
Beyond Accuracy and Cost: Latency-Aware LLM Query
Routing for Dynamic Workloads

Shivam Patel*1, Akaash R. Parthasarathy*1, Ankur Mallick2, and Gauri Joshi1
1Carnegie Mellon University, 2Microsoft

*Equal contribution.

Abstract. Modern language query routers improve inference efficiency by assigning each query to
a model that balances response quality and monetary cost. However, current query routers are
largely latency-agnostic and do not consider the generation latency experienced by queries at model
instances. In practice, latency is often controlled by load-balancing policies such as round-robin or
join-the-shortest-queue, which do not account for model accuracy or inference cost. Incorporating query
latency into routing is challenging as it depends not only on the query’s prompt length, but also on
the current prefill and decode workload at the model instance and the scheduling and batching policy
of the serving framework. We design a lightweight latency estimator that simulates autoregressive
token batch processing in the serving framework and estimates the time-to-first-token (TTFT) of
queries. We incorporate this latency estimator into a latency-aware router that jointly optimizes latency,
accuracy, and cost when assigning queries to model instances. Our experimental results indicate that
this joint optimization yields up to 40% improvement in accuracy–cost utility while maintaining the
same latencies as standard load-balancing approaches.

Code: https://github.com/akaashrp/sfs

1 Introduction

Routing user queries across a pool of large language models (LLMs) is a promising solution towards efficient utilization
of LLMs. Given a prompt or a query, a language query router selects a model instance to maximize expected response
quality while controlling monetary cost (the price per token charged to the user). For instance, easier queries are sent
to smaller and cheaper models, while harder queries are sent to larger and more expensive models. A substantial body
of work [11, 12, 24, 36, 37] studies query routing to strike a good accuracy–cost tradeoff using calibrated correctness
and cost predictors that are trained on query evaluations on models in the pool.

Need for latency-aware query routing. In addition to balancing accuracy and cost, response generation should
also meet latency constraints based on downstream usage or service-level objectives (SLOs). Most existing query
routers [10–12, 24, 36, 37] perform model selection based on accuracy and cost, but are latency-agnostic. Therefore,
they may route queries to overloaded model instances, causing long queueing delays and latency constraint violations.
Latency optimization via load-balancing of queries across model instances is generally left to the underlying systems
layer. System-level latency optimization considers a fixed choice of language model for a query and focuses on assigning
queries to replicas of the same language model. Works such as [9, 23, 45] perform load balancing of requests across
model deployments on heterogeneous hardware. Other works design scheduling policies that prioritize requests based
on latency constraints, predicted output lengths, or remaining decode work at the model instance [15, 20, 39, 41, 43].
These system-level routing methods improve latency and resource utilization, but they operate under a fixed query-
to-model assignment and thus are accuracy- and cost-agnostic. In this work, we aim to bridge the gap between
accuracy-aware and cost-aware routing, which is latency-agnostic, and system-level latency optimization, which is
accuracy- and cost-agnostic. We design a routing framework based on joint accuracy–cost–latency optimization.

Challenges in latency estimation. Extending accuracy–cost routing to latency-aware routing is not straightfor-
ward. While existing query routers [11, 24, 37] provide reliable accuracy and cost estimates, latency-aware routing
requires reliable estimates of the latency that will be experienced by an incoming query when assigned to a model
instance. Unlike cost (the amount charged to the user, which is often a deterministic function of token counts)
or accuracy (which can be learned from historical query–model evaluations), generation latency depends on the
workload of queries that are currently being served at a model instance. Modern LLM serving frameworks (e.g., vLLM



[26], Sarathi-Serve [2]) execute many requests concurrently using continuous batching, resulting in simultaneous
processing of sequences in the prompt token KV-cache computation stage (prefill stage), and the sequential decode
token generation stage (decode stage). The response generation rate and latencies experienced by queries at a model
instance depend on (i) the hardware specifications and language model architecture, (ii) the current prefill versus
decode workload composition of queries, and (iii) the batching and scheduling policy of the serving framework.

Our latency-aware routing framework. We propose a routing framework that estimates query latencies and
makes routing decisions by incorporating information about the query workload at each model instance, and the
scheduling policies used by the underlying serving framework. Our proposed Serving Framework Simulation (SFS)
based time-to-first-token (TTFT) latency estimator simulates the evolution of token batch composition during
autoregressive generation at model instances, and predicts latencies incurred by new queries. Experiments show that
our latency-aware routing framework strikes a favorable accuracy–cost–latency tradeoff, and outperforms existing
latency-agnostic routers as well as accuracy- and cost-agnostic load balancing methods. The closest prior work to
our setting is [27], which considers an output-length-based latency estimator and jointly optimizes response quality
and generation latency. However, it does not account for varying prefill and decode compositions, serving framework
policies, and the present workload at model instances. We provide a more detailed discussion of prior work in
Section A.

Paper organization. The remainder of the paper is organized as follows: Section 2 introduces relevant background
on autoregressive generation and serving frameworks, Section 3 formally presents our routing objective and notation,
Section 4 proposes our latency estimation approach, Section 5 presents an empirical evaluation of the latency-aware
router, and Section 6 concludes our work and discusses future directions.

2 Background on LLM serving frameworks

Autoregressive generation. Most transformer-based language models generate sequences autoregressively, predict-
ing each token from the input prompt and all previously generated tokens through attention [47]. Computationally,
generation consists of two phases [40]: the prefill phase, where the input prompt tokens are processed in parallel to
compute the key-value states and initialize the KV cache; and the decode phase, where output tokens are generated
sequentially, with new key-value states appended to the cache for future attention computations. The prefill phase is
typically compute-bound since prompt tokens can be processed in parallel, whereas the decode phase is typically
memory-bound since each step reads the cached key-value states for previous tokens [2, 26]. While other generation
paradigms exist, including diffusion-based generation and non-autoregressive refinement [18, 28, 30], our analysis
focuses on the popular attention-based autoregressive setting.

Batch composition and generation throughput. Batching of computational workload for generating responses
to queries is a crucial aspect of utilizing the parallel computation capacity of GPUs. Naive sequence-level batching
collects queries and generates new tokens for each query in the batch until completion. This leads to inefficient
hardware utilization as shorter sequences in the batch need to wait for longer sequences to finish generation. To
overcome this, modern serving frameworks utilize continuous batching (ORCA [50], vLLM [26], etc.), where new
prompts are admitted in the generation stage at token iteration (often simply denoted as “token batch”) boundaries,
unlike sequence-level batch boundaries in naive batching. This implies that autoregressive generation for a new
sequence can begin while other sequences are still being generated. Continuous batching leads to better hardware
utilization and higher throughput.

Memory and scheduling mechanisms in serving frameworks. Continuous batching demands careful man-
agement of the varied composition of prefill and decode tokens in sequences, making memory allocation crucial to
ensure efficient compute utilization. Early solutions, such as ORCA [50], reserve memory for the KV cache up to the
maximum possible context length of each sequence being served. This leads to over-provisioning since most sequences
do not achieve the maximum context length, resulting in suboptimal hardware utilization and reduced throughput.
PagedAttention (used in vLLM) [26] applies virtual memory-style paging to the KV cache, avoiding large contiguous
pre-allocation and instead allocating fixed-size KV cache blocks to sequences dynamically as generation proceeds.
The heterogeneous compute and memory requirements of the prefill and decode stages allow further refinement of the
batching policy. Chunked prefills [2] balance prefill and decode work within a token batch by splitting long prefills into
smaller chunks, improving hardware utilization and throughput while avoiding decode stalls. Our latency estimator

2



factors in these aspects to produce accurate TTFT estimates for queries.

3 Problem formulation

System model and notation. We refer to each deployed LLM, together with its associated hardware allocation
and serving framework, as a model instance, indexed by j ∈ J . For each newly arriving query qi, the router estimates
the accuracy, cost, and time-to-first-token (TTFT) latency associated with each candidate model instance, and selects
an instance m(i) ∈ J according to the desired routing objective. We consider TTFT latency as it captures the
responsiveness perceived by users and interactive applications.

New sequence arrives

Prefill Chunk

Decode Token

Token batch composition at time t+Wi,j

Token batch composition at time fi,j

Prefill computation begins First decode token generated

Sequences

Token Batches Time= t Time= t + Wi,j Time= t + Wi,j + Pi,j

Figure 1: TTFT (time-to-first-token) for autoregressive generation. A new sequence (query) qi arrives at time t to
model instance j (left), its prefill computation begins at time t+Wi,j (center), and the first decode token is generated at time
t+Wi,j +Pi,j (right). New sequences are queued until the memory at the model instance is released by sequences already being
generated.

Generation latency. The time between a sequence (query) arriving in the system and completing generation (by
either generating an <eos> token or reaching the model’s context length limit) comprises three stages: queueing delay,
prefill time, and decode time. Queueing delay, or waiting time, is the idle period before a query’s prefill computation
begins, during which it waits for compute and memory resources occupied by preceding queries to become available.
Prefill time denotes the time required for query processing and populating the KV cache, and decode time denotes the
autoregressive generation time. We examine time-to-first-token (TTFT), which denotes the time from query arrival
to first output-token generation. Thus for query qi at model instance j, TTFT can be represented as

Lttft
i,j = Wi,j + Pi,j (1)

where Wi,j represents the waiting time spent in the queue and Pi,j is the prefill and first decode token computation
time. We illustrate the latency decomposition in Figure 1 for continuous batching policies. Estimates (L̂ttft

i,j ) of TTFT
for a given query qi at each model instance j are required to perform latency-aware routing decisions across model
instances.

Accuracy and cost estimators. Using historical evaluations of queries on language models, we train estimators
for the response quality and serving cost of previously unseen queries (details presented in Section B.4). For each
query qi and model instance j, we produce an accuracy estimate âcci,j and a cost estimate ĉosti,j . Response accuracy
refers broadly to a task-dependent quality measure (such as correctness, ROUGE [32], or BARTScore [51]). We
utilize a normalized LLM-as-a-judge [29] quality score in [0, 1] for our analysis. We compute generation cost using the
per-token pricing of each model. We define the accuracy–cost utility [19, 24, 37] as:

Ûi,j(λ) = âcci,j − λĉosti,j , (2)

where λ ≥ 0 governs the tradeoff between response quality and monetary cost.

Routing objectives and evaluation protocols. In practical deployments, queries are subject to generation
latency requirements based on downstream tasks. We therefore define the primary routing objective as maximizing
the accuracy–cost utility Ûi,j , while satisfying a per-query time-to-first-token (TTFT) constraint. Let τi denote the
TTFT target for query qi, and define the estimated feasible set of model instances as J (i) = {j ∈ J : L̂ttft

i,j (t) ≤ τi}.
The router selects the feasible model instance with the highest estimated utility (if J (i) = ϕ, select the instance with
the least estimated latency):

m(i)← arg max
j∈J : L̂ttft

i,j (t)≤τi

Ûi,j(λ). (3)
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To evaluate this constrained routing objective, we report the average utility achieved by the routed model instances on
queries, assigning zero utility to queries that violate their latency constraints. We refer to this metric as OnTimeUtility,
capturing the average accuracy–cost utility over latency-constraint satisfying responses (where N denotes the total
number of queries evaluated):

OnTimeUtility(λ) = 1
N

N∑
i=1

Ui,m(i)(λ) 1
{

Lttft
i,m(i) ≤ τi

}
, (4)

where Ui,m(i)(λ) and Lttft
i,m(i) denote the realized utility and TTFT after routing, and 1 {·} denotes the indicator

function. We also characterize the underlying tradeoff between utility and latency by considering a Lagrangian
relaxation of the constrained objective in eq. (3):

m(i) ← arg max
j∈J

(
Ûi,j(λ)− δ L̂ttft

i,j (t)
)

, (5)

where δ ≥ 0 controls the relative emphasis placed on latency. By varying δ, we obtain a utility–latency tradeoff curve
in terms of (E[Ui,m(i)(λ)],E[Lttft

i,m(i)]). This enables a characterization of the router’s ability to trade off utility and
latency independently of per-query service-level objectives. A better router attains higher utility at the same average
latency, or equivalently achieves lower latency while preserving the same accuracy–cost utility.

4 Estimating query latencies across model instances

Accurate estimates of time-to-first-token (TTFT) latencies are essential for routing queries across language models
for generating responses while satisfying latency constraints. Over-estimating latencies leads to under-utilization of
model instances, whereas under-estimating can cause frequent constraint violations. In this section, we introduce our
proposed Serving Framework Simulation (SFS)-based latency estimator. SFS uses query workload information at
model instances to simulate token batch composition according to the serving framework’s batching and scheduling
policies. We design a token-batch processing time estimator that leverages the resulting token batch compositions
until first decode token of the new query to estimate TTFT latencies. Our proposed latency estimator is accurate and
computationally efficient, achieving <5% mean absolute percentage error on TTFT predictions with sub-millisecond
test-time overhead. We also present a queueing-theoretic analysis of autoregressive generation to estimate average
latencies at model instances in cases where real-time workload information is unavailable to the router.

Setup. Let Qj(t) denote the set of requests queued at model instance j at time t, i.e., requests assigned to the
instance whose prefill processing has not yet begun. Let Aj(t) denote the set of active requests currently being served,
either in the prefill or decode stage. We define the resident set of requests at model instance j as

Rj(t) ≜ Qj(t) ∪ Aj(t).

For each resident request q ∈ Rj(t), let tokpre
q,j (t) and tokdec

q,j (t) denote the remaining number of prefill tokens to be
processed and decode tokens to be generated at time t, respectively. For a new query qi arriving at time t, the goal of
our latency estimator is to compute the TTFT estimate L̂ttft

i,j (t) for each model instance j.

4.1 Serving Framework Simulation (SFS) for latency estimation

We propose Serving Framework Simulation (SFS), a latency estimator that simulates the serving framework’s batching
and scheduling policies at each candidate model instance using the remaining prefill workload and estimated decode
workload of resident sequences. SFS accumulates the predicted processing times of successive token batches until the
incoming query qi produces its first decode token, resulting in the TTFT estimate L̂ttft

i,j (t). We first motivate this
design by presenting a simple throughput-based latency predictor and highlighting its limitations. We then elaborate
how SFS incorporates predicted decode lengths together with a calibrated token-batch processing time model.

Throughput-based latency estimator. An elementary approach to TTFT estimation for incoming queries
computes the remaining prefill workload at each model instance and utilizes the prefill throughput of the model
instance to predict latencies. For each model instance j, we define the prefill throughput θpre

j , measured in tokens
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per second, as the ratio of the number of prefill tokens processed in a token batch containing a prefill chunk to the
time required to process that batch. We also compute T̄ dec

j , the average decode token batch processing time, which
approximates the first decode computation time for qi. At model instance j, the throughput-based TTFT estimate
(eq. (1)) for a query qi arriving at time t is

L̂ttft
i,j (t) =

∑
q∈Rj(t) tokpre

q,j (t)
θpre

j︸ ︷︷ ︸
Waiting time Ŵi,j(t)

+
tokpre

qi,j(t)
θpre

j

+ T̄ dec
j︸ ︷︷ ︸

Prefill and first-token time P̂i,j(t)

, (6)
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Figure 2: TTFT estimation using the prefill-throughput estimator
(left) and the proposed Serving Framework Simulation (SFS) estima-
tor (right) for Qwen3-0.6B (hosted on one H100 GPU). The prefill
throughput estimator does not consider decode interference, while SFS
simulates autoregressive generation to calculate latencies.

where the estimated waiting time Ŵi,j(t) is the sum
of the remaining prefill tokens of resident queries at
model instance j, divided by the prefill throughput
θpre

j , and P̂i,j(t) is the estimated prefill computa-
tion time plus first decode token generation time
for query qi.

The prefill-throughput-based estimator approxi-
mates the experienced TTFT latencies using the
prefill workload at the model instance. This approx-
imation aligns with prefill-prioritizing and prefill-
chunk-based serving frameworks, where either pre-
fills are computed eagerly upon query arrivals
[26, 50], or chunks of prefill tokens [2] are inter-
leaved with decode computations to improve hard-
ware utilization. However, this estimator does not
account for decode-workload interference and its
impact on memory and compute utilization at model instances. Consequently, as shown in Figure 2 (left plot), the
throughput-based estimator suffers bias when the evaluation-time prefill-decode workload distribution differs from
the throughput profiling workload (note that the few outliers in both plots in Figure 2 arise from CPU and kernel
overheads).

Serving Framework Simulation (SFS). To improve beyond the throughput-based latency estimator described
above, we propose the Serving Framework Simulation (SFS) estimator, which jointly considers the prefill and decode
workloads at model instances. SFS considers the remaining prefill workload {tokpre

q,j (t)}q∈Rj(t) for queries in the

current resident set Rj(t) at model instance j, and estimates the remaining decode workload {t̂ok
dec
q,j (t)}q∈Rj(t) by

using a decode length estimator (Section B.4). The workload of the resident query set is augmented with prefill token
length, and decode length estimates

(
tokpre

qi,j(t), t̂ok
dec
qi,j(t)

)
for the new query qi. Subsequently, the latency predictor

simulates the serving framework’s batching and scheduling policies until the first decode token for sequence qi is
generated. Concretely, when estimating TTFT generation latency at model instance j for the arrival of query qi at
time t, SFS forms the augmented workload

Xi,j(t) =
{(

tokpre
q,j (t), t̂ok

dec
q,j (t)

)
: q ∈ Rj(t)

}
∪
{(

tokpre
qi,j(t), t̂ok

dec
qi,j(t)

)}
.

Using Xi,j(t), the estimator then deterministically simulates the serving framework, resulting in consecutive token
batches for autoregressive generation. Here, a token batch refers to the set of token computations to be performed,
consisting of at most one decode token per active decode sequence and possibly a prefill chunk for one or more
sequences [2].

Let B(ℓ)
j (t) denote the ℓth token batch from time t at model instance j. For each sequence q being processed in B(ℓ)

j (t),
let tokpre

q,j (t, ℓ) be the number of prefill tokens processed, and let tokdec
q,j (t, ℓ) be the number of decode tokens generated.

In the standard autoregressive generation setting, each sequence produces at most one decode token per batch, so
tokdec

q,j (t, ℓ) ∈ {0, 1}. The decode stage for a sequence begins only after all prefill tokens have been processed. Thus,
we define the first decode token generation batch of query qi as

ℓTTFT
j (t, i) ≜ min

{
ℓ : tokdec

qi,j(t, ℓ) = 1
}

. (7)
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Figure 1 illustrates the model instance state and token-batch composition when a new sequence qi arrives (left), when
its prefill computation begins (center), and when its first decode token is generated (right), marking the TTFT for qi.
SFS estimates TTFT by summing the predicted processing times of the simulated token batches up to and including
the first decode token generation for qi:

L̂SFS
i,j (t) ≜

ℓTTFT
j (t,i)∑

ℓ=1
T̂

(ℓ)
j (t), (8)

where T̂
(ℓ)
j (t) (defined next) denotes the time required to process the token batch B(ℓ)

j (t). Unlike the prefill-throughput
estimate in eq. (6), SFS does not separately approximate waiting, prefill, and first decode token computation
using model instance throughputs, instead capturing these components directly via the simulated token batches.
Figure 2 demonstrates that SFS generates better estimates of TTFT latency compared to the prefill throughput-based
estimator (5% vs 85% mean absolute percentage error) by jointly considering prefill and decode workloads and
modeling autoregressive generation at model instances.

Token-batch processing time estimator T̂
(ℓ)
j (t). Processing a token batch at a model instance primarily involves

MLP-layer computation, attention computation, and KV-cache memory reads. Modeling each low-level kernel and
memory transfer separately is fragile and difficult to generalize across serving workloads. We therefore design a
higher-level estimator based on token batch composition. For each sequence q ∈ B(ℓ)

j (t), let cq,j(t, ℓ) denote the
context length of sequence q before token batch ℓ is processed. We estimate the processing time of token batch B(ℓ)

j (t)
as

T̂
(ℓ)
j (t) = β0,j + β1,j

∑
q∈B(ℓ)

j
(t)

(
tokpre

q,j (t, ℓ) + tokdec
q,j (t, ℓ)

)
+ β2,j

∑
q∈B(ℓ)

j
(t)

cq,j(t, ℓ) tokdec
q,j (t, ℓ)

+ β3,j

∑
q∈B(ℓ)

j
(t)

(
tokpre

q,j (t, ℓ)cq,j(t, ℓ) +
tokpre

q,j (t, ℓ)
(
tokpre

q,j (t, ℓ) + 1
)

2

)
. (9)
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Figure 3: Token-batch processing
time estimator. The estimator in eq. (9)
closely matches observed batch times,
with ≈ 4% mean absolute percentage er-
ror across token-batch compositions (for
Qwen3-0.6B hosted on one H100 GPU).

The intercept term (β0,j) captures fixed per-batch overheads. The first
workload term (with coeff. β1,j) captures token-wise dense-layer computation,
which scales linearly with the number of tokens in a batch. The second term
(with coeff. β2,j) accounts for the attention computation and KV-cache reads
for each decode sequence, which scales linearly with increasing context. The
third term (with coeff. β3,j) models prefill attention cost: each prefill token
attends both to the existing context and to the preceding tokens within the
same prefill chunk, yielding a contribution that grows with the product of
the prefill chunk size and prior context length, plus the quadratic attention
cost within the chunk.

The coefficients (β0,j , β1,j , β2,j , β3,j) are calibrated for each model instance
using observed token-batch processing times. Figure 3 shows the estimated
token-batch processing time from eq. (9) against the observed batch process-
ing time, demonstrating high accuracy with ≈4% mean absolute percentage
error.

SFS is also robust to moderate errors in predicted remaining decode lengths.
The TTFT estimation only requires simulating the autoregressive serving
process up to the token batch in which the new query generates its first
decode token, rather than until all resident sequences finish generation. Since
each active sequence contributes at most one decode token per token batch,
the number of active decode sequences is more important for TTFT estimation than the exact remaining decode
length of every resident sequence.
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4.2 Average-case TTFT estimation without real-time workload information

In many practical deployments, for example, when an enterprise is routing queries to third-party cloud servers, the
router may not have access to real-time query workload information, such as the number of resident queries at each
model instance and their prefill and decode token composition. In this scenario, routing decisions need to rely on
time-average quantities such as query arrival rates and model instance service capacities instead of real-time workload
knowledge at model instances. We therefore construct an average-case estimator based on a queueing-theoretic
abstraction of model instances and autoregressive generation.

Modern serving frameworks leverage hardware parallelism via continuous batching [50], enabling multiple sequences
to be served concurrently (refer Section 2). However, this concurrency is limited by memory and hardware constraints
and is often controlled as a hyperparameter [26]. We model this behavior using the Limited Processor Sharing (LPS)
queueing system model [52], where up to k queries can be served in parallel by the server, and the rest are placed in a
first-come-first-serve (FCFS) queue behind the k queries until one of them is served. Because compute capacity is
shared equally among active queries, lighter workloads yield faster per-query processing. This abstraction is consistent
with autoregressive generation on GPUs, where fewer concurrent queries generally result in faster token generation [2].
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Figure 4: Observed TTFT for sequence generation on
Qwen3-0.6B (on single H100 GPU) compared with theo-
retical TTFT under the Limited Processor Sharing (LPS)
model where k queries can be served in parallel.

We estimate the service capacity µj (in queries per second) of
model instance j from its peak generation output throughput.
Consider the average arrival rate αj queries per second, with
ρj = αj/µj < 1. Under Poisson arrivals and assuming mem-
orylessness property of workload distribution across sequences,
the expected waiting time under the LPS scheme is

Ŵ avg
i,j = E[Wi,j ] = (αj/µj)k

µj − αj
. (10)

The corresponding average-case TTFT estimator includes the
query’s prefill computation time and the average first decode
token generation time:

L̂avg
i,j = Ŵ avg

i,j +
tokpre

qi,j

θpre
j

+ T̄ dec
j . (11)

We defer the derivation to Section E. Figure 4 shows that this
abstraction captures the qualitative growth of waiting time
with load and that the observed system behavior is consistent
with a finite-parallelism serving model (the observed time average parallelism for the setup in Figure 4 is k≈25).

5 Experiments

Experimental setup. In our analysis, we sample queries from four tasks: Alpaca [46], HotpotQA [49],
GovReport-Summarization [21], and WritingPrompts [13]. The four tasks represent varying (input, out-
put) token length distributions for queries, with (short, short), (long, short), (long, long), and (short, long) types,
respectively. We sample 2.5K queries from each task to estimate per-instance prefill throughput, calibrate the token-
batch processing time estimators, and train output length and response quality predictors. We simulate query arrivals
based on a Poisson process (Figures 5 and 6), and also generalize to bursty arrivals based on a Markov-Modulated
Poisson process (Figure 7).

We consider three language models: Qwen3-0.6B, Qwen3-8B, and Qwen3-32B from the Qwen3 family [42],
covering a range of sizes and capabilities. We deploy Qwen3-0.6B and Qwen3-8B on one H100 GPU [35] each, and
Qwen3-32B on two H100 GPUs (using tensor parallelism), characterizing three model instances. We use the vLLM
[26] serving framework for our experiments; however, our presented latency estimators can be easily extended to other
serving frameworks as well. We evaluate the responses generated by models on queries via LLM-as-a-judge [29] using
Gemini 3.1 Pro Preview [16] (evaluation prompt provided in Section D). We discuss further experimental details in
Section B.
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Baselines. We compare the proposed latency-aware router, using the Serving Framework Simulation (SFS) based
TTFT estimator against three baselines. Round Robin policy assigns queries cyclically across model instances,
independent of workload, utility, or latency. The Shortest Queue policy routes each incoming query to the instance
with the fewest resident requests, explicitly targeting low workload to minimize generation latencies. Finally, the
Latency-Agnostic policy routes solely based on maximum utility, ignoring generation latencies.
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Figure 5: OnTimeUtility across varying arrival rate
(in qps). Latency-aware routing (SFS) balances utility
and latency to maintain high OnTimeUtility, demon-
strating 33% higher AUC.

Overview of results. We examine latency-aware routing from
two complementary perspectives. First, we vary the offered query
load under the latency-constrained routing objective in eq. (3).
Second, we vary the latency penalty parameter δ under the
Lagrangian relaxation of latency-constrained routing (eq. (5)).
For both these scenarios, we keep the cost coefficient λ fixed (at
5×10−4) and defer sweeps over λ to Section G. We further present
the performance of our approach across bursty query arrivals and
comment on the overhead introduced by the serving framework
simulation-based latency estimation.

Varying offered load. As the arrival rate of queries increases,
the model instances become saturated and the feasible set of
instances that satisfy queries’ latency constraints shrinks. In
such scenarios, a better router will yield a higher OnTimeUtility
value (eq. (4)) for latency-constrained routing (eq. (3)) across a
wide range of query workloads. Figure 5 shows that our proposed
Serving Framework Simulation (SFS) for latency estimation achieves the highest OnTimeUtility across all query
workloads, yielding a 33% gain in terms of area-under-the-curve (AUC) over the best baseline, and 46% improvement
in OnTimeUtility (at 5qps). The Shortest Queue policy achieves low latencies, but it is agnostic to the query’s
model preferences. The Round Robin policy is oblivious to both model instance saturation and query preferences.
Latency-Agnostic routing prioritizes query preferences and yields high utility when desired model instances are
available, but its performance degrades with increasing workloads.
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Figure 6: Utilities plotted against TTFT latencies by
varying δ in eq. (5). Latency-aware routing provides a
controllable utility–latency tradeoff.

Varying latency emphasis. To analyze the trade-off be-
tween utility and latency, we vary δ values in eq. (5) and obtain
average utility and latency values for queries (following the
Poisson arrival process with rate =8 qps). Figure 6 shows that
our proposed approach consistently improves the utility–latency
performance over the baselines, resulting in 40% higher utility
than Shortest Queue policy, and importantly, provides a control-
lable tradeoff which can be set by choosing the corresponding
δ value. Setting δ = 0 recovers the Latency-Agnostic routing
policy. The Round Robin and Shortest Queue baselines balance
model instance workload in some regimes but do not exploit the
heterogeneous accuracy–cost structure of the model instance
pool and therefore attain substantially worse realized utility
than our method for comparable latency values.

Evaluation across arrival processes. In practical deploy-
ments, query arrivals are often correlated and bursty, which may not be captured well by the standard Poisson
arrival process. We extend our analysis to query arrivals based on a two-state Markov Modulated Poisson Process
(MMPP-2) [14] (Section C), where the low-state denotes standard query arrivals (rate λL) and a high-state indicates
a duration of heavy workload (with arrival rate λH). The ratio of the high- and low-state arrival rates indicates the
level of burstiness in query arrivals. Figure 7 illustrates consistently higher performance of our approach across arrival
processes and average arrival rates.

Estimator overhead. Since estimating latencies for queries at model instances lies on the critical path of routing,
latency estimators should not induce high computational overhead. Our proposed SFS latency estimator simulates
batching policies from the current workload state (including the newly arrived query) and halts at the token batch
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Figure 8: Wall-clock overhead of the SFS (ours) la-
tency estimator. Mean simulation latency of ≈10−4s
indicates negligible routing-time overhead for latency
estimation (Section 4.1).

corresponding to first token generation for this new sequence. This avoids full simulation till completion of all resident
requests at the model instance. Figure 8 depicts an average latency estimation time overhead of ≈10−4s, which is
negligible relative to query generation TTFTs (usually in seconds [26]). Further implementation details of the SFS
estimator are provided in Section F.

6 Concluding remarks

Most existing language query routers optimize the accuracy–cost trade-off, but do not account for latencies experienced
by queries. We proposed a latency-aware routing framework that jointly optimizes accuracy, cost, and time-to-first-
token (TTFT) latency. The core component of our approach is a lightweight Serving Framework Simulation (SFS)
latency estimator that predicts TTFT by simulating prefill and decode token batches under the serving framework’s
policies. By incorporating these estimates into routing decisions, our approach avoids overloaded instances while
preserving strong accuracy–cost performance. Our experiments show that joint accuracy–cost–latency optimization
can substantially improve utility (by over 40%) as compared to standard load-balancing baselines at comparable
latencies. Future directions include joint optimization of routing and model placement, and studying the interactions
between routers that independently send queries to shared model instances.
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A Related Works

A broad range of research directions tackle efficient response generation from varying perspectives. Language Query
Routing considers utilizing a pool of language models for extracting collective capabilities to balance performance and
cost for query response generation. The most suitable model for generating a response to a query is chosen based on
a desired tradeoff, through a router that maps queries to suitable models. Multiple response aggregation, dynamic
test-time resource allocation, and online feedback-driven model routing form promising extensions of the model
selection setting. Additionally, systems-driven works emphasize latency-constrained response generation through
scheduling, workload-aware load balancing, autoscaling, and queue management. Crucially, these directions do not
provide a structured understanding of balancing response accuracy-cost performance along with generation latency,
which is of practical interest in a wide range of scenarios. In our work, we explicitly bridge this gap and present
practical latency estimators that are lightweight, accurate, and interpretable, and that integrate latency into routing
decisions. Below, we elaborate on related works across concurrent directions of research.

LLM routing for quality–cost trade-offs. Early work on model selection uses historical model behavior on
queries to estimate task-specific model abilities, allowing new queries to be routed to suitable models based on a
desired quality–cost trade-off. FrugalGPT [8] introduced rule-based selection and cascading across language models,
demonstrating quality gains. HybridLLM [11] proposed routing between a large and a small language model, using
thresholds on model-correctness estimates to maintain response quality while reducing cost. RouteLLM [36] introduced
human-preference-based routing over generated responses to choose the preferred model for response generation.
Simple nonparametric routing approaches, such as clustering and nearest neighbors, were formally examined by
[19, 24], and extended in [37] to generalize across query distributions. Additional approaches include interpretable
routing mechanisms [7, 44], multi-response aggregation [12], cascading language models [10], and methods that
learn compact model representations through embeddings [38, 53]. Practical aspects such as sample efficiency and
distributed training have also been studied [4].

Dynamic scheduling and queue management. Response generation for queries with heterogeneous latency
constraints requires moving beyond the usual first-come-first-served (FCFS) scheduling policy toward priority-based
scheduling that can meet constraints and improve throughput [20]. Model switching and query-group scheduling across
instances [39] allow resource orchestration to improve generation latency by solving a linear program that minimizes
latency violations. Llumnix [45] explores runtime query scheduling for improved load balancing and isolation of
response generation across model instances, mitigating resource fragmentation and improving throughput. Other
works examine scheduling algorithms from a queueing-theoretic perspective and highlight open problems [5, 31, 33].

Workload-aware routing and latency modeling. Load balancing and workload routing across model instances of
the same LLM can reduce experienced latency and improve hardware utilization. [23] propose a reinforcement-learning-
based router for workload- and query-distribution-aware scheduling. For optimizing deployment hyperparameters for
model serving, Vidur [1] estimates operator-level computation times and memory latencies, modeling GPU generation
through a CPU simulator. Analytical roofline estimators [22] also provide lightweight operator-level latency models
for LLM generation. Thus, latency modeling can be studied at varying levels of hardware abstraction; in our work,
we propose lightweight estimators across different workload-observability scenarios. [27] examine a latency-aware
routing objective with an output-length predictor and subsequent cost and latency estimator, demonstrating improved
response quality while respecting latency constraints.

Output-length prediction and size-aware scheduling. Since autoregressive generation latency depends on the
number of generated response tokens, predicted response lengths can provide valuable signals for designing non-FCFS
scheduling policies. [41] propose speculative shortest job first, which uses a lightweight response-length predictor
to estimate output sequence lengths. Learning to rank relative output lengths of queries in a batch provides a
similar shortest-job-first scheduler when exact output-length predictions are unavailable [15]. [43] use internal LLM
embeddings to predict the remaining number of decode tokens, eliminating the need for precomputed response lengths,
which may be inaccurate and lead to suboptimal scheduling. [17] predict output-length distributions and future
memory requirements based on historical query-length observations to improve latency-oriented serving. [9] present a
distributed scheduling framework for load balancing and auto-provisioning across model instances.
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B Query and Language Model Details

B.1 Model inference costs and average performance

Table 1 reports the tokenwise input and output costs for the language models used in our analysis. Table 2 presents
the average performance of models across the tasks under consideration, evaluated using the LLM-as-a-judge scheme
[29].

Table 1: Pricing for Qwen3 models (non-thinking mode) in USD per Million tokens on Alibaba Cloud Model Studio [3].

Model Prompt Response
Qwen3-0.6B 0.044 0.173
Qwen3-8B 0.072 0.287
Qwen3-32B 0.287 0.640

Table 2: Per-query task average scores as percentage (using LLM-as-judge [29]) for Qwen3-0.6B/8B/32B models [42] across
Alpaca [46], Govreport-Summarization [21], HotpotQA [49], WritingPrompts [13] tasks.

Query Task Qwen3-0.6B Qwen3-8B Qwen3-32B
Alpaca 53.49% 82.67% 88.85%
GovReport-Summarization 29.02% 86.62% 95.93%
HotpotQA (distractor) 40.98% 88.28% 92.69%
WritingPrompts 17.73% 57.47% 80.69%
Aggregate 35.31% 78.76% 89.54%

B.2 TTFT latency assignment for queries

For evaluations under the hard-constrained routing setting (eq. (3)), each request i is assigned a TTFT target τi. We
choose realistic and practically achievable TTFT constraints based on our experimental setup, including language
models and hardware. The chosen constraints are a simple linear function of the prompt length pi and include a
small amount of random variation. Specifically, we sample ui ∼ Unif(1ms, 5ms) and vi ∼ Unif(0.98, 1.02), and set

τi = min
{

1120ms, max
{

150ms, ui +
(
155 + 3.5× 10−3pi

)
vi

}}
.

Under this parameterization, the expected unclipped target is approximately

E[τi] ≈ 158 + 3.5× 10−3pi ms.

All TTFT targets are generated using a seeded pseudorandom number generator for reproducibility.
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B.3 Prompt (prefill) and Response (decode) Length Distributions

We present the query token length distributions across the tasks in Figure 9, and the model response length distributions
in Figure 10. The examined tasks and their responses present a wide range of workloads for a comprehensive evaluation
of the presented latency estimators and routing scheme.
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Figure 9: Query token length distributions across the tasks in our evaluations. Alpaca [46], GovReport-Summarization [21],
HotpotQA [49], and WritingPrompts [13] tasks present a diverse range of input lengths (∼ 10 to 104 tokens), simulating real
workloads and a comprehensive evaluation of our routing scheme and latency estimator.
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Figure 10: Response token lengths for examined Qwen3-0.6B/8B/32B language models [42] across tasks. Response lengths
vary based on the nature of the task (creative generation, summarization, etc.), covering a broad range of ∼ 102 to 103 tokens.

16



B.4 Accuracy, Cost, and Output Length Predictors

We utilize lightweight predictors for estimating model accuracy and output length for queries on arrival. We use
LightGBM [25] regressors over features that can be computed directly from the prompt, without requiring additional
sentence embedding models, to capture query semantics in a fixed-dimensional space. We rely on prompt tokens,
and map them into a 512-dimensional signed hashing vector, normalize by token count, and project the vector
to 16 dimensions using PCA down-projection calibrated on prompts from the initial modeling phase. These PCA
components are concatenated with prompt-derived features such as prompt token count, character count, sentence
count, average characters per token, length-constraint indicators, and task-type indicators (such as list, summarize, or
explain).

The feature vector for the accuracy estimator contains the prompt features, a categorical model-id feature, and
model characteristics such as logarithm of number of model parameters and maximum context length. We train
a LightGBM [25] Huber regressor on quality scores generated by an LLM judge as described in Section D. The
output-length predictor estimates the expected number of tokens in the generated response t̂ok

dec
i,j using the same

prompt features and categorical model-id feature as the accuracy predictor. We train a LightGBM mean head directly
on completion-token counts, and the runtime predictor uses this mean estimate for routing and cost prediction.

Given per-model prompt-token and output-token prices costin
j and costout

j in Table 1, the predicted request cost is
derived from the output-length prediction:

ĉosti,j = tokpre
qi,j · costin

j + t̂ok
dec
qi,j · costout

j ,

where tokpre
qi,j denotes the number of prefill tokens based on tokenization scheme at model instance j. These estimates

are used for calculating utility in eq. (2).

C Modeling Correlated Query Arrivals

We evaluate robustness to correlated/bursty query arrivals using a two-state Markov-modulated Poisson process
(MMPP-2). In an MMPP-2, arrivals are Poisson conditioned on a latent continuous-time Markov state Z(t) ∈ {L, H},
where L is a low-rate state and H is a high-rate burst state [14]. This model preserves a fixed long-run mean arrival
rate while introducing temporally correlated periods of low and high load, making it suitable for bursty, time-varying
request traffic. For each average arrival rate ᾱ ∈ {6, 7, 8} qps, we parameterize the MMPP-2 by the rate ratio
r = αH/αL, the high-state fraction pH = 0.2, and correlation time τ = 2s. Thus,

αL = ᾱ

(1− pH) + pHr
, αH = rαL.

The Markov transition rates are zL→H = 0.1 and zH→L = 0.4 per second, so the process spends 80% of time in the
low-rate state and 20% in the high-rate state. We use homogeneous Poisson arrivals as a low-burstiness baseline,
MMPP-2 with r = 3 as moderate burstiness, and MMPP-2 with r = 6 as high burstiness. Figure 7 shows the
performance of our proposed latency-aware routing policy utilizing Serving Framework Simulation based latency
estimator, against examined baselines.

Table 3: MMPP-2 arrival rates used in the arrival distribution ablation.

Mean QPS ᾱ Arrival setting Low-state QPS αL High-state QPS αH

6 r = 3 4.29 12.86
7 r = 3 5.00 15.00
8 r = 3 5.71 17.14
6 r = 6 3.00 18.00
7 r = 6 3.50 21.00
8 r = 6 4.00 24.00
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D Response Evaluation using LLM-as-a-judge

We utilize the Gemini 3.1 Pro Preview [16] LLM via the Gemini API to evaluate the responses generated by the
models in Section 5. The evaluation prompt is provided below. We obtain raw scores in the 0-10 range and normalize
them to [0, 1].

You are a strict evaluator.

Evaluate each candidate response against the REFERENCE RESPONSE for the given PROMPT.

Multiple candidate responses are provided for the same prompt. Score each one independently, but use the other
candidates as comparison context to better calibrate quality differences.

Focus on correctness and completeness. Ignore style, tone, and phrasing unless they affect meaning, accuracy, or
instruction-following.

Penalize contradictions, hallucinations, unsupported claims, and missing key points.

Use the full 0 to 10 scale and assign scores granularly across the range to capture meaningful differences in quality.

Do not bunch most responses into a narrow band.

Use decimals when useful.

Scoring anchors:

0 = completely wrong, irrelevant, or unusable
2 = mostly wrong with very little useful content
4 = partially correct but with major mistakes or omissions
6 = substantially correct but missing important details or containing minor errors
8 = strong, correct, and mostly complete with only small gaps
10 = fully correct, complete, and faithful to the prompt and reference

Choose any value from 0 to 10, including decimal values, based on where each response falls between these anchors.

Scores should reflect absolute quality while preserving real differences between candidates answering the same
prompt.

If two responses are extremely similar in quality, their scores may be close or equal.

If one response is clearly better or worse, reflect that in the scores.

Return ONLY valid JSON.

The JSON must contain exactly one top-level key, "scores".

The "scores" object must contain exactly these keys: "A", "B", and "C".

Use this exact structure:

{
"scores": {

"A": number from 0 to 10,
"B": number from 0 to 10,
"C": number from 0 to 10

}
}

DO NOT return any other text since this is for an evaluation task.
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E Limited Processor Sharing Abstraction for Autoregressive Generation

Job Arrivals

Waiting Queue Shared Processor
max parallelism = k

Figure 11: Limited Processor Sharing Scheme [52].
A new job directly begins serving by the processor
if fewer than k jobs were already present, otherwise
queued (in FCFS manner) until the number of
preceding jobs at the server drops below k.

This appendix derives the queueing-delay estimator used in Sec-
tion 4.2. We use a limited processor sharing (LPS) abstraction from
queueing theory [52], in which at most k jobs are served simultane-
ously, and any additional jobs wait in a FIFO buffer. This model
provides a close approximation for autoregressive response generation.
Modern serving engines employ iteration-level or continuous batch-
ing, so multiple sequences can be decoded concurrently; however, the
number of concurrent sequences is constrained by KV-cache memory,
token budget, and hardware capacity. Moreover, when fewer se-
quences are active, each sequence typically experiences higher kernel
parallelism, resulting in higher per-sequence throughput, whereas
under heavier load this throughput is divided across more active
sequences [2, 26]. Thus, a single model instance j ∈ J can be viewed
as a server of total capacity µj whose service is shared among up to
k active sequences, with any excess arrivals queued until capacity becomes available.

Limited processor sharing model. Consider a model instance j ∈ J . Queries arrive according to a Poisson
process of rate αj queries/sec. Let |Rj(t)| denote the number of queries currently present/residing in the system
(waiting or actively decoding), and let |Aj(t)| denote the queries that are being actively decoded. Under LPS with
parallelism cap k, the first |Aj(t)|=min{|Rj(t)|, k} jobs are in service and share the server equally; any additional
jobs wait in a FIFO queue. Each active job experiences an instantaneous service rate

µj

min{|Rj(t)|, k}
,

implying that the aggregate service rate remains µj whenever the system is nonempty.

Assumptions. The derivation of the waiting time estimate uses the following assumptions.

1. Poisson arrivals: query arrivals form a Poisson process of rate αj queries per second.

2. Memoryless service requirement: each query has an exponential service requirement, with mean as 1/µj in
the time average sense. Alternatively, generation work for queries follows the memoryless distribution [34].

3. Limited parallelism: at most k queries can be served simultaneously, and the remaining queries wait in a FIFO
queue.

4. Saturated aggregate capacity: whenever the active decode batch is nonempty, the instance provides approxi-
mately constant aggregate service rate µ, while this rate is shared across active sequences.

5. Stability condition: incoming rate of queries does not exceed the service capacity, i.e., the utilization ρj =
αj/µj < 1.

State process and stationary distribution. Queries arrive according to a Poisson process of rate αj , so whenever
a new query arrives, the state |Rj(t)| increases by one. For |Rj(t)| resident queries in the system, with |Aj(t)| active
queries, the total service capacity µj is shared equally among those active queries. Thus, the process {|Rj(t)|}t≥0
behaves as a birth–death chain with upward transition rate αj and downward transition rate µj for every nonzero
state. Hence, the stationary distribution of {|Rj(t)|}t≥0 is the same as that of an M/M/1 queue:

πn ≜ Pr(|Rj | = n) = (1− ρj)ρn
j , n = 0, 1, 2, . . . ,

where ρj = αj/µj < 1.

Queueing delay of an arriving query. Let Wi,j denote the queueing delay, i.e., the time from arrival until the
query qi first enters the active set at model instance j. By PASTA (Poisson Arrivals See Time Averages) [48], an
arrival sees state |Rj | = n with probability πn.
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If the query arrives and sees n < k, it enters service immediately, hence

E[Wi,j

∣∣ |Rj(t)| = n] = 0, n < k.

If it sees n ≥ k, then k jobs are already active, and n− k jobs are already waiting. Since the new query qi joins the
tail of the FIFO queue, it must wait for n− k + 1 service completions before entering service. While the query is
waiting, the server always has k active jobs, so completions occur as a Poisson process of rate µj . Hence

E
[
Wi,j

∣∣ |Rj(t)| = n
]

= n− k + 1
µj

, n ≥ k.

Averaging over the stationary state seen by arrivals gives

E[Wi,j ] =
∞∑

n=0
πn E[Wi,j

∣∣ |Rj(t)| = n] =
∞∑

n=k

(1− ρj)ρn
j

n− k + 1
µj

=
(1− ρj)ρk

j

µj

∞∑
m=0

ρm
j (m + 1) =

(1− ρj)ρk
j

µj
· 1

(1− ρj)2

=
ρk

j

µj(1− ρj) = (αj/µj)k

µj − αj
.

Thus, under the Poisson + memoryless-service LPS model,

E[Wi,j ] = (αj/µj)k

µj − αj
(12)

provided αj < µj .

Interpretation. Equation (12) has the expected limiting behavior. For k = 1, LPS reduces to ordinary M/M/1,
yielding E[Wq] = ρj/(µj − αj), the usual FCFS waiting time. As k → ∞, the waiting time vanishes: every query
enters service immediately, which matches ordinary processor sharing. For fixed ρj < 1, the queueing delay decays
geometrically in k through the factor ρk

j , reflecting the fact that waiting occurs only when all k active slots are already
occupied.

Connection to TTFT estimation. In eq. (1), TTFT is decomposed as queueing delay plus prefill computation
and first decode token generation time. If query i has prompt length tokpre

qi,j and instance j has prefill throughput
θpre

j tokens/sec, and average decode token batch processing time T̄ dec
j , then

P̂i,j =
tokpre

qi,j

θpre
j

+ T̄ dec
j .

Combining this with (12) gives the estimator

L̂ttft
i,j = Ŵi,j + P̂i,j = (αj/µj)k

µj − αj
+

tokpre
qi,j

θpre
j

+ T̄ dec
j .

Beyond Poisson arrivals and exponential/geometric service. For general response generation time distribu-
tions, the time until the next admission into generation depends on the residual decode sequence lengths of the k
active jobs, requiring additional analysis beyond the standard Poisson Arrivals and exponentially distributed per query
workload (i.e., geometrically distributed sequence length). The Limited Processor Sharing waiting time expression
above admits a useful variability-corrected approximation. Let Q denote the per-query service requirement, with mean
E[Q], and let ρj = αjE[Q], squared coefficients of variation of inter-arrival times and service requirement as c2

a and c2
s

respectively. A simple approximation that is exact in the important special cases k = 1 and Poisson+exponential
service is

E[Wi,j ] ≈ c2
a + c2

s

2 ·
ρk

j E[Q]
1− ρj

. (13)

When k = 1, this reduces to the standard G/G/1 waiting-time approximation, and for Poisson arrivals with exponential
service (c2

a = c2
s = 1) it recovers (12). Hence, (13) can be viewed as a first-order extension of the exact LPS formula that

accounts for arrival and service variability. In settings where the output-length distribution is strongly heavy-tailed or
the arrival process is bursty, a more accurate alternative is to estimate queueing delay by direct simulation or by
fitting more complex analytical representations of per query service requirement.
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F Implementation of the SFS Latency Estimator

We describe the implementation of the Serving Framework Simulation (SFS) latency estimator in Section 4.1.
Estimation is initiated by the router and uses periodically published query workload snapshots from model instances
to predict the time-to-first-token (TTFT) latency a new request would experience at each candidate model instance.
A desirable estimator should be computationally efficient and should not induce significant overhead for query routing.

Query workload snapshots. Each model instance captures and conveys to the router a compact summary of its
current query computation workload after each token iteration through shared memory for computational efficiency.
This snapshot contains the information utilized by the latency simulator at the router: the resident requests at the
instance, their remaining prefill computation workload, predicted decode work, and the scheduler state needed for
constructing token batches.

Robustness to incomplete snapshots. Since query workload snapshots are updated without pausing autoregres-
sive generation at model instances, the router must avoid using partially written snapshots for simulation. We use a
simple consistency mechanism in which each snapshot update is marked as either in-progress or complete. The router
accepts a snapshot only when it observes that the update has completed and that the snapshot was not modified
during the read. This allows the router to obtain a valid view of the instance state without blocking the serving
engine. The router maintains a local cached copy of the most recent complete snapshot from each model instance,
which is utilized for latency estimation upon arrival of new queries.

Latency estimation. When a new request qi arrives, the router evaluates each candidate model instance j by
simulating the batching and scheduling policies of the serving engine given the current workload, along with the new
query. The resulting sequence of batches until the first output token generation of the new query (eq. (7)) determines
the TTFT for qi. We utilize a calibrated estimator (eq. (9)) to compute batch processing times, yielding the TTFT
estimator (eq. (8)). This simulation accounts for queue order, admission limits, token-budget constraints, context
limits, KV-cache allocation state, and preemption behavior when applicable.

Code structure. The implementation separates three components: the serving engine, workload snapshot collection,
and routing-time evaluation. Each model instance periodically records its current query workload, and the router
keeps a cached copy of the latest snapshot from each instance, using them for TTFT latency simulation when a
new request arrives. The main routing logic, request dispatch, and policy evaluation are implemented using Python.
Critical components such as snapshot parsing and batching policy simulation are implemented in C++ and exposed
to Python endpoints. The simulation overhead (involving a loop over request states for construction of each token
batch) for latency estimation is minimized through our C++ implementation.

The system consists of ≈3.6K lines of Python and C++. In particular, the token batch construction loop for the
serving engine is implemented in ≈300 lines of C++ code. Adapting the estimator to a different serving engine or
scheduling policy only requires modifying this batching simulation logic with minor modifications to router integration.

G Additional Experimental Results

Varying λ in utility eq. (2). Figure 12 denotes the OnTimeUtility of our approach as compared to Latency-
Agnostic policy (Shortest Queue and Round Robin do not have λ parameter to control the accuracy–cost tradeoff).
We observe that across different choices of λ values, our approach maintains higher performance. Note that the utility
values naturally reduce as λ increases in eq. (2).

Query latency constraint attainment. We present the query latency attainment in Figure 13, which denotes
that our approach maintains high SLO attainment for queries through accurate estimates of latencies across model
instances that match with observed latencies. Combined with improved accuracy–cost utility, our approach shows the
highest OnTimeUtility across all baselines as demonstrated in Figure 5.

Routing composition across model instances. Figure 14 shows the fraction of queries from each task routed to
each model instance for our approach and the examined baselines.
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balance (λ) for our approach and latency agnostic routing.
Consistent improvement across varying accuracy–cost bal-
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Figure 14: Fraction of queries routed to different model instances across approaches. Shortest Queue and Round
Robin do not consider the accuracy–cost heterogeneity of models across queries while making routing decisions, hence routing
composition is identical across each task. Shortest Queue routes more queries to smaller models as their faster throughputs
result in smaller queues. In contrast, SFS jointly accounts for latency, accuracy, and cost, producing task-dependent routing
decisions by assigning longer or latency-sensitive queries to faster models while still using larger models when their quality
gains justify the cost.
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