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Abstract

With the rapid proliferation of large language
models (LLMs), model pools have become in-
creasingly heterogeneous in both capability and
efficiency. Larger LLMs can improve qual-
ity but incur higher latency and cost, while
smaller LLMs are the opposite, making per-
query model selection crucial in practice. This
has spawned LLM routers that dispatch each
query to an appropriate model. Existing routers
lack fine-grained resource awareness across de-
ployment settings, which degrades efficiency
metrics in real-world serving. To this end, we
propose FLARE, a length-centric, resource-
aware multi-LLM routing framework that uses
length-based models to estimate per-query la-
tency and cost. FLARE formulates routing as
a discrete multi-objective optimization prob-
lem to achieve an efficient trade-off. Experi-
ments show that FLARE reduces latency and
cost by up to 68% and 75% while achieving
sufficient accuracy, and can be easily applied
to new datasets and LLMs.

1 Introduction

Large Language Models (LLMs) have achieved
strong performance on a broad spectrum of chal-
lenging, domain-specific tasks (Liu et al., 2024;
Guo et al., 2025a; Xue et al., 2024; OpenAl, 2024).
Major LLM providers have introduced model fam-
ilies spanning a wide range of parameter scales,
such as the Qwen and Llama series (Bai et al.,
2023; Grattafiori et al., 2024). These models ex-
hibit heterogeneous behaviors (Figure 1) not only
in accuracy, but also in latency and monetary cost,
with performance varying across tasks, parameter
sizes, deployment environments, and query concur-
rency. In practice, such heterogeneity brings out
distinct service-level objectives (Huang et al., 2025;
Li et al., 2025) across application scenarios. For
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Figure 1: Each point shows an LLM in a 3D space of
average accuracy (z), normalized scaled latency (y), and
normalized scaled monetary cost (x).

instance, an e-commerce assistant (Sun et al., 2022)
can rely on a fine-tuned 3B model deployed to meet
strict tail-latency constraints (Xu et al., 2024). In
contrast, coding assistants requiring multi-step rea-
soning over long documents (Guo et al., 2025b;
Sun et al., 2025) can tolerate higher latency and
cost (Chen et al., 2023). Therefore, to achieve an
optimal trade-off among the objectives of accuracy,
latency, and cost, routing queries across heteroge-
neous models is a promising solution.

Building on this observation, recent model-
routing methods address this challenge by train-
ing custom routers that dispatch each query to a
selected LLM, aiming to improve response qual-
ity or reduce serving costs under coarse budget
constraints. However, existing approaches primar-
ily optimize router accuracy while ignoring effi-
ciency metrics. Some works abstract away the
resource consumption and focus on improving ac-
curacy performance (Ding et al., 2024; Ong et al.,
2025). Other routing methods model latency and
cost with coarse approximation that does not gener-
alize across workloads or infrastructures (Stripelis
et al., 2024; Song et al., 2025; Hu et al., 2024; Yu
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et al., 2025). As a result, without fine-grained la-
tency modeling, routers cannot adapt to varying of
query sizes and types at runtime.

These limitations underscore the need for an
LLM routing system that can achieve an efficient
trade-off between model accuracy and system-level
performance in real-world deployments.

To this end, we propose FLARE, a Fine-
Grained Length-Aware routing framework for
Resource-Efficient heterogeneous LLM serving.
Based on the observed proportional relationship
between output length and key efficiency metrics,
FLARE explicitly estimates per-query latency and
cost. This metric awareness allows FLARE to
formulate routing as a multi-objective optimiza-
tion problem. FLARE further provides scenario-
adaptive configurations, enabling it to dynamically
satisfy user-specified trade-offs such as efficiency-
first. FLARE estimates objective metrics by ex-
tracting and learning rich query- and model-level
features. This estimation method can be migrated
to out-of-distribution datasets and applied to newly
introduced LLMs via limited warm-up queries. Our
contributions are as follows:

e We present a length-aware, fine-grained model
of LLM efficiency metrics, enabling explicit per-
query performance characterization across hetero-
geneous LLMs.

e We propose a novel resource-aware multi-
objective routing policy that selects an appropriate
LLM to satisfy diverse serving objectives, ensuring
flexible performance-cost trade-offs.

e Through experiments on both in-distribution
and out-of-distribution workloads, FLARE consis-
tently outperforms baselines across key metrics.
Reducing mean latency by up to 68% and cost by
up to 75% while maintaining competitive accuracy;
experiments further validate the effectiveness of
cold-start adaptation for newly introduced LLMs.

2 Related Work

Cost-efficient LLM routing. LLM routing se-
lects an appropriate model for each query without
invoking all candidates. Prior work mainly follows
two paradigms. Non-predictive methods obtain
partial signals from models or retrieval to estimate
whether generation is necessary, such as cascaded
invocation under a quality threshold (Chen et al.,
2023; Narayan et al., 2025; Chuang et al., 2024)
or retrieval-first prechecks that bypass costly in-
ference (Zhao et al., 2024; Patidar et al., 2025).

Predictive methods train a lightweight router to
directly choose an LLLM based on query features.
These methods include binary routing between an
LLM pair (Ding et al., 2024; Ong et al., 2025)
and multi-expert selection trained with soft qual-
ity labels (Stripelis et al., 2024; Song et al., 2025;
Ding et al., 2025). These routers often treat each
LLM’s efficiency as a coarse constraint (Stripelis
et al., 2024; Ong et al., 2025; Hu et al., 2024; Wang
et al., 2025a; Fernandez et al., 2025).

These existing routers remain largely accuracy-
driven, with limited awareness of explicit efficiency
metrics. This limitation becomes more severe in
heterogeneous multi-LLM deployments. In this
paper, we try to bridge this gap by integrating per-
query latency and cost awareness, enabling cost-
efficient decisions across LLMs and workloads.

LLM efficiency metric prediction. To character-
ize inference budgets in LLM serving, prior works
usually use output length as a core signal to esti-
mate system-level metrics like end-to-end latency
and monetary cost (Han et al., 2025; Fu et al., 2024;
Wang et al., 2025b). S3 (Jin et al., 2023) predicts
output length with lightweight BERT models to
guide packing of inference requests. The method
by Zheng et al. (Zheng et al., 2023) trains a length-
perception head and uses the predicted length to
estimate generation latency and to form length-
homogeneous micro-batches. p-Serve (Qiu et al.,
2024) further combines length categorization with
serving-layer co-optimization of power and latency.

These methods prove that length prediction is
effective during practical LLM serving. Inspired
by these methods, we extend length prediction into
routing for heterogeneous LLM pools and diverse
workloads.

3 Preliminaries

To elucidate the insight of interplay among accu-
racy, latency, and cost, we conducted two com-
prehensive studies using typical LLLM inference
workloads. The observations provide empirical
motivation for our resource-aware trade-off design.

3.1 Observation 1: Latency and Cost
Dominate Once Accuracy Is Thresholded

Across diverse LLM inference workloads, we ob-
serve a pronounced accuracy-efficiency trade-off,
where latency and cost still vary substantially
among models that answer a query correctly. To
isolate this effect, we analyze model-query pairs
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Figure 2: Distribution of efficiency metrics over per-
query candidates that pass accuracy threshold in MMLU,
cost and latency is aggregated into a unified metric

with estimated accuracy above the threshold in the
MMLU dataset (Hendrycks et al., 2020). As shown
in Figure 2, within this accuracy-feasible set, joint
efficiency metrics show substantially larger dis-
persion than accuracy. This asymmetry suggests
that optimizing latency and cost among accuracy-
qualified candidates is feasible to achieve a better
trade-off.

3.2 Observation 2: Output Length Strongly
Predicts Latency and Cost

To support fine-grained resource-aware routing, we
require per-query estimates of latency and serving
cost. Modeling all efficiency factors directly is
impractical, but we confirm that output length is
a strong predictor for both latency and cost. We
profile each candidate LLM on full datasets, col-
lecting the generated length, end-to-end latency,
and monetary cost. Results in Figure 3 reveal that
latency scales approximately linearly with output
length. Output length also correlates strongly with
monetary cost since most APIs bill by generated
tokens. This observation motivates our per-query
latency and cost estimation, which makes efficiency
explicit and enables routing under different deploy-
ment scenarios.

4 Design

4.1 Problem Definition

Assume & denotes the query sets and M the LLM
pool. We partition M into a set of small language
models Mg, which deliver lower-quality responses
but at a lower cost, and a set of large language
models M, which prioritize response quality at a
higher cost.

For each query z € X and LLM m € M, we
consider the following variables:

e A, (x) € {0,1}, if m answers x correctly;
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Figure 3: DeepSeek-R1-671B’s end-to-end latency ver-
sus output length with a linear fit

e L,,(x), the number of generated words;

e Tn(x), the end-to-end latency;

¢ Cp,(x), the monetary cost.

Then we define a router as a function R: X —
M that selects one LLM per query. For each candi-
date m, we associate the objectives ( Pr[Ay,(z) =
1], Trn(z), Crm(z)). We treat routing as a discrete
multi-objective optimization problem over LLMs.

Given an accuracy threshold 7 € (0, 1), we de-
fine the accuracy-qualified set

Mi(x) ={m e M | Pr[4d,(z)=1] > 71}. (1)
Within M7 (x), we define domination over fea-
sible candidates: a model m dominates m/ if it is
no worse in both latency and cost and strictly bet-
ter in at least one. The per-query Pareto frontier
F:(x) is then the set of all non-dominated models,
representing the ideal routing trade-off surface in
the (T, C') space under the accuracy constraint.

Fo={meM,| An' €M, st
(Tm’acm’) < (TmaCm)> (2)
(Tm’acm’) 7& (vacm)}

To obtain a single operating point, we use a
weighted objective F,,, which effectively induces
a per-query model selection rule over M.

Py (z) = aTy(z) + B Cn(x). 3)

where («, 3) reflects the latency-cost preference of
the target scenario. We can also add an optional
accuracy weight w to incorporate accuracy into the
objective. The ideal routing decision is in:

Py (x). “4)

m*(x) = arg min
( ) ngMT(a})
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Figure 4: FLARE overview architecture.

To quantify how close a selected LLM is to
the ideal set, we use the inverted generational
distance (IGD) (Reyes Sierra and Coello Coello,
2005), which measures the average distance from
the Pareto-optimal reference set to the chosen LLM.
We compute it over all queries and weight each
query by the size of its ideal set as follows.

1
IGDoverall = W Z Z
TED T reDmeF, 5)

H(Tmf, Con,) = (T, G )

‘2'

where (T, C') are normalized versions of (T, C)
to account for scale differences. Meanwhile, the
formulation is tunable, where 7 sets the minimum
acceptable accuracy and («, /3) controls the trade-
off between latency and cost.

4.2 System Overview

Figure 4 shows FLARE’s overall design, where
we separate two main stages, offline pro-
filing and online serving. In the offline
profiling stage, FLARE measures variables
(A (z), Ly (), T (2), Cy (2)), fitting predictors
for accuracy and length. Then latency and cost
models are derived from the predicted length. In
the online serving stage, FLARE adapts its router to
each incoming query by filtering candidates based

on its accuracy constraint and optimizing a config-
urable latency-cost objective using predicted per-
candidate metrics, thereby providing a practical
approximation to Eq. (4).

4.3 Offline Profiling and Predictor Training

Data profiling and feature extraction. For each
query x and LLM m, we collect all metrics
from the LLM output, including generated length
Ly, (z), end-to-end latency T, (), and correctness
Ap ().

At this stage, FLARE’s goal is to extract fea-
tures that can guide online serving. For each
query, FLARE encodes a semantic embedding
e(z) € R3* using all-MiniLM-L6-v2. Addition-
ally, lightweight query attributes are extracted, in-
cluding prompt lengths and dataset types. As for
query difficulty, we compute a cross-LLM correct-
ness rate r(zr) = ﬁ > mem Am(x), and bucket
it into three levels.

For each LLM, we collect descriptors such as
parameter size, release year, coarse knowledge cov-
erage, and serving mode.

Assume ¢(z) denotes the explicit query at-
tributes and g(m) denotes the LLM descriptors.
We form a joint feature vector in Eq. (6).

Pz, m) = [C(l’), q(z), g(m)]7 (6)

which serves as inputs to the accuracy predictor
and output length predictor.
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Predictor training for accuracy and output
length Given ¢(z,m), we train both the ac-
curacy predictor and the output length predictor
across all LLMs and datasets. The accuracy pre-
dictor facc first outputs a correctness probability

Pm(x) € [0,1],
ﬁm(x) = facc(¢($am))7 (7)

and we mark the response as correct if p,, () > 7,

A~

Ap(z) = Lpm(z) > 7] (8)

The output length predictor fe,, maps ¢(z, m) to a
predicted output length,

A

Lm(x) = flen(¢(xvm))' )

Both predictors are deployed as lightweight XG-
Boost models. We also compare XGBoost with
a BERT-style predictor and find that XGBoost is
better suited to our tabular feature design. Imple-
mentation details and training results are further
reported in Appendix B.

Length-guided latency and cost modeling.
Since latency scales with output length in a model-
dependent manner, we fit a per-LLM linear latency
model:

~

T (2) = km L () + b, (10)

where (ky,, by,) are learned from offline profil-
ing by regressing the measured latency 7,,,(z) on
the real output length L,,(z). Overall, predict-
ing latency from predicted output length yields
R? = 0.616 on the full dataset, which indicates
that the predicted output length provides a mean-
ingful signal for latency modeling.

Since fitting (K, by, ) requires a set of latency-
length samples, FLARE introduces an extra online
policy for a newly introduced LLM. When a new
LLM is initialized, FLARE bootstraps (K, by,)
from a few early latency-length traces and then
refines the regression during serving. Hence, the
latency regression quickly converges with limited
data. This cold-start strategy allows FLARE to
expand model pools with low overhead.

As for the monetary cost, we compute it with
length-based pricing:

Con(w) = 7 bin(@) + 73" L (), (A1)
where /i, (z) is the input length and (7", 79%) are

LLM-specific prices.

We further discuss the impact of output-length
prediction error on FLARE’s performance in
Appendix F, which supports the reliability of
FLARE’s current length-prediction component.

4.4 Online Resource-aware Routing

Query characterization. For an incoming query
z, FLARE embeds it with an all-MiniLM-L6-
v2! encoder and retrieves its k nearest profiled
queries via KNN. For unseen datasets, FLARE in-
fers dataset types and difficulties from these neigh-
bors by aggregating their metadata and cross-LLM
correctness statistics. Together with prompt length,
the inferred attributes form the query-side features
in ¢(x, m). Details for KNN feature extractors are
in Appendix B.

Accuracy-based filtering. FLARE applies f,cc
to enforce the constraint A,,(x) > 7 in Eq. (1).
FLARE prefers feasible small LLMs mg € Mg
and falls back to large LLMs my € M, only when
no mg is qualified. If no m meets the constraint,
FLARE relaxes 7 and chooses the smallest P,, (z:).

Scenario-specific LLM routing. After estimat-
ing accuracy and efficiency metrics, FLARE offers
three routing modes to match different accuracy-
efficiency objectives.We provide a sensitivity anal-
ysis of 7, a, 3, and w in Appendix E.

(1) FLARE-Acc. For accuracy-critical set-
tings, FLARE applies a stricter accuracy filter and
selects the target LLM with Eq. (12).

m* = argmax pp,(x). (12)
m

(2) FLARE-EFFICIENT. When efficiency is
the priority under a basic accuracy requirement,
FLARE restricts to p,,(z) > 7 and minimizes the
resource objective in Eq. (3). The weights (a, 3)
are tuned on a validation set using IGD (Eq. (5)) to
obtain operating points near the Pareto frontier.

(3) FLARE-BALANCE. For users without a
clear preference, we provide a balanced setting
that minimizes a joint objective over efficiency and
accuracy, assuming é,,(x) = 1 — py,(x) denotes
the predicted error probability:

Po(z) = aTp(z) 4+ 8 Cp() + wépm(z), (13)

where we select the target LLM m* =
arg min,, P, (z). We tune (o, 3,w) on the vali-
dation set via IGD to recommend a near-frontier
operating point.

1https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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5 Experiments

5.1 Experimental Setup

We evaluate FLARE on five in-distribution (ID)
benchmarks that span common LLM use cases.
GSMSK focuses on math (Cobbe et al., 2021),
ARC-Easy focuses on science QA (Clark et al.,
2018), MBPP evaluates programming (Austin
et al., 2021), MMLU tests multi-domain knowl-
edge (Hendrycks et al., 2020), and MUSR tar-
gets multi-step reasoning (Sprague et al., 2023).
To assess robustness under distribution shift, we
additionally use two out-of-distribution (OOD)
datasets. Commonsense_QA probes commonsense
reasoning (Talmor et al., 2019), and MATH covers
competition-level mathematics (Hendrycks et al.,
2021).

For each ID dataset, we use an 8:1:1 train/val/test
split and then combine the splits across datasets.
We train FLARE on the ID training set and tune 7
and Eq. (3) on the ID validation set. OOD datasets
are used only for testing.

Models. To emulate heterogeneous deployments,
we group models into three tiers. The cloud-
LLM tier includes API-accessed models (e.g.,
DeepSeek-R1-671B, Gemma3-27B) with high ac-
curacy but higher latency and cost, which repre-
sents the cloud-based closed-source LLM. On the
edge, we define two small language model (SLM)
tiers to reflect practical on-device memory bud-
gets. Capable SLMs run on an Apple M4 plat-
form (e.g., Qwen2.5-7B-Instruct, Mathstral-7B,
Llama3-8B, Phi-4:latest). Cost-efficient SLMs run
on a consumer RTX 3060 GPU (e.g., Qwen2.5-3B-
Instruct, Llama3.2-3B, DeepSeek-R1-1.5B, Phi-4-
Mini). This tiered setup preserves hardware-driven
latency differences that would be obscured on a
single high-end device. All locally served models
use matched settings (see Appendix A).

Baselines. To our knowledge, FLARE is the
first multi-LLM router to optimize per-query la-
tency and monetary cost as first-class objectives.
We therefore compare against prior routers and
FLARE-style heuristics that share the same accu-
racy filtering, isolating the effect of resource-aware
selection.

(1) State-of-the-art routers. Tensor-
Opera (Stripelis et al., 2024) is quality-driven,
using BERT-score-style supervision to route for
correctness without modeling per-query latency
or cost. RouterBench (Hu et al., 2024) is a coarse

cost-aware baseline that selects a fixed per-task
model set from an accuracy-cost Pareto frontier,
ignoring latency and per-query cost variation.

(2) FLARE-derived baselines. These meth-
ods share the same accuracy-threshold filter with
FLARE and differ only in feasible-set selection.
Cand-Random samples uniformly; Acc-Best picks
the feasible model with the highest p,, (x). Oracle
uses ground-truth metrics and minimizes Eq. (3)
with Pareto-tuned weights, serving as an ideal strat-

cgy.

Metrics. We evaluate routers along task accuracy,
efficiency metrics, and routing behavior.

For accuracy, we use benchmark-standard met-
rics. We report exact match or pass@1 on GSMS8K,
MATH, and MBPP, and multiple-choice accuracy
on MMLU, ARC-Easy, and Commonsense_QA.

For efficiency metrics, we report mean end-to-
end latency and mean per-query monetary cost.
Cost is computed from length-based pricing using
input/output rates collected from OpenRouter? or
provider websites. (see Appendix A)

For routing behavior, we report the fraction of
queries routed to each model and compare it with
an Oracle allocation. We also report IGD (Eq. (5))
to measure how close the router’s choices are to the
per-query Pareto frontier in the latency-cost space.

5.2 Experimental Results

Overall performance on ID and OOD work-
loads. Table 1 and 2 show that FLARE achieves
a better accuracy-efficiency trade-off than prior
routers on both ID and OOD workloads. On ID
datasets, compared with Acc-Best, FLARE-Acc
preserves similar accuracy and reduces latency and
cost by up to 59% and 69% respectively. FLARE-
Efficient targets resource minimization. Compared
with RouterBench and TensorOpera, it reduces la-
tency by 26%-68% and cost by 44-75%. These
gains require only a modest accuracy sacrifice of
5%-20% across datasets, which is acceptable for
efficiency-oriented deployments. FLARE-Balance
provides a balanced trade-off and yields consis-
tently smaller IGD, indicating selections closer to
the per-query Pareto frontier in the (7', C') space.
In contrast, TensorOpera is accuracy-centric and
tends to incur higher resource usage, while Router-
Bench fixes a small per-dataset model subset on an
offline accuracy-cost frontier; it particularly shows

2https://openrouter.ai/models
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Table 1: Overall routing performance across five ID datasets. Best and second-best results are computed among
non-oracle methods: Best per column is bold; second-best is underlined. The 1 symbol indicates that higher values
are better, while | indicates that lower values are better. Cost is reported in units of 10~* USD, and latency is

measured in seconds.

Settings ARC-Easy GSMSK MBPP MMLU MuSR

Acct Lat| Cost| IGD | Acc?t Lat| Cost| IGD | Acct Lat| Cost| IGD | Acc?t Lat| Cost| IGD | Acct Lat| Cost| IGD |
Tensor Opera. 0.936 5.54 0.677 0.206 0.948 6.78 0.306 0.199 0422 4.25 0.596 0.146 0.83515.22 8.60 0.371 0.604 22.54 14.86  0.396
RouterBench 0.843 4.77 0.165 0.187 0.876 4.73 0.097 0.123 0.405 2.25 0.063 0.072 0.684 8.61 0.411 0.251 0.41511.24 0.502 0.199
Acc-Best 0.962 6.95 0.902 0.268 0.950 8.43 0.366 0.256 0.433 5.76 0.950 0.219 0.862 17.80 10.23  0.455 0.630 24.32 16.05 0.471
Cand-Random  0.891 6.57 2.43 0.289 0.858 7.43 241 0.229 0.388 5.46 1.66 0.183 0.778 13.98 6.59 0.378 0.600 19.54 12.34  0.400
FLARE-Acc 0981 3.83 0.373 0.140 0.960 3.46 0.309 0.082 0.421 0.80 0.037 0.017 0.885 7.93 3.18 0.155 0.680 12.98 7.47 0.191
FLARE-Efficient 0.883 1.54 0.092 0.045 0.776 2.27 0.058 0.048 0.353 0.78 0.016 0.038 0.732 6.23 2.60 0.117 0.542 10.04 5.07 0.164
FLARE-Balance 0.947 2.02 0.217 0.029 0.922 2.86 0.154 0.032 0.401 1.13 0.031 0.029 0.820 6.39 2.60 0.103 0.603 10.43 5.67 0.164
Oracle 0.989 1.57 0.115 0.020 0.990 1.51 0.076 0.008 0.533 0.872 0.16 0.003 0.970 3.27 0.773 0.016 0.921 4.32 0.839 0.028

Table 2: Routing performance on OOD datasets.

R commonsense_qa math

Settings

Acc? Lat| Cost| IGD | Acct Lat| Cost| IGD |
TensorOpera. 0.875 10.67 4.05 0.260 0.883 8.55 4.39  0.263
RouterBench 0.750 10.52 0.369 0.238 0.490 4.05 0.097 0.127
Acc-Best 0.880 11.39 3.69 0.305 0.890 9.75 4.95 0.314
Cand-Random  0.737 10.57 5.11 0.316 0.801 7.91 4.404 0.300
FLARE-Acc 0.903 6.16 0.739 0.131 0.891 4.67 0.782 0.123
FLARE-Efficient 0.761 4.26 0.500 0.081 0.795 2.57 0.495 0.081
FLARE-Balance 0.855 5.40 0.571 0.062 0.861 3.11 0.547 0.061
Oracle 0.968 3.44 0.307 0.031 0.977 2.37 0.344 0.027

the lowest cost, but often comes from over-routing
to a few cheap small models.

Moreover, FLARE shows consistent trends un-
der OOD shift. FLARE’s three modes remain con-
sistent under OOD shift, spanning accuracy-first,
efficiency-first, and balanced Pareto-optimal rout-
ing with the lowest IGD. RouterBench remains
cost-efficient in OOD, but its fixed per-dataset se-
lection yields a sharp accuracy drop.

Routing behavior analysis. Figure 5 illus-
trates how routing strategies allocate queries.
Accuracy-driven baselines concentrate traffic on
the most capable cloud models (e.g., Gemma3-27B,
DeepSeek-R1-671B) which raises latency and cost.
RouterBench routes within a small fixed subset of
low-cost models, producing rigid allocations and
under-serving hard queries. FLARE adapts choices
per request. FLARE-Balance yields a distribution
closest to Oracle by emphasizing the same Pareto-
relevant models,aligns with its low IGD. FLARE-
Acc shifts massively toward capable edge mod-
els (e.g., Phi-4, Llama3-8B) to protect accuracy,
whereas FLARE-Efficient favors smaller models
(e.g., Qwen2.5-3B, DeepSeek-R1-1.5B) to mini-
mize resource usage. We further conduct a qualita-

tive case study of router decision in Appendix D.

5.3 Ablation Results

To quantify the contribution of FLARE’s key com-
ponents, we ablate three mechanisms and report
results averaged over datasets.

(1) Pareto selection. This component is used
by FLARE-BALANCE and FLARE-EFFICIENT.
FLARE-AcCC does not use it because it optimizes
accuracy directly. We ablate Pareto selection by
setting « = 0 or 8 = 0 in Egs. (3) and (13) to
collapse routing into a single-efficiency objective.

(2) Accuracy-threshold filtering. This com-
ponent is utilized by FLARE-Acc and FLARE-
ErriCIENT. FLARE-BALANCE does not use
it because accuracy is already incorporated in its
objective and parameter tuning. We ablate filtering
by removing the threshold constraint.

(3) Per-query length awareness. This com-
ponent is utilized by FLARE-BALANCE and
FLARE-EFFICIENT, related to length-based effi-
ciency prediction. We replace Ly, (z) with a model-
level mean length to assess the impact of removing
per-query length signals on latency and cost esti-
mation.

Figure 6 shows consistent trends. Removing
Pareto selection yields unbalanced latency—cost
trade-offs. Removing the threshold increases la-
tency and cost for FLARE-ACC and causes large
accuracy drops for FLARE-EFFICIENT. Replac-
ing per-query length with mean length preserves
accuracy but worsens latency and cost, indicating
that instance-level length prediction is critical.

5.4 Cold Start for LLM Scalability

To evaluate the effectiveness of our cold-start strat-
egy for new models, we perform a leave-one-
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Figure 5: Model selection distribution across routing strategies.
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Figure 6: Ablation results averaged over all datasets. Rows correspond to ablated components (w/o Pareto, w/o
Threshold, w/o Len-Choice), and columns report metrics (Accuracy, Latency, Cost). The x-axis shows FLARE
variants involved in each ablation. Cost values are reported in units of 1072, and latency is reported in second.

model-out study. We treat each LLM in turn as
newly introduced and use remaining LLMs as in-
system pool. For target LLM, we split its data into
individual train and test set. We process train set
in batches of 25 requests in step and incrementally
update FLARE’s accuracy and length predictors.
We then evaluate the predictors on the test set after
each batch. Figure 7 reports length-based latency
MAE and accuracy F1 over steps for Llama3-8b
(Others in Appendix C). We observe the predictors
typically reach near in-system performance after
about 200 requests, indicating that FLARE adapts
quickly to unseen models with limited data. As for
retraining overhead of XGBoost, online adaptation
is lightweight. XGBoost updates run on CPU and
can be overlapped with GPU inference.

5.5 Routing overhead of FLARE.

We measure the runtime overhead of FLARE’s
router, including feature preparation, XGBoost in-

ference, and the routing decision. Across three
runs of test queries, the average routing overhead is
18.12 + 0.02 milliseconds per query, compared to
1500 milliseconds mean end-to-end latency of the
fastest model Qwen2.5:3B in our pool; thus, the
routing overhead is negligible in our setting.

6 Conclusion

We presented FLARE, a fine-grained length-aware
and resource-aware router for heterogeneous multi-
LLM systems. By combining length-based effi-
ciency modeling with accuracy-thresholded selec-
tion, FLARE turns routing into a constrained re-
source optimization problem at per-request gran-
ularity. Experiments show that FLARE reduces
mean latency by up to 68% and cost by up to 75%
while achieving sufficient accuracy, and it gener-
alizes well to out-of-distribution workloads and
newly introduced LLM:s.
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and latency modeling over steps.

Limitations

Length and latency modeling. Despite our ef-
forts to control deployment conditions, output-
length and latency prediction remains a complex
problem influenced by many external factors be-
yond the router’s control, such as runtime con-
tention and system-level variability; therefore,
there is still substantial room to further improve
prediction accuracy. Future work could incorporate
hardware-level signals and serving mechanisms
such as KV-cache dynamics and early stopping to
strengthen the length—latency mapping, and poten-
tially extend FLARE to multi-turn or per-token
routing.

Accuracy modeling. We model accuracy as a bi-
nary outcome and do not leverage response content
to characterize finer-grained answer quality. In Fu-
ture work, FLARE’s resource-aware formulation
can be combined with richer quality estimators to
jointly improve sensitivity to accuracy, latency, and
cost.

Workload coverage. Our evaluation uses stan-
dard labeled benchmarks whose queries are rela-
tively short and cannot fully represent the diversity
of real-world traffic. Expanding to broader, more
realistic workloads is an important next step for
validating FLARE in production settings.

Configuration granularity. While FLARE pro-
vides three preset operating modes that cover many

practical needs, users cannot directly tune parame-
ters such as («, ) to perform a finer-grained and
more complete scan of the cost-performance trade-
off surface. This suggests that more systematic
exploration and calibration of latency-cost objec-
tives and their weighting is needed to better support
concise deployment preferences.
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A Experimental details

A.1 Candidate LLMs and their Pricing

We summarize the key characteristics of our can-
didate LLMs in Table 3, including model scale
(parameter count), release date, model type, and
token-based input/output pricing. To facilitate com-
parison and analysis, we categorize models into
three tiers by size: Cost-Efficient LLMs (< 7B) for
ultra-low-cost, high-throughput settings; Capable
Small LLMs (7B—20B) offering a more balanced
trade-off between capability and cost; and Large
LLMs (> 20B) providing stronger reasoning and
performance but typically at higher expense. This
tiering helps routing/selection quickly align model
choices with application-specific quality—efficiency
requirements.

A.2 Dataset Details
Table 4 shows the details of datasets.

A.3 Prompt for metric collection

We use the following prompts to collect per-query
results, including latency, correctness, and cost. As
shown in Figure 8, we design three task-specific
variants for code, math, and general multiple-
choice questions. When crafting these prompts,
we aim to elicit only the necessary outputs from
the LLM and adopt a relatively structured format,
which facilitates reliable parsing and automated
extraction of the target fields.

B Predictor implementation details.

B.1 Feature Construction

For each query, we extract a hybrid feature
vector that combines semantic, categorical, and
scalar signals. Specifically, we use a Sentence-
Transformer encoder all-MiniLM-L6-v2 to obtain
a 384-dimensional query embedding. For categor-
ical attributes (e.g., dataset kind and query diffi-
culty), we adopt one-hot encodings. For scalar fea-
tures (e.g., model parameter scale and input query
length), we apply standard normalization. Finally,
we concatenate the embedding, one-hot categori-
cal features, and normalized scalars into a single
tabular feature vector.
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Table 3: Candidate LLMs and their relevant features.

Tier Model Params (B) Release Date  Type Input ($/1M)  Output ($/1M)
Large LLM (>20B)

Large LLM deepSeek-R1-671B 671.0 2025/01/20  reasoning 0.56 2.19
Large LLM gemma3:27b 27.0 2025/03/12  general 0.04 0.15
Capable Small LLM (7B-20B)

Capable Small LLM  1llama3:8b 8.0 2024/04/18  general 0.03 0.06
Capable Small LLM  mathstral:7b 7.0 2024/07/16  math 0.15 0.15
Capable Small LLM  phi4:latest 14.0 2024/12/12  reasoning 0.06 0.14
Capable Small LLM  qwen2.5:7b-instruct 7.6 2024/11/22  general 0.04 0.10
Cost-Efficient LLM (<7B)

Cost-Efficient LLM  deepseek-r1:1.5b 1.78 2025/01/20  reasoning 0.01 0.01
Cost-Efficient LLM  1lama3.2:3b 3.0 2024/09/25  general 0.02 0.02
Cost-Efficient LLM  phi4-mini:latest 3.8 2025/03/11 reasoning 0.01 0.01
Cost-Efficient LLM  qwen2.5:3b-instruct 3.09 2024/11/22  general 0.02 0.02

Table 4: Datasets used in our evaluation. We report task type, evaluation metric, and the sizes of train/val/test splits

for in-distribution and out-of-distribution settings.

In-distribution

Dataset Task type Metric Train Val  Test
ARC-Easy Reasoning accuracy 4157 519 521
GSMSK Math accuracy 7033 879 880
MBPP Code pass@1 771 96 97
MMLU Multitask accuracy 12686 1585 1587
MuSR Multi-step Reasoning accuracy 604 75 77
Out-of-distribution

Dataset Task type Metric Train Val  Test

CommonsenseQA  Reasoning choice accuracy - - 2000

MATH Math pass@1 - - 2000

Cold-start on unseen datasets. For out-of-
distribution datasets, some features like query diffi-
culty and dataset kind cannot be directly accessed.
Here we predict dataset and q_difficult using KNN
classifiers trained on seen data, and then feed the
predicted labels into the one-hot pipeline. For
dataset identification, KNN achieves an accuracy
of 0.9689 with n_neighbors = 30, cosine dis-
tance, and distance-weighted voting. For difficulty
prediction, KNN yields Macro-F1= 0.6849 us-
ing n_neighbors = 25 (also cosine distance with
distance-weighted voting), indicating there is still
room for improvement in difficulty modeling.

B.2 LLM OQOutput Length Predictor

We model the output length as a regression prob-
lem. Given the constructed tabular feature vec-
tor, we adopt an XGBoost regressor due to its
strong performance on mixed-feature tabular data.
We use a moderately deep boosted tree ensemble

with a large number of estimators and conservative
learning rate to capture non-linear feature interac-
tions while avoiding underfitting: max_depth==8,
learning_rate=0.05, subsample=0.8, and colsam-
ple_bytree=0.8. We train with squared error objec-
tive and RMSE as the evaluation metric.

Comparison with a BERT baseline. To justify
the design choice, we compare XGBoost against a
BERT-based baseline that follows a standard setup:
we encode the query using a BERT encoder and
attach an MLP head to regress output length. Ta-
ble 6 reports that XGBoost consistently achieves
lower error and higher R?. We attribute the gain
to the fact that the tabular feature explicitly incor-
porates informative non-text signals, and allows
XGBoost to exploit feature interactions that are
highly predictive of output length.

22260



Respond in TWO parts:

1) On the FIRST line, print ONLY the final choice
marker in the form ###<LETTER> (e.g., ###A). Do
NOT add anything else on this line.

2) Starting from the SECOND line, provide your full

reasoning/analysis step by step.

You are a Python coding assistant.

Write Python code that solves the problem below
Output ONLY valid Python code (no markdown
fences, no extra text)

The problem is as follows:

Table 5: Per-model linear fit for latency—output length:
Latency,, ~ 1072 - k,,, - OutputTokens + b,y,.

Model R?1 [k (s/token) b (s)

deepseekR1:1.5b  0.97 0.6 0.259
phi4-mini:latest 0.95 0.9 0.114
gemma3:27b 0.92 7.6 -0.539
qwen2.5:7b 0.89 1.2 0.093
llama3.2:3b 0.87 0.8 0.051

qwen2.5:3b 0.83 0.9 0.07

Ilama3:8b 0.82 1.6 0.197
mathstral:7b 0.82 1.2 -0.040
phi4:latest 0.82 2.1 -0.114
deepSeekR1:671b  0.71 8.3 -0.556

Table 6: Output-length prediction performance (lower
MAE/MSE is better; higher R? is better).

At the very end, on a separate line, output ONLY
the final answer in the form ###ANSWER.

The problem is as follows:

Figure 8: Prompts used for result extraction across task
types: general multiple-choice, code, and math.

B.3 Relationship Between Output Length and
End-to-end Latency

To reveal the quantitative relationship between out-
put length and end-to-end latency, we estimate
(Km, biy) using ordinary least squares on the train-
ing split for each model and report the goodness-of-
fit on held-out data in Table 5. Across a wide range
of models, the linear fit achieves strong R? (of-
ten > 0.8), suggesting output length is a dominant
driver of latency variability.

Length-based latency estimation. Using the
learned length—latency mapping, we further obtain
an overall R? = 0.5791 when predicting end-to-
end latency from (predicted) output length. No-
tably, this value is close to the R? of our output-
length predictor (Table 6), which implies that im-
proving length prediction accuracy can directly
translate into more accurate latency estimation,
consistent with our discussion in the limitations

...... Method MAE| MSE| R?%
XGBoost 101.2 60193 0.6122
BERT + MLP  107.5 67530 0.5649
You are a competition mathematics assistant.
Solve the following problem step by step. section.

B.4 LLM Accuracy Predictor

We formulate accuracy prediction as a binary clas-
sification task and adopt an XGBoost classifier. We
use a deep boosted tree ensemble with a conser-
vative learning rate to capture non-linear feature
interactions, with max_depth as 8 and learning_rate
as 0.05; we also apply row/column subsampling to
improve generalization.

Comparison with alternative predictors. We
compare XGBoost with (1) a BERT-based classifier
using the final hidden layer representation followed
by an MLP head, and (2) a traditional KNN-based
predictor used in prior routing pipelines. Table 7
shows that XGBoost provides the best overall dis-
crimination, achieving the highest AUC and F1.

C Full Cold-start Results.

Due to space constraints, we report four representa-
tive models with different parameter scales, includ-
ing deepseek-r1:1.5b, llama3.2:3b, llama3:8b, and
gemma3:27b. Figure 9 summarizes their cold-start
behavior in terms of accuracy (F1) and latency pre-
diction error (MAE) as the profiling steps increase.

Overall, most models exhibit a clear stabiliza-
tion trend around step = 8 (i.e., ~200 profiling
requests), after which both F1 and latency MAE
change only marginally. At convergence, the cold-
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Figure 9: Full cold-start results on four representative models with different parameter scales. For each model,
we report the accuracy predictor F1 and latency prediction MAE as profiling progresses. The x-axis shows the
cold-start step. Horizontal dashed lines indicate the corresponding in-system reference of each model.

Table 7: Accuracy prediction performance (higher is
better).

Method ACC+ Flt AUC?
XGBoost (tabular) 0.8609 0.8856 0.9351
BERT + MLP 0.8511 0.8356 0.9254
KNN 0.6113 0.5627 0.7037

start performance is close to the corresponding in-
system reference for the same model, with the gap
typically within 10%. For cases where the curves
do not show an obvious monotonic convergence
(e.g., the F1 of deepseek-r1:1.5b), the discrepancy
to the in-system reference is already small (below
4%) even at early steps. In addition, for models
that start with a relatively large initial gap (e.g.,
Ilama3.2:3b), the cold-start procedure gradually
closes the gap and reaches a level comparable to
the in-system performance.

These results suggest that our cold-start strategy
can effectively adapt to unseen LLMs with a small
amount of profiling, and scales well across models
of different sizes.

D Qualitative case study of routing
decisions

To provide a more interpretable view of FLARE’s
query-level behavior, we present a qualitative case
study with three representative queries that span dif-
ferent difficulty levels. Following the cross-LLM
correctness statistics used in the main text, we

treat larger query difficulty values as indicating
that fewer candidate LLMs can solve the query cor-
rectly. For each example, we compare the Oracle
choice, the LLM selected by FLARE-Balance, and
a representative Cand-Random assignment.

Table 8 shows three typical patterns. First, for
difficult reasoning-heavy queries, FLARE-Balance
tends to route requests to the strongest LLM when
weaker candidates are unlikely to satisfy the accu-
racy requirement. For example, gsm8k-97 has a
difficulty score of 0.9 and requires multi-step nu-
merical reasoning. In this case, FLARE-Balance
selects deepSeek-R1-671B, matching the Oracle
decision, whereas Cand-Random assigns the query
to llama3:8b, which is more efficient but insuffi-
ciently capable for this query.

Second, for medium-difficulty knowledge ques-
tions, FLARE-Balance often selects a capa-
ble small LLM that preserves accuracy while
avoiding unnecessary resource usage. For
ACTAAP_2009_5_15 (difficulty 0.7), FLARE-
Balance selects qwen2.5:7b, which also matches
the Oracle decision. In contrast, Cand-Random
chooses gemma3:27b, incurring higher latency and
cost without a corresponding accuracy benefit.

Third, for easy interpretation-style questions,
FLARE-Balance may select a smaller LLM than
the Oracle choice while still maintaining the in-
tended efficiency objective. For Mercury_402144
(difficulty 0.2), the Oracle selects llama3.2:3b,
while FLARE-Balance chooses qwen2.5:3b. Al-
though the selected LLM does not exactly match
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Table 8: Representative query-level routing cases comparing Oracle, FLARE-Balance, and Cand-Random. Larger
difficulty values indicate harder queries.

ID

Query

Diff.  Oracle

FLARE-Bal.

Random

gsm8k_97

Nancy is shelving books from the cart. She shelved 12 history
books, 8 romance books, and 4 poetry books from the top section
of the cart. Half the books on the bottom section of the cart were
mystery books, which she quickly put back into place. Then,
she shelved the remaining books from the bottom of the cart,
including 5 Western novels and 6 biographies. How many books
did she have on the book cart when she started?

0.9

deepSeek
-R1-671B

deepSeek
-R1-671B

1lama3:8b

ACTAAP

Question: Which is the best description of the brightness of the

0.7

gwen2.5:7b

qwen2.5:7b

gemma3:27b

_2009_5_15 Sun?
A. It is less bright than planets.
B. It is brighter than other stars.

C. It is of average brightness compared to planets.

D. It is of average brightness compared to other stars.

Mercury
_402144  does the equation show?

A. heat being added to oxygen

B. helium mixing with oxygen

C. heat combining with oxygen

D. hydrogen and oxygen combining

Question: Look at the equation. 2Hs + O2 — 2H20O. What 0.2

llama3.2:3b qwen2.5:3b mathstral:7b

Table 9: Hyperparameter settings for the three FLARE
routing strategies.

Strategy e I3 w T
FLARE-Efficient 0.55 045 - 050
FLARE-Balance 0.4 0.25 035 0.50
FLARE-Acc 00 00 1.0 -
Oracle 05 03 025 -

the Oracle assignment, the decision remains con-
sistent with the low-difficulty nature of the query
and preserves the desired latency-cost trade-off. By
contrast, Cand-Random routes the same query to
mathstral:7b, which increases resource usage with-
out improving answer quality.

Overall, these examples illustrate that FLARE-
Balance produces query-dependent routing deci-
sions aligned with the intended accuracy-efficiency
trade-off: it escalates to stronger LLM for hard
queries, prefers capable small LLMs for medium-
difficulty cases, and uses lightweight LLM for easy
queries whenever possible.

E Parameter Configuration.

E.1 Hyperparameter Choice.

Table 9 shows the final parameter choice for three
FLARE modes over all datasets. We perform a grid
search for the routing hyperparameters. Specifi-
cally, we enumerate («, 3, w) on a 0.05 grid over

[0, 1] (inclusive) subject to o + 5 + w = 1, and
search the accuracy threshold 7 on the same 0.05
grid over [0, 1] (inclusive).

E.2 Sensitivity Analysis.

We perform a one-at-a-time sensitivity analysis on
the routing hyperparameters: the candidate thresh-
old 7 and the utility weights («, 5, w). For each
run, we route all queries and report the mean Accu-
racy, Cost, and Latency.

When scanning the threshold 7, we set w = 0
so that accuracy affects routing only through can-
didate filtering, and we keep 8 = a = 0.5. Candi-
dates are defined as models whose predicted cor-
rectness probability satisfies p,,(x) > 7, and we
select the model with the minimum utility score
among candidates.

When scanning 3 or o, we fix 7 = 0.5 and set
w = % We vary one weight at a time and allocate
the remaining weight mass to the other efficiency
term so that a+5+w=1 holds. When scanning w,
we fix T = 0andset = 8 = l_thokeepthe
weights normalized.

Figure 10 reveals clear and interpretable trends
under one-at-a-time perturbations, highlighting two
distinct mechanisms: (1) the threshold 7 reshapes
the candidate set, potentially triggering fallback
behavior when candidates become scarce; and
(2) the utility weights («, 5, w) continuously steer
the router’s preference among efficiency and qual-
ity.(3) Notably, varying « and 5 induces only minor
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Figure 10: Sensitivity of routing performance to the candidate threshold 7 and utility weights. Each row varies one
parameter (7, a3, or w), while each column reports the resulting mean Accuracy, Cost, and Latency. The x-axis
shows the scanned value of the corresponding parameter, with all other settings held fixed.

changes (within +5%) in their corresponding effi-
ciency metrics, suggesting that the router is robust
in identifying near-optimal cost/latency options,
whereas 7 and w cause substantially larger fluctu-
ations in accuracy, indicating that the framework
offers stronger and more direct control over the
accuracy requirement and its trade-off with effi-
ciency.

Threshold 7. As 7 increases from low to mod-
erate values, the mean Accuracy rises sharply, in-
dicating that the probability-based filtering effec-
tively removes low-confidence candidates and bi-
ases routing toward higher-quality models. In the
same regime, both mean Cost and mean Latency in-
crease, suggesting that the remaining feasible can-
didates tend to be more expensive and/or slower.
When 7 becomes high, however, Cost and Latency
drop noticeably while Accuracy slightly decreases.
This reversal is consistent with candidate scarcity:

an overly strict threshold leaves fewer (or no) fea-
sible candidates for many queries, increasing the
frequency of falling back to the minimum-score
choice over the full model set, which improves effi-
ciency but sacrifices quality. Overall, 7 exhibits a
characteristic “sweet spot”: too small yields insuf-
ficient quality control, while too large over-prunes
candidates and weakens quality gains.

Varying o. Increasing « yields a strong, mono-
tonic reduction in mean Latency with diminishing
returns (rapid gains at small-to-moderate weights,
followed by a flatter tail). In contrast, mean Ac-
curacy decreases approximately monotonically, re-
flecting the expected trade-off when prioritizing
faster models. Mean Cost again follows a U-
shaped pattern: it is elevated when latency is under-
weighted (more expensive models may be chosen
for quality or speed), and it rises again at high «
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Table 10: Sensitivity of FLARE-Efficient and FLARE-Balance to controlled output-length prediction noise. We
emulate different predictor qualities by injecting zero-mean noise into ground-truth lengths and report the resulting

latency-cost-IGD trade-offs under fixed routing modes.

2 FLARE-Efficient FLARE-Balance
Latency | Cost| IGD/] | Latency| Cost] IGD/]

1.0 3.67 148.98  0.06 4.57 154.89  0.08
0.9 5.00 155.33  0.11 5.74 159.55 0.13
0.8 5.66 158.18 0.14 6.28 161.75 0.16
0.7 6.09 160.93 0.16 6.63 164.04 0.17
0.6 6.45 165.04 0.17 6.94 168.00 0.19
0.5 6.69 168.22  0.18 7.17 171.07  0.20
0.4 6.92 171.51  0.19 7.36 174.89  0.21
0.3 7.10 17526  0.20 7.53 178.12  0.22
0.2 7.25 179.70  0.21 7.67 182.79  0.22
0.1 7.39 184.38  0.22 7.79 187.03 0.23
0.0 7.51 187.51 0.22 7.90 190.13 0.24
-0.1 7.61 190.55 0.23 8.00 193.66 0.24
-0.2 7.72 194.83  0.23 8.11 19797 0.25
-0.3 7.80 198.38 0.24 8.20 201.83 0.25
-04 7.90 202.57 0.25 8.29 206.55 0.26
-0.5 8.01 206.30  0.25 8.36 209.59  0.26
-0.6 8.09 20942  0.26 8.44 214.24  0.27
-0.7 8.18 214.12  0.26 8.53 217.98 0.28
-0.8 8.26 218.17  0.27 8.61 22296  0.28
-0.9 8.33 221.78  0.27 8.69 227.66  0.29
-1.0 10.47 464.80 0.31 10.47 464.80 0.31

where aggressively optimizing latency can push
routing toward pricier fast models.

Varying 5. With 7 fixed, increasing (3 leads to
a mild but consistent improvement in mean Accu-
racy, while mean Latency increases and becomes
steep at the high-3 end. This behavior aligns with
the router increasingly favoring cheaper models
that may be slower. Meanwhile, mean Cost shows
a U-shaped curve: it is high when cost is under-
weighted (the router may select fast but expensive
models), decreases around intermediate weights,
and rises again when [ is too large. The latter
increase suggests that extreme cost emphasis in-
teracts with candidate constraints and per-query
normalization, yielding less stable choices that are
not globally cost-optimal on average.

Varying w. Increasing w produces a rapid ini-
tial jump in mean Accuracy followed by satura-

tion, indicating that most quality gains are real-
ized once accuracy begins to influence ranking. In
contrast, both mean Cost and mean Latency grow
convexly and become steep at large w, implying
that aggressively prioritizing predicted correctness
drives the router toward substantially more expen-
sive and slower models. This highlights a practi-
cal regime in which modest w achieves most of
the attainable quality benefit, whereas very large
w incurs disproportionate efficiency penalties for
limited additional accuracy.

F Robustness to Qutput-Length
Prediction Error.

To assess how sensitive FLARE is to output-length
prediction quality, we perform a controlled pertur-
bation study in which zero-mean noise is injected
into the ground-truth output lengths to emulate pre-
dictors with different effective R? values. We then
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re-run FLARE-Efficient and FLARE-Balance un-
der the same routing modes and report the resulting
latency, cost, and inverted generational distance
(IGD).

The results in Table 10 show a stable degradation
trend rather than a cliff-like failure mode. Across
the full R? sweep, latency, cost, and IGD change
in a largely monotonic manner for both routing
modes, indicating that moderate length-prediction
errors do not abruptly destabilize routing behavior.
Around our pratical operating point (R? =~ 0.6),
improving the predictor to R? = 0.9 yields moder-
ate gains for FLARE-Balance, with latency, cost,
and IGD improving by 17.3%, 5.0%, and 31.6%,
respectively. Conversely, degrading the predictor to
a coarse mean-length proxy (R? = 0) worsens la-
tency, cost, and IGD by 13.8%, 13.2%, and 26.3%,
respectively.

Even under extreme corruption, FLARE remains
competitive. When the length signal becomes
purely noisy (R? = —1), FLARE-Efficient still
reduces latency, cost, and IGD by 68.9%, 78.6%,
and 76.8%, respectively, relative to always using
deepSeek-R1-671B. This behavior is consistent
with the design of FLARE: the accuracy-threshold
filtering mechanism is independent of length pre-
diction and continues to eliminate weak candidates
when they are unlikely to satisfy the accuracy con-
straint.

The results also suggest that pushing output-
length prediction toward oracle accuracy may have
limited practical benefit. Although R? = 1 pro-
vides the best trade-off, even a strong predictor
with R?2 = 0.9 still exhibits non-trivial degra-
dation relative to oracle length. This observa-
tion is also consistent with prior serving literature,
where output-length prediction typically achieves
only moderate accuracy in realistic settings due
to prompt-dependent uncertainty, multiple valid
reasoning paths, decoding configurations, and ter-
mination variability. Overall, these results indicate
that FLARE is robust to moderate length-prediction
noise, and that the current predictor quality already
provides a practical trade-off for resource-aware
routing.
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