared to static
routing strategies in multi-LLM deployments.

In the experiments, we train HW-Router’s latency-prediction
model and evaluate it on a multi-LLM deployment of five models
across two NVIDIA H100 GPUs under a sustained-overload arrival
pattern. Across all settings, HW-Router delivers 3.4–3.9× lower end-
to-end latency, 46–48 percentage-point higher SLO attainment, and
6–8× lowerGPU load skewcompared to bothCARROTand IRT.HW-
Router also cuts the waiting portion of the total queue by 3.1–3.4×,
keepingGPUs in the running state83–84%of the time (vs. 44–47% for
CARROT and 61–66% for IRT). These improvements remain stable
from arrival rate 15 through 21, showing that real-time hardware
awareness prevents queue buildup, eliminates GPU hotspots, and
enables consistently balanced utilization even under heavy load.

2 Background and RelatedWork
2.1 Multi-LLM Serving on GPUClusters
Modern LLM serving platforms increasingly deploymultiplemodels
to support diverse tasks and user workloads. These systems run on
GPU clusters that vary widely in hardware composition, ranging
from homogeneous deployments with a single GPU type to hetero-
geneous clusters that combine multiple GPU generations such as
V100, A100, and H100. Systems such as Orca [23] and vLLM [10]
typically assume uniform hardware for simplicity and predictable
performance, while others such as Helix [13] and KServe [1] explic-
itly operate on mixed accelerators to improve cost efficiency and
resource utilization.

Regardlessof cluster composition, servingmultipleLLMspresents
significant challenges. Models differ in size, architecture, and mem-
ory requirements, which leads to different placement and execution
constraints across GPUs. Larger models often require high-memory
or high-throughput accelerators, while smaller models can run on
more modest hardware. In both homogeneous and heterogeneous
environments, inference latency is influenced not only by model
characteristics but also by the underlying hardware type, current
load, queueing effects, and multi-tenant contention. As a result, real-
world LLM serving systems experience substantial variability in
end-to-end latency that is not captured by static estimates of model
FLOPs or parameter count.

Table 1: Comparison betweenHW-Router and prior routers.

Methods Quality
Modeling

Cost
Predicting

Hardware
Aware

SLO
Guarantee

Load
Balancing

FrugalGPT [5] ✓ ✗ ✗ ✗ ✗

RouteLLM [14] ✓ ✗ ✗ ✗ ✗

IRT-Router [18] ✓ ✗ ✗ ✗ ✗

CARROT [17] ✓ ✓ ✗ ✗ ✗

HW-Router ✓ ✓ ✓ ✓ ✓

2.2 LLMRouting
Routing is an important mechanism in multi-LLM serving systems.
The objective is to select, for each user query, themodel that provides
thebest trade-offbetween responsequality and servingcost. Existing
routing methods typically break this problem into two components:
qualitymodeling, which predicts howwell eachmodel is expected
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Figure 3: (a)Model efficiency as a function of available GPU resources. Prior routingmethods use static cost estimates that assume
constant efficiency, while actual performance varies significantly withmemory availability. Largermodel, e.g., Qwen2.5-14B,
may have better efficiency than smaller model, e.g., Qwen2.5-3B if it has more resources. (b) HW-Router overview with four
key components: HardwareMonitor tracks real-timemetrics (queue lengths, memory usage, GPU utilization) across the LLM
pool; Cost and Quality Predictors estimate latency and response quality for eachmodel-GPU pair; DecisionMaker selects the
optimal assignment thatmaximizes quality-cost trade-offwhile satisfying SLO constraints.

to perform on the query, and cost modeling, which estimates the
expected inference cost.

Most routers developpredictors that estimate the response quality
of each model conditioned on the input query. Approaches such as
FrugalGPT [5], RouteLLM [14], IRT-Router [18], CARROT [17], and
R2-Router [20] learn lightweight models to approximate the quality
difference among candidate LLMs. These quality predictors are typ-
ically trained using supervised signals derived frommodel outputs.
While effective at capturing task specialization across LLMs, these
methodsprimarily focusonqualitypredictionanddonot incorporate
detailedordynamiccost estimates.Amongpriorwork,CARROT[17]
is the only method that attempts to predict query-dependent cost by
training a token-length predictor. This allows CARROT to approxi-
mate output costmore accurately than approaches that rely solely on
static model properties. In contrast, FrugalGPT [5], RouteLLM [14],
and IRT-Router [18] use themodel size as a fixed cost proxy for every
query. Such static cost assumptions fail to capture the significant
variation in inference latency that arises fromdifferent input lengths,
batch sizes, or runtime contention.
Comparison with Related Work. Table 1 summarizes the key
differences between HW-Router and existing routing approaches.
The most critical distinction lies in the last three columns: hardware
awareness, SLO guarantees, and load balancing. None of the existing
routers consider the dynamic system states and hardware signals
such as queue congestion or memory pressure, treating a heavily
loaded GPU and an idle one as equivalent routing targets. Without
visibility into actual serving conditions, routers may continuously
direct queries to overloaded GPUs while identical models on idle
hardware remain underutilized, and this issue becomes increasingly
severe as deployments scale to more models and diverse hardware.

HW-Router addresses these realistic limitations by taking hard-
ware awareness and load balancing into considerations. By incorpo-
rating GPU specifications, real-time queue states, and resource uti-
lization into its latency predictionmodel, HW-Router can accurately
estimate actual serving time rather than relying on static proxies.

This enables true SLO-aware routing that adapts to the dynamic, het-
erogeneous nature of modern LLM serving infrastructure, ensuring
predictable performance even under varying load conditions.

3 HW-Router Design
3.1 Notation and preliminaries
Let (M,G) = {(𝑀1,𝑔1), (𝑀2,𝑔2), ..., (𝑀𝑛,𝑔𝑛)} denote the set of avail-
able model-GPU pairs, where each 𝑀𝑖 represents an LLM and 𝑔𝑖
denotes the specific GPU instance(s) on which it is hosted. Let
X = {𝑥1, 𝑥2, ..., 𝑥𝑚} denote the set of incoming user queries. The
goal of an LLM router is to assign each query 𝑥𝑖 ∈ X to the most
suitablemodel–GPUpair (𝑀 𝑗 ,𝑔 𝑗 ) ∈ (M,G), achieving high response
quality at low inference cost under the current hardware conditions.

Each candidate model is characterized by two quantities: its esti-
mated response quality𝑄 and inference cost𝐶 . For a given query 𝑥𝑖 ,
the router defines a trade-off score that balances quality and cost, i.e.,
𝑆 = (1−𝜆) ·𝑄−𝜆 ·𝐶 , where 𝜆 is a user-defined coefficient that controls
cost sensitivity. The router then selects the model that maximizes
this score.

3.2 Methodology
Figure 3 illustrates the workflow of HW-Router, which augments
traditional LLM-routingwith real-time hardware awareness. Instead
of relying solely on offline model statistics, HW-Router dynamically
adapts routing decisions based on current GPU conditions and run-
time serving states. HW-Router consists of four main components:
1) Hardware Monitor: Continuously polls metrics from each LLM
server’s status at 200-300ms intervals. For each model-GPU pair
(𝑀𝑖 ,𝑔𝑖 ), the monitor tracks the runtime signals 𝑆𝑖 shown in Table 2,
which are cached locally and read by the router without introducing
additional latency during request processing. These metrics cap-
ture three key aspects of system state: running_req_count and
waiting_req_count indicate the current workload and queue pres-
sure; kv_cache_usage reflects memory availability that constrains
batch size and throughput; and ttft_avg and tpot_avg provide
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recent performance indicators that reveal how efficiently the model-
GPU pair is currently operating under its load conditions.

Table 2: Runtimemetrics tracked by the hardwaremonitor

Metric Description

running_req_count Active requests being processed
waiting_req_count Requests queued for execution
kv_cache_usage KV-cache memory utilization (%)
ttft_avg Recent avg. time-to-first-token
tpot_avg Recent avg. per output-token latency

2) Cost Predictor: Given a query 𝑥 and candidate model𝑀𝑖 on GPU
𝑔𝑖 , the cost predictor estimates three quantities:

TTFT𝑖 (𝑥),TPOT𝑖 (𝑥),𝑁out,𝑖 (𝑥)= 𝑓cost (feat(𝑥,𝑀𝑖 ,𝑆𝑖 )), (1)

where𝑁out,𝑖 (𝑥) denotes the predicted number of output tokens. The
predictor takes as input the concatenation of (i) query features, (ii)
one-hot encoded model/GPU identifiers, and (iii) the runtime met-
rics 𝑆𝑖 collected by the hardware monitor. These features are passed
through a lightweight neural network with two fully connected
layers (64-128 hidden units with ReLU activations) and three out-
put heads that predict TTFT, TPOT, and output-token count. The
resulting cost is computed as

𝐶𝑖 (𝑥)=TTFT𝑖 (𝑥)+𝑁out,𝑖 (𝑥) ·TPOT𝑖 (𝑥). (2)

The entire forward pass takes of the cost predictor approximately
10ms, ensuring negligible routing overhead while accurately captur-
ing the complex interactions between model workloads, hardware
contention, and query characteristics.
3) Quality Predictor: Estimates expected response quality𝑄𝑖 (𝑥) for
eachmodel𝑀𝑖 given query 𝑥 , following existing approaches [14, 17].
Quality predictions remain hardware-independent as response qual-
ity depends only on model capability.
4) Decision Maker: Combines quality and cost predictions to select
the optimal model-GPU assignment. For each query, it evaluates all
feasible candidates and selects:

(𝑀∗,𝑔∗)=arg max
𝑀𝑖 ∈M,𝑔𝑖 ∈G

(1−𝜆) ·𝑄 𝑗 (𝑥)−𝜆 ·𝐶𝑖 (𝑥), (3)

where𝐶𝑖 (𝑥) represents latency defined in Equation 2, and subject
to SLO constraint𝐶𝑖 (𝑥)<𝐵.

4 Experimental Setup
All experiments are run on a single node equippedwith twoNVIDIA
H100 PCIe GPUs (80 GB HBM each), 8 CPU cores, and 64 GB system
memory. All models are served using vLLM with one process per
GPU and Prometheus metrics enabled to export per-GPU hardware
signals and latency statistics.

We embed all prompts using the all-MiniLM-L6-v2 encoder [16],
the same model used in CARROT [17], ensuring fully comparable
quality and cost predictions. Our hardware-aware router introduces
only 200𝜇𝑠 of additional routing latency over CARROT on average,
keeping overall decision-time efficiency effectively unchanged.

4.1 Baselines
We select CARROT [17] and IRT-Router [18] as our baselines be-
cause they are the Top-2 open-sourced LLM routers according to
RouterArena [12].
CARROT employs a two-stage approach: first predicting both the
performance and cost for each model-query pair, then selecting
the model that minimizes a convex combination of these metrics.
CARROT utilizes a fine-tuned RoBERTa models to predict response
quality and response token length of each LLM for the input query.
IRT-Router adapts ItemResponse Theory tomodel the relationship
between LLM capabilities and query attributes. It treats LLMs as
"test-takers" with latent multidimensional abilities and queries as
"test items" with difficulty and discrimination parameters. A neural
interaction layer combines per-query relevance vectors with the gap
betweenmodel abilities andquerydifficulties topredict performance.

For fair comparison, we use the default configurations reported
in their respective papers, with all routers evaluated on the same
test splits to ensure consistency.

4.2 Model Pool and Placement
We deploy five open-source, instruction-tuned LLMs from Hug-
gingFace (Phi-3-mini [2], Qwen2.5-3B [21], Mistral-7B [8], Llama-
3.1-8B [19], and Qwen2.5-14B [22]). These models cover a range
of parameter scales and latency characteristics, providing a practi-
cal mix that reflects the heterogeneity seen in multi-model serving
setups. This variety allows us to evaluate routing behavior under
different computational demands without relying on a single model
family. The model–GPU placement is fixed for all experiments and
is summarized in Table 3.

Table 3: GPU–model deployment used for both training and
evaluation.

GPU Models

H100–0 Phi-3-mini [2], Qwen2.5-14B [21]
H100–1 Qwen2.5-3B [21], Mistral-7B [8], Llama-3.1-8B [7]

4.3 Dataset
We mix 6,000 prompts sampled from MixInstruct [9] with 2,425
prompts from the English LongBench [4] tasks, yielding a combined
set of 8,425 prompts (6,740 train / 1,685 eval). MixInstruct provides
short instruction-style queries, while LongBench contains medium-
and long-context inputs.We combine them to emulate realisticwork-
load pressure: short prompts drive high concurrency, whereas long
prompts stress KV-cache usage and latency. This mixture enables
training and evaluating our hardware-aware router under diverse
request lengths.

To obtain quality scores for each model’s response, we follow
the approach of CARROT [17] by employing an LLM-as-a-judge
methodology.We useQwen-3-Next-80B [21] as our evaluatormodel,
which assesses each response against golden reference answers and
assigns a quality score from 0.0 (completely incorrect) to 1.0 (fully
correct) in 0.1 increments. This is crucial for evaluating on open-
ended instruction queries as well as mitigating errors associated
with traditional automatic evaluation methods like exact match.
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4.4 EvaluationMetrics
We evaluate routing performance using latency-based SLO criteria
and load-balance metrics.
Arrival rate. The arrival rate 𝜌 denotes the request injection rate
(requests/second) used to control system load.
SLO definition. The TTFT SLO is modeled as a linear function of
prompt length 𝑝 :

TTFT_SLO(𝑝)=𝑎+𝑏𝑝, (4)

where 𝑎,𝑏 are obtained via least-squares regression and scaled by a
1.2× slack factor. The TPOT SLO is the empirical 70th percentile of
per-token latencies in the training set.

A requestwith𝑝 input tokensand𝑑 output tokensmeets theSLO if

Latency≤TTFT_SLO(𝑝)+𝑑 ·TPOT_SLO. (5)

SLOattainment.The SLOattainment rate is the fraction of requests
whose latencies meet the above threshold.
Queue composition. For each GPU, we measure the average num-
ber of running requests (actively being processed) and waiting re-
quests (queuedbutnotyet executing),which revealshowmuchof the
system’s time is spent on useful computation versus stalled backlog.
Load Skew, Running Skew, andWaiting Skew. To quantify how
evenly work is distributed across GPUs, wemeasure three skewmet-
rics that capture different aspects of load imbalance. For a two-GPU
system, the overall load skew is defined as

Skew=
��𝑄0−𝑄1��, (6)

where𝑄𝑔 is the average total queue length (running + waiting) on
GPU𝑔. A smaller value indicatesmore balanced utilization, meaning
neither GPU is persistently overloaded or underutilized.

We further decompose this metric into running skew and wait-
ing skew. Running skew reflects imbalance in the number of active
requests being processed on each GPU, capturing differences in ef-
fective throughput across models. Waiting skew captures imbalance
in queued (not yet processed) requests, revealing cases where one
GPU becomes a bottleneck and accumulates backlog.

4.5 Arrival Patterns
Our load generator supports three arrival patterns designed tomimic
a broad spectrum of real-world traffic conditions: (1) Poisson, which
approximates natural user arrivals; (2) micro-burst, which creates
short, high-intensity spikes; and (3) sustained-overload, whichmain-
tains a consistently high load beyond the system’s nominal capacity.
During cost-model training, we cycle through all three patterns to
expose the serving system to diverse hardware states—ranging from
completely idle GPUs to moderate load, burst-induced contention,
and deep queue buildup. This diversity in system load and resource
pressure helps the latency predictor learn howTTFT and TPOT vary
under different hardware conditions, improving its robustness and
generalization across serving scenarios.

For router evaluation, we use sustained-overload with swept ar-
rival rates, as high-load regimes better reveal routing differences
by forcing routers to balance queue pressure, model efficiency, and
GPU heterogeneity.

5 Evaluation
We use the following three research questions (RQs) to evaluate our
HW-Router.
RQ1:CanHW-Router achieve better quality-latency trade-offs com-
pared to existing routers under different arrival rates?
RQ2: Can HW-Router maintain consistent SLO compliance across
different response quality requirements?
RQ3: Can HW-Router routing lead to better load balancing across
the model pool?

5.1 RQ1: Better Latency–Quality Tradeoff
Figure 4 (a) demonstrates that HW-Router achieves better quality-
latency trade-offs compared to baselines. The Pareto frontiers are ob-
tained by adjusting the trade-off parameter 𝜆 in the scoring function
(1−𝜆) ·𝑄−𝜆 ·𝐶 .WhileCARROTand IRT-Routerexhibitnearly identi-
cal performance—both suffering from static cost assumptions—HW-
Router shows clear superiority across the entire spectrum of oper-
ating points. At comparable quality levels, HW-Router consistently
delivers lower latency: to achieve a quality score of 0.62, both CAR-
ROT and IRT-Router require approximately 40 seconds while HW-
Router needs only 16 seconds, representing a 60% latency reduction.
The convergence of CARROT and IRT-Router curves highlights a
fundamental limitation: despite IRT-Router’s advanced quality mod-
eling, its reliance on fixed cost estimates prevents it from exploiting
runtime optimization opportunities. In contrast, HW-Router’s im-
provement stems from its ability to accurately predict actual serving
latency based on real-time system conditions, enabling it to identify
truly efficient model-GPU combinations. The smooth progression
of HW-Router’s curve also indicates more predictable performance
across different 𝜆 values, allowing system operators to confidently
select operating points that balance their specific quality and latency
requirements.

5.2 RQ2: Robust SLOGuarantees
Figure 4 (b) reveals that HW-Router achieves higher SLO attainment
rates compared tobothCARROTand IRT-Router acrossvaryingqual-
ity requirements. While CARROT’s SLO attainment hovers around
50% regardless of quality target, indicating that half of all requests
violate latency constraints and IRT-Router performs onlymarginally
better, achieving approximately 65% at lower quality levels. In con-
trast, HW-Router demonstrates exceptional SLO compliance, par-
ticularly at lower quality thresholds. At a quality target of 0.60,
HW-Router achieves near-perfect SLO attainment (approximately
97%), while CARROTmanages only 51% and IRT-Router achieves
65%. The gap widens at moderate quality levels: at quality 0.63, HW-
Router maintains 90% SLO attainment compared to IRT-Router’s
60% and CARROT’s 48%. Even as quality requirements increase to
0.65, HW-Router still achieves 76% SLO attainment, while both base-
lines fall below 50%. Our higher SLO performance demonstrates
that hardware-aware routing is essential for predictable latency
guarantees—by accurately predicting actual serving times including
queueing delays and resource contention, HW-Router can make
informed decisions that avoid SLO violations. In contrast, static cost
models lead to chronic underestimation of actual latency, resulting in
consistent SLO violations that would be unacceptable in production
deployments.
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Figure 4: Performance comparison between HW-Router and CARROT across three key metrics. (a) Quality-latency Pareto
frontier obtained by varying the trade-off parameter 𝜆. (b) SLO attainment as a function of quality requirements. (c) Queue
composition across different arrival rates, where HW-Router exhibits balanced load distribution withminimal waiting queues
while CARROT suffers from excessive queueing, indicating poor resource utilization.

5.3 RQ3: Balanced Load Distribution
Efficient GPU scheduling requires not only selecting fast models,
but also distributing work evenly across available GPUs. We eval-
uate both aspects using two complementary metrics, i.e., Queue
Composition in Figure 4 (c) and GPU Load Skew in Table 4.
Queue Composition. Figure 4 (c) shows the distribution of run-
ning versus waiting requests for each router. CARROT consistently
exhibits a problematic queue profile: across arrival rates 15, 18, and
21, 53–55% of its total queue is waiting, meaning more than half the
requests are stalled rather than being processed. IRT performs mod-
erately better but still inefficiently, with 34–39% of its queue in the
waiting state, indicating that many requests are still funneled into
congestedGPUswhileothers remainunderutilized. In sharpcontrast,
HW-Router keeps 83–84% of requests in the running state and only
16–17%waiting, demonstrating substantially improved resource uti-
lization. This 3.1–3.4× reduction inwaiting fraction directly reduces
queueing delays: requests spend the majority of time computing
rather than waiting for GPU availability. The stability of these ratios
across all tested arrival rates confirms that hardware-aware routing
consistently prevents queue buildup under increasing load, whereas
both CARROT’s static routing and IRT’s heuristic-based approach
continue to suffer from persistent congestion.

Table 4: GPU Load-Balance Metrics Across Arrival Rates.
Lower skew indicates better balancing.

Arrival Router Average Load Running Waiting
Rate 𝜌 Load Skew Skew Skew

15 CARROT 6.451 12.903 5.946 6.957
15 IRT-Router 6.466 12.930 7.989 4.941
15 HW-Router 7.001 2.089 4.999 2.911

18 CARROT 6.458 12.916 6.103 6.814
18 IRT-Router 6.424 12.841 7.833 5.008
18 HW-Router 7.149 1.995 4.995 3.000

21 CARROT 6.462 12.924 5.757 7.167
21 IRT-Router 6.321 12.640 8.313 4.327
21 HW-Router 7.154 1.691 4.740 3.049

GPU Load Skew. Table 4 reports GPU load-balance metrics across
all arrival rates. CARROT continues to show extreme imbalance,

with load skew values around 12.9—meaning one GPU processes
roughly 13×more requests than the other. This imbalance appears
consistently in both running queues (5.8–6.1) and waiting queues
(6.8–7.2), confirming that CARROT persistently overloads a single
GPUwhile leaving the other underutilized.

IRT-Router reduces skew slightly compared to CARROT but re-
mains fundamentally unbalanced. Its load skew stays high (12.6–
12.9), with running-queue skew often ≥7.8 and waiting-queue skew
≥4.3, indicating that IRT’s priority-based heuristic still funnels most
requests to one GPU and does not correct imbalance under load.

HW-Router is the only router that actually fixes the problem. It
cuts load skew down to 1.7–2.1 across all arrival rates—an 84–87%
reduction relative to CARROT and an equally large improvement
over IRT. Running-queue skew falls to 4.7–5.0 (approximately 18%
lower than CARROT/IRT), and waiting-queue skew drops to 2.9–3.0
(approximately 55–60% reduction). These balanced metrics show
that HW-Router not only distributes active work evenly but also
prevents queue buildup on any single GPU. The slightly higher aver-
age load (7.0–7.2 vs. CARROT’s 6.4–6.5 and IRT’s 6.3–6.5) indicates
better resource utilization—both GPUs are kept busy instead of one
overloaded and one idle. This behavior holds from arrival rate 15
through 21, demonstrating that hardware-aware routing eliminates
GPU hotspots even as system pressure increases.

6 Conclusion
This paper introduces HW-Router, the first hardware-aware routing
framework for multi-LLM serving that moves beyond static cost
modeling. By incorporating real-time system signals—queue states,
memory usage, and GPU-specific metrics—HW-Router predicts ac-
tual serving latency rather than relying on static model attributes.
Our evaluation shows that HW-Router achieves 3.4–3.9× lower
end-to-end latency, 46–48 percentage-point higher SLO attainment,
and 6–8× lower GPU load skew compared to both CARROT and IRT,
along with a 3.1–3.4× reduction in waiting-queue fraction. These
gains are achieved with only∼200 𝜇s of additional routing time over
prior routers. Overall, the results demonstrate that effective LLM
routing in heterogeneous deployments requires dynamic, hardware-
aware decision-making rather than static quality–cost trade-offs.

6



HW-Router: Hardware-Aware Routing for
Scalable Multi-LLM Serving DAC ’26, July 26–29, 2026, Long Beach, CA, USA

References
[1] 2025. KServe: A Kubernetes-native platform for serving machine learning models.

https://kserve.github.io/.
[2] Marah Abdin, Jyoti Aneja, Harkirat Behl, Sébastien Bubeck, Ronen Eldan,

Suriya Gunasekar, Michael Harrison, Russell J Hewett, Mojan Javaheripi, Piero
Kauffmann, et al. 2024. Phi-3 Technical Report: AHighly Capable LanguageModel
Locally on Your Phone. arXiv:2404.14219 [cs.CL] https://arxiv.org/abs/2404.14219

[3] Anthropic. 2024. Introducing the next generation of Claude. https:
//www.anthropic.com/news/claude-3-family

[4] Yushi Bai, Xin Lv, Jiajie Zhang, Hongchang Lyu, Jiankai Tang, Zhidian Huang,
Zhengxiao Du, Xiao Liu, Aohan Zeng, Lei Hou, Yuxiao Dong, Jie Tang, and
Juanzi Li. 2023. LongBench: A Bilingual, Multitask Benchmark for Long Context
Understanding. arXiv:2308.14508 [cs.CL]

[5] Lingjiao Chen, Matei Zaharia, and James Zou. 2024. FrugalGPT: How
to Use Large Language Models While Reducing Cost and Improv-
ing Performance. Transactions on Machine Learning Research (2024).
https://openreview.net/forum?id=cSimKw5p6R

[6] Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice Pasupat, Noveen
Sachdeva, Inderjit Dhillon, Marcel Blistein, Ori Ram, Dan Zhang, Evan Rosen,
et al. 2025. Gemini 2.5: Pushing the frontier with advanced reasoning, multi-
modality, long context, and next generation agentic capabilities. arXiv preprint
arXiv:2507.06261 (2025).

[7] AaronGrattafiori, AbhimanyuDubey, Abhinav Jauhri, Abhinav Pandey, Abhishek
Kadian, Ahmad Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex
Vaughan, et al. 2024. The Llama 3 Herd of Models. arXiv:2407.21783 [cs.AI]
https://arxiv.org/abs/2407.21783

[8] Albert Q. Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford,
Devendra Singh Chaplot, Diego de las Casas, Florian Bressand, Gianna
Lengyel, Guillaume Lample, Lucile Saulnier, Lélio Renard Lavaud, Marie-Anne
Lachaux, Pierre Stock, Teven Le Scao, Thibaut Lavril, ThomasWang, Timothée
Lacroix, and William El Sayed. 2023. Mistral 7B. arXiv:2310.06825 [cs.CL]
https://arxiv.org/abs/2310.06825

[9] Dongfu Jiang, Xiang Ren, and Bill Yuchen Lin. 2023. LLM-Blender: Ensembling
Large Language Models with Pairwise Ranking and Generative Fusion. In
Proceedings of the 61st Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), Anna Rogers, Jordan Boyd-Graber, and Naoaki
Okazaki (Eds.). Association for Computational Linguistics, Toronto, Canada,
14165–14178. doi:10.18653/v1/2023.acl-long.792

[10] Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying Sheng, Lianmin Zheng,
Cody Hao Yu, Joseph Gonzalez, Hao Zhang, and Ion Stoica. 2023. Efficient
memory management for large language model serving with pagedattention. In
Proceedings of the 29th symposium on operating systems principles. 611–626.

[11] Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu,
Chenggang Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. 2024.
Deepseek-v3 technical report. arXiv preprint arXiv:2412.19437 (2024).

[12] Yifan Lu, Rixin Liu, Jiayi Yuan, Xingqi Cui, Shenrun Zhang, Hongyi Liu, and
Jiarong Xing. 2025. RouterArena: An Open Platform for Comprehensive
Comparison of LLM Routers. arXiv preprint arXiv:2510.00202 (2025).

[13] Yixuan Mei, Yonghao Zhuang, Xupeng Miao, Juncheng Yang, Zhihao Jia, and
Rashmi Vinayak. 2025. Helix: Serving large language models over heterogeneous
gpus and network via max-flow. In Proceedings of the 30th ACM International
Conference on Architectural Support for Programming Languages and Operating
Systems, Volume 1. 586–602.

[14] Isaac Ong, Amjad Almahairi, VincentWu,Wei-Lin Chiang, TianhaoWu, Joseph E
Gonzalez, M Waleed Kadous, and Ion Stoica. [n. d.]. RouteLLM: Learning to
Route LLMs from Preference Data. In The Thirteenth International Conference on
Learning Representations.

[15] OpenAI. 2025. Gpt-5 systemcard. https://cdn.openai.com/gpt-5-system-card.pdf.
[16] Nils Reimers. 2021. sentence-transformers/all-MiniLM-L6-v2. https:

//huggingface.co/sentence-transformers/all-MiniLM-L6-v2.
[17] Seamus Somerstep, Felipe Maia Polo, Allysson Flavio Melo de Oliveira, Prattyush

Mangal, Mírian Silva, Onkar Bhardwaj, Mikhail Yurochkin, and SubhaMaity. 2025.
Carrot: A cost aware rate optimal router. arXiv preprint arXiv:2502.03261 (2025).

[18] Wei Song, Zhenya Huang, Cheng Cheng, Weibo Gao, Bihan Xu, GuanHao Zhao,
FeiWang, and RunzeWu. 2025. IRT-Router: Effective and InterpretableMulti-LLM
Routing via Item Response Theory. arXiv preprint arXiv:2506.01048 (2025).

[19] Foundation AI Team and collaborators. 2025. Llama-3.1-FoundationAI-
SecurityLLM-8B-Instruct Technical Report. arXiv preprint arXiv:2508.01059 (2025).
https://arxiv.org/abs/2508.01059

[20] Jiaqi Xue, Qian Lou, Jiarong Xing, and Heng Huang. 2026. R2-Router: A New
Paradigm for LLMRoutingwithReasoning. arXiv preprint arXiv:2602.02823 (2026).

[21] An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng,
Bowen Yu, Chang Gao, Chengen Huang, Chenxu Lv, et al. 2025. Qwen3 technical
report. arXiv preprint arXiv:2505.09388 (2025).

[22] An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, and many
others. 2024. Qwen2.5 Technical Report. arXiv preprint arXiv:2412.15115 (2024).
https://arxiv.org/abs/2412.15115 Qwen2.5-3B and related variants..

[23] Gyeong-In Yu, Joo Seong Jeong, Geon-Woo Kim, Soojeong Kim, and Byung-Gon
Chun. 2022. Orca: A distributed serving system for {Transformer-Based}
generative models. In 16th USENIX Symposium on Operating Systems Design and
Implementation (OSDI 22). 521–538.

7

https://kserve.github.io/
https://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2404.14219
https://www.anthropic.com/news/claude-3-family
https://www.anthropic.com/news/claude-3-family
https://arxiv.org/abs/2308.14508
https://openreview.net/forum?id=cSimKw5p6R
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2310.06825
https://arxiv.org/abs/2310.06825
https://doi.org/10.18653/v1/2023.acl-long.792
https://cdn.openai.com/gpt-5-system-card.pdf
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://arxiv.org/abs/2508.01059
https://arxiv.org/abs/2412.15115

	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Multi-LLM Serving on GPU Clusters
	2.2 LLM Routing

	3 HW-Router Design
	3.1 Notation and preliminaries
	3.2 Methodology

	4 Experimental Setup
	4.1 Baselines
	4.2 Model Pool and Placement
	4.3 Dataset
	4.4 Evaluation Metrics
	4.5 Arrival Patterns

	5 Evaluation
	5.1 RQ1: Better Latency–Quality Tradeoff
	5.2 RQ2: Robust SLO Guarantees
	5.3 RQ3: Balanced Load Distribution

	6 Conclusion
	References

