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Abstract

Existing evaluations of large language model
(LLM) routing systems typically rely on static
benchmarks, golden answers, or automated qual-
ity scores, which impose a fixed notion of re-
sponse quality and overlook pluralistic user pref-
erences in real-world interactions. We propose
RouteJudge, an online pairwise preference eval-
uation framework for LLM routing systems, with
a public platform available at routejudge.cn.
RouteJudge evaluates router-level decision quality
rather than model-level response quality. For each
user query, multiple routing strategies recommend
candidate models, and the corresponding model
outputs are presented to users through anonymous
pairwise comparisons. User preferences are then
attributed to the routing strategies behind the com-
pared responses, together with query, routing deci-
sion, response, preference, cost, and latency infor-
mation. RouteJudge supports routing-oriented
analyses, including preference win rate, cost-
quality trade-off, task-conditioned performance,
pairwise router comparison, and routing behav-
ior diagnostics. By grounding evaluation in plu-
ralistic user preferences rather than fixed golden
answers, RouteJudge provides a practical basis
for studying preference-aware, cost-aware, and
context-adaptive LLM routing.

1. Introduction

The rapid growth of the large language model (LLM) ecosys-
tem has made model selection a central component of prac-
tical LLM applications (Achiam et al., 2023; Team et al.,
2023). Modern LLMs differ substantially in reasoning abil-
ity, inference cost, latency, context length, multimodal ca-
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pability, safety behavior, and response style. Consequently,
many systems no longer rely on a single fixed model, but in-
stead employ LLM routing mechanisms to select a suitable
model for each incoming query (Shnitzer et al., 2023; Hu
et al., 2024; Ding et al., 2024; Ong et al., 2025). The goal
of routing is therefore not simply to choose the strongest
model, but to make context-dependent decisions that balance
response quality, cost, latency, and user satisfaction (Chen
et al., 2023; Zhang et al., 2023; Sakota et al., 2024).

Despite this growing importance, the evaluation of LLM
routing systems remains largely tied to offline protocols. Ex-
isting routing methods are commonly assessed using static
benchmarks, golden answers, automated scores, or routing
accuracy against an assumed best model (Hu et al., 2024;
Huang et al., 2025). Such protocols are convenient and
reproducible, but they implicitly reduce response quality
to a fixed objective target. This abstraction is useful for
controlled comparison, yet it provides only a partial view of
routing performance in application-oriented settings.

A central challenge is that many real-world LLM queries
do not admit a single universally optimal response. For
tasks such as creative writing, translation, tutoring, ana-
Iytical reasoning, and dialogue, multiple outputs may be
factually valid, but users may still prefer different responses
depending on their expectations and constraints (Kirk et al.,
2024; Sorensen et al., 2024; Feng et al., 2024). Some users
favor concise and direct answers, while others prefer de-
tailed explanations; some are sensitive to cost or latency,
while others prioritize maximum quality; some value rigor-
ous reasoning, while others care more about tone, fluency,
or stylistic fit. Consequently, a router that performs well
under golden-answer-based or automated evaluation may
not necessarily select models whose responses are preferred
by users in deployment.

We frame this mismatch as a pluralistic preference align-
ment problem for LLM routing. Instead of assuming a single
fixed notion of response quality, routing evaluation should
account for heterogeneous users, diverse task contexts, and
different trade-offs among quality, cost, and latency. Under
this view, a routing strategy should be evaluated not only by
whether it selects a benchmark-optimal model, but also by
whether its decisions lead to responses that users actually
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prefer under realistic query distributions.

To address this limitation, we propose RouteJudge, an on-
line pairwise preference evaluation framework for LLM
routing systems. RouteJudge is designed to evaluate routing
decisions under pluralistic user preferences, rather than mea-
suring agreement with a fixed golden answer or an assumed
best model. For each user query, multiple routing strate-
gies independently select candidate models under the same
model pool and deployment constraints. The selected mod-
els generate responses that are presented to users through
anonymous pairwise comparisons. The resulting prefer-
ence feedback is then attributed to the routing strategies
that produced the compared decisions, enabling RouteJudge
to measure whether different routers select models whose
responses are preferred by users.

RouteJudge stores each evaluation instance as a routing-
centered record, including the user query, optional context
and multimodal input, routing decisions, paired model re-
sponses, presentation order, preference label, inference cost,
latency, task type, and metadata. This structure supports
preference-aware and cost-aware routing evaluation beyond
aggregate routing accuracy, including preference win rate,
Elo rating, cost-quality Pareto analysis, task-conditioned
performance, pairwise router comparison, participation rate,
and routing behavior diagnostics. The main contributions
of this paper are summarized as follows:

* We formulate LLM routing evaluation as a pluralistic
preference alignment problem, highlighting the limita-
tions of static golden-answer evaluation for open-ended,
application-oriented, and user-dependent tasks.

* We introduce RouteJudge, an online routing evaluation
protocol based on anonymous pairwise comparison, hu-
man preference feedback, preference attribution, and cost
recording. RouteJudge shifts routing evaluation from
fixed golden-answer supervision toward pluralistic user
preference feedback.

* We propose a set of metrics for preference-aware, cost-
aware, and task-conditioned routing evaluation, includ-
ing preference win rate, Elo rating, cost-quality Pareto
analysis, task-conditioned performance, pairwise router
comparison, participation rate, and routing behavior diag-
nostics.

2. Background and Motivation
2.1. LLM Routing

LLM routing aims to coordinate a pool of language models
with different capabilities, costs, and response characteris-
tics. Given a user query and its surrounding context, a router
selects one or more candidate models to answer the query,
with the goal of improving the trade-off among response
quality, inference cost, latency, and task-specific require-

ments (Shnitzer et al., 2023; Lai & Ye, 2026). Compared
with always using a single fixed model, routing provides
a more flexible inference paradigm: easier queries can be
assigned to cheaper or faster models, while more difficult
or preference-sensitive queries can be assigned to stronger
models (Varangot-Reille et al., 2025; Lai et al., 2026).

Existing routing methods instantiate this idea in different
ways. Similarity-based routers estimate model suitabil-
ity by comparing the current query with previously eval-
uated examples in an embedding space (Zhuang et al., 2024;
Reimers & Gurevych, 2019). Learned cost-quality routers
train predictive models to estimate the expected utility of
each candidate model under a budget constraint (Ding et al.,
2024; Ong et al., 2025; Sakota et al., 2024). Cascade and
uncertainty-based routers first query a cheaper model and
invoke a stronger model only when confidence is low or
the initial response appears insufficient (Jiang et al., 2023;
Aggarwal et al., 2024). Preference-based and structured
routers further incorporate human or model preference sig-
nals, graph relations, or ensemble-style decisions to improve
model selection (Ramirez et al., 2024; Yue et al., 2023).

Although these methods differ in routing mechanism, they
usually share a common evaluation assumption: routing
quality can be measured offline using benchmark labels,
task-specific metrics, or automated judges (Hu et al., 2024;
Huang et al., 2025; Ma et al., 2026). Under this protocol,
a router is considered effective if the model it selects ob-
tains a high score on a fixed benchmark. This assumption is
convenient for reproducible comparison, but it also narrows
the evaluation target. It measures whether a router selects
the benchmark-optimal model, rather than whether the rout-
ing decision matches what real users would prefer under
heterogeneous quality, cost, and latency expectations.

2.2. Why Offline Routing Evaluation Is Insufficient

Offline evaluation provides a controlled and reproducible
basis for comparing routing methods, but it offers only a
partial characterization of routing quality in realistic user-
facing settings. The key limitation is that offline protocols
typically reduce routing evaluation to agreement with fixed
labels, static benchmark scores, or an assumed best model.
However, a router is not merely a response scorer: it makes
a deployment decision about which model should answer
a query under a particular user objective, task context, and
resource constraint.

This mismatch becomes evident in open-ended generation
tasks. In writing, dialogue, translation, summarization, tu-
toring, and analytical reasoning, multiple responses may be
factually valid while differing in tone, structure, level of
detail, reasoning style, and presentation. Automatic metrics
and benchmark labels can capture certain aspects of quality,
but they cannot fully determine which response is prefer-
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able in a specific interaction (Zhang et al., 2019; Bevilacqua
et al., 2025). Consequently, a router that performs well un-
der offline correctness or automated scoring may still select
a model whose output is less preferred by users.

A second mismatch arises from preference heterogeneity.
User preferences are not governed by a single universal
quality function: some users prefer concise answers, while
others prefer detailed explanations; some prioritize low cost
or low latency, while others value stronger reasoning, for-
matting, or stylistic fit (Kirk et al., 2024; Sorensen et al.,
2024; Feng et al., 2024). Thus, the same query may reason-
ably call for different routing decisions depending on the
user and application scenario. Evaluating a router against
a fixed benchmark-optimal model obscures this pluralistic
nature of preference.

A third mismatch concerns the objective of routing itself.
In deployment, routing is a multi-objective decision over
quality, cost, and latency, whereas offline evaluation often
treats quality as the primary score and reports cost only as
an auxiliary statistic (Chen et al., 2023; Ding et al., 2024). A
routing decision is useful only when its quality improvement
justifies the additional cost or latency for the target user or
application. Static benchmark scores cannot directly capture
this preference-conditioned trade-off.

These limitations suggest that routing evaluation should
move beyond asking whether a selected model matches an
offline target. Instead, it should assess whether the selected
model produces responses that users actually prefer under
realistic query distributions, heterogeneous preferences, and
deployment constraints. RouteJudge is designed around
this principle: it collects blinded pairwise preference feed-
back for model outputs selected by different routers and
attributes the resulting preferences back to the correspond-
ing routing decisions. In this way, the evaluation target
shifts from fixed-target offline scoring to preference-aware
assessment of router-level decision quality.

3. Problem Formulation
3.1. LLM Routing

Let M = {mq,ma,...,mg} denote a pool of candidate
language models. Given a user query x, optional multi-turn
conversation history h, and optional multimodal input
such as an image, LLM routing aims to select a suitable
model from M under deployment constraints. Here, i may
be empty for single-turn interactions, and I may be absent
for text-only queries.

In practical deployment, users or applications may specify
a cost budget C. Let é¢(m | x, h,I) denote the estimated
inference cost of model m for the current input. The budget-

feasible model set is defined as
Mc(z, h,I)={me M| ém |z hI)<C}

If no budget is specified, we set C = oo and have

Mce(x, h,I) = M.

A routing strategy r(-) takes the available query context
and the budget-feasible model set as input, and outputs one
recommended model:

r(z,h, I, Mc) =m*, m* € Mc.

Ideally, m* should maximize the user-facing utility of the
response under the given query, context, and constraints.
This utility may depend on response quality, inference cost,
latency, task type, and user preference. However, such utility
is usually not directly observable before deployment.

Existing routing evaluations usually rely on offline utility
functions that combine a fixed benchmark quality score with
inference cost. For a router r, let m,, = r(z,h,I, M¢)
denote its selected model. A common offline objective can
be written as

U}x (7’) = E(i,h,I)N'D [QOff (l’, h’a Ia m’r') - )\é(m’r | x, ha I)] 5

where ¢o () is an offline quality score, ¢(-) is the estimated
inference cost, and A controls the quality—cost trade-off. By
varying A, one can obtain a cost—quality trade-off curve
and compare routers using statistics such as the best utility,
average utility, or area under the curve. While convenient for
controlled benchmarking, this evaluation still depends on a
fixed offline quality function and therefore cannot directly
capture heterogeneous user preferences.

3.2. Pluralistic User Preference Evaluation

RouteJudge evaluates routing strategies through online user
preference feedback. Let R = {r1,rq,...,rn} denote the
set of routing strategies to be evaluated. For each evaluation
instance, the user provides a query x, optional conversation
history h, optional multimodal input 7, and an optional cost
budget C. RouteJudge first estimates the inference cost of
each candidate model and constructs the budget-feasible
model set M¢(z, b, I).

Each routing strategy independently selects one model from
the feasible set. We denote the decision of router r; as

m; =ri(z, h, [,LMg), i=1 N.

geeey

RouteJudge then aggregates these routing decisions into
model-level votes. For each model m € M, its vote count
is

v(m) = [{i | mi = m}].

By default, RouteJudge selects the two models with the
highest vote counts for pairwise comparison. If there is a
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tie, the model with fewer historical comparison records is
prioritized to improve evaluation coverage. If the tie remains
unresolved, RouteJudge breaks the tie randomly.

Let the two selected models be m 4 and mp. Their re-
sponses are generated independently and presented to the
user in anonymous order. The user then provides one of
four preference labels:

y € {A Win,B Win,Tie,Both Bad}.

The label reflects the user’s preference between the two
displayed responses without revealing the identities of the
underlying models or routing strategies.

Each RouteJudge record contains the user query, optional
history, optional multimodal input, cost budget, feasible
model set, router decisions, model vote counts, selected
model pair, anonymous presentation order, paired responses,
user preference label, attributed router scores, inference
cost, latency, task type, and metadata. This routing-centered
record supports preference-aware and cost-aware analyses,
including preference win rate, Elo rating, cost-quality Pareto
analysis, task-conditioned performance, pairwise router
comparison, participation rate, and routing behavior diag-
nostics.

4. The RouteJudge Evaluation Framework

RouteJudge evaluates LLM routing strategies through on-
line pairwise preference comparison. Unlike conventional
benchmarks that store queries and fixed reference answers,
each RouteJudge sample records the complete routing de-
cision process, including the user-selected budget, budget-
constrained router recommendations, paired model outputs,
user preference feedback, and cost-related information. This
design allows RouteJudge to evaluate whether a routing
strategy selects models whose responses are preferred by
users under realistic deployment constraints.

In the current implementation, RouteJudge contains 19 rout-
ing strategies and 17 candidate models. The routing strate-
gies cover rule-based, regression-based, classification-based,
ranking-based, and non-parametric routers. The model pool
includes both high-capability frontier models and lower-cost
alternatives. All routing strategies operate over the same
shared model pool, while their feasible choices are con-
strained by the cost budget selected by the user. The full
list of routing strategies and candidate models is provided
in Appendix A.

4.1. Evaluation Record

Each evaluation sample in RouteJudge is represented as a
routing-centered decision record. Formally, a record can be

written as
Z = (‘rvh7Iv07M07dvv7mA7vayvs7C7£7Tvn)a

where z is the user query, A is the optional conversation
history, I is the optional multimodal input, C' is the user-
selected cost budget, and M is the budget-feasible model
set. The vector d stores the decisions made by all routing
strategies, and v records the corresponding model-level vote
distribution. The models m 4 and mp denote the selected
duel pair shown to the user. The variable y is the user
preference label, s stores the attributed router-level scores,
c and £ record the actual inference costs and latencies, 7
denotes the task label, and 7 contains additional metadata.

This record structure is designed around routing decisions
rather than isolated model responses. It therefore supports
analyses of not only which model wins a comparison, but
also which routing strategies selected that model, how often
each router participates in pairwise comparisons, how per-
formance changes under different budgets, and how routing
behavior varies across task types.

4.2. Evaluation Workflow

Figure 1 summarizes the RouteJudge evaluation pipeline,
from query submission and budget selection to router-level
preference attribution and record construction. For each
user query, RouteJudge follows an eight-step workflow.

Step 1: Query and budget submission. The user submits a
text-only or multimodal query to the platform and selects a
cost budget C'. The budget specifies the maximum allowable
inference cost for candidate model selection. At this stage,
the user cannot observe model identities, router decisions,
vote distributions, or cost information.

Step 2: Budget-feasible model filtering. Given the user-
selected budget C, RouteJudge constructs a feasible candi-
date set M from the full model pool M. Only models
whose estimated inference cost falls within the selected
budget are retained:

Me={meM|ém|zhI)<C}

This step ensures that all subsequent router decisions
and pairwise comparisons are made under the same user-
specified cost constraint.

Step 3: Router recommendation. The query z, optional
history h, optional multimodal input 7, budget C, and fea-
sible candidate set M are sent to all routing strategies in
parallel. Each router independently recommends one model
from Mc. Let R = {r1,72,...,7n} denote the router set.
The decision of router r; is

m; =ri(z,h, I, M¢c), m; € Mc.
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Figure 1. Overview of the RouteJudge evaluation framework. Given a user query, optional multimodal input, and a user-selected cost
budget, a committee of routing strategies recommends models from the budget-feasible model space. RouteJudge selects a duel pair,
presents the two responses through an anonymous preference interface, and attributes the resulting preference signal back to the routing
strategies behind the compared model choices. Each interaction is stored as a routing-centered record containing the query, budget, router
decisions, selected responses, preference label, cost, latency, and task metadata, supporting downstream analyses such as win rate, Elo
rating, cost-quality Pareto analysis, participation, and task-conditioned diagnostics.

RouteJudge treats each router as a black-box decision maker
and does not require different routers to share the same
internal scoring function.

Step 4: Duel model selection. RouteJudge aggregates
router recommendations into model-level votes. For each
model m € M, its vote count is

v(m) = [{i [ m; =m}|.

By default, RouteJudge selects the two distinct models with
the highest vote counts as the duel pair (ma,mpg). If there
is a tie, the model with fewer historical comparison records
is prioritized to improve evaluation coverage. If the tie
remains unresolved, RouteJudge breaks the tie randomly.

Step 5: Parallel response generation. The two selected
models generate responses to the same user query in parallel.
RouteJudge records the actual inference cost and response
latency of each model. Parallel generation reduces the risk
that differences in waiting time affect the user’s preference
judgment.

Step 6: Anonymous pairwise presentation. The two re-
sponses are shown to the user in randomized anonymous
order. Model identities, router decisions, vote counts, and
cost information are hidden during preference judgment.
This design reduces model-brand bias, router-induced bias,

and position bias.

Step 7: User preference judgment. The user selects one
of four preference labels:

y € {A Win,B Win,Tie,Both Bad}.

This four-valued label space avoids forcing a binary choice
when the two responses are indistinguishable or both unsat-
isfactory.

Step 8: Result reveal and router attribution. After the
user submits the preference label, RouteJudge reveals the
model identities, router vote distribution, actual costs, laten-
cies, and router-level attribution results. The user preference
label is first converted into comparison scores:

(L 0)7 y=A Win,
(Oa 1)7 y =B Win,
5 P 1
(s4,58) (0.5,0.5), y=Tie, M

(0,0), y = Both Bad.

The scores are then attributed back to the routing strategies
that selected the compared models:

SA, My =MA,

Si =4 s, m; =mg,

@, m; ¢ {ma,mp}.
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Here, @ indicates that router 7; does not participate in this
comparison and is not counted as either a win or a loss. The
complete record is stored for downstream analysis of router
performance under different budgets, task types, and user
preference patterns.

4.3. Task Metadata

To support task-conditioned analysis, RouteJudge assigns
each query a task label 7. In the current implementation,
queries are mapped to six broad categories: Coding, Math,
Translation, Creative Writing, Analysis, and Other. This
metadata allows RouteJudge to report not only overall router
performance, but also router behavior across heterogeneous
task types. For example, a router may perform well on
coding and mathematical reasoning while being less com-
petitive on translation or creative writing. Task-conditioned
analysis is therefore necessary for understanding when and
why a routing strategy is effective.

4.4. Routing Strategy Training

The routing strategies in RouteJudge can be trained or ini-
tialized using existing public benchmarks that cover both
text-only and multimodal tasks, including GISA (Zhu et al.,
2026), LiveBench (White et al., 2025), OCRBench v2 (Fu
et al., 2025), and VisBrowse (Zhang et al., 2026b). These
datasets provide query distributions, task annotations, model
outputs, and model-performance signals that can be used to
develop different types of routers.

Different router families use these data in different ways.
Rule-based routers rely on manually designed heuristics,
such as task type, estimated difficulty, cost budget, or modal-
ity. Regression-based routers learn to predict the expected
utility of each candidate model, often using benchmark qual-
ity scores and inference costs as supervision. Classification-
based routers directly predict the best model for each input
according to offline labels. Ranking-based routers learn an
ordering over candidate models rather than selecting a sin-
gle model independently. Non-parametric routers retrieve
similar historical examples and infer the model choice from
their observed performance.

Importantly, RouteJudge separates router training from
router evaluation. Public benchmarks are used to initial-
ize or train routing strategies, while RouteJudge evaluates
their decisions through online preference feedback. This
separation allows different routers to use different training
mechanisms while being compared under the same user-
facing evaluation protocol.

4.5. Handling Non-Participating Routers

A router may recommend a model that does not enter the
final pairwise comparison. In this case, the router is marked

as Non-participating for that query and is not counted in the
win/loss denominator. This avoids assigning credit or blame
to a router whose recommended model was not actually
judged by the user.

However, non-participation itself is informative. A router
that frequently recommends models outside the selected
duel pair may have limited evaluation coverage, while a
conservative router that repeatedly recommends popular
models may participate more often. RouteJudge therefore
reports participation rate alongside preference-based met-
rics, making it possible to distinguish high win rate from
high evaluation coverage.

5. Evaluation Metrics

RouteJudge evaluates routing strategies from four comple-
mentary perspectives: preference-based performance, cost—
quality trade-off, task-conditioned behavior, and routing
decision patterns. Let Dry = {Z;}L_, denote the set of
RouteJudge evaluation records. For the ¢-th record, ml(t) de-
notes the model selected by router r;, (mg), mg)) denotes
the selected duel pair, y(t) denotes the user preference label,
SZ-(t) € {0,0.5,1, @} denotes the attributed score of router
r;, and 7(Y) denotes the task label.

5.1. Preference-Based Router Performance

The primary evaluation signal in RouteJudge is the user
preference attributed to each router. Since a router may
recommend a model that does not enter the final duel pair,
we first define the participating set of router r; as

P ={t| " # o).

The participation rate is then

PartRate(r;) = [Pil .

This metric prevents a router with high preference perfor-
mance but limited evaluation coverage from being over-
interpreted.

We report two preference-based performance metrics. The
first is the average preference score:

1
PrefScore(r;) = 2 Z Si(t).
i teP;

This score uses the attribution rule defined in Equation (1),
where wins receive 1, ties receive 0.5, losses receive 0, and
Both Bad contributes 0 to the participating routers.

The second metric is the binary preference win rate, com-
puted only on comparisons with a clear winner. Let

Bi={teP;|y® e {an win,B Win}}.
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(a) Anonymous pairwise preference interface in RouteJudge. Two

model responses are presented side by side in randomized order,
with model identities and router votes hidden during judgment.

Users provide one of four labels: A Win, B Win, Tie, or Both Bad.

@ rovenuins

(b) Result reveal and router attribution interface in RouteJudge.
After the user submits a preference label, RouteJudge reveals the
model identities, displays the routing vote distribution, reports cost
and latency information, and assigns router-level outcomes accord-
ing to whether each router selected the user-preferred model.

Figure 2. RouteJudge user interface. Left: anonymous pairwise preference interface used for blinded user judgment. Right: result reveal

and router attribution interface shown after preference submission.

The win rate is defined as

Ses, 1S =1]
1Bi|

WinRate(r;) =

Thus, Tie and Both Bad are excluded from the binary
win/loss denominator, while they are still retained in the
evaluation records for tie analysis and failure analysis.

For robustness, we also report Elo ratings and bootstrap
confidence intervals. Elo ratings provide a relative ranking
of routers based on pairwise preference outcomes, while
bootstrap confidence intervals estimate the uncertainty of
preference scores and win rates, especially when the number
of participating samples is limited.

5.2. Cost—Quality Trade-off

A central goal of LLM routing is to improve user-preferred
quality under cost constraints. For router r;, we compute its
average participating cost as

Cost(r;) = ®) ( (t))
P

where c(t)(ml(-t)) denotes the actual inference cost of the

model selected by r; in the ¢-th comparison. We use par-

ticipating records because only models in the duel pair are

actually invoked and judged by the user.

RouteJudge analyzes routers in the cost—quality space,
where PrefScore(r;) or WinRate(r;) serves as the quality
axis and Cost(r;) serves as the cost axis. By default, we use
PrefScore(r;) because it preserves non-binary outcomes. A
router r; dominates another router r; if

PrefScore(r;) > PrefScore(r;), Cost(r;) < Cost(r;),

with at least one inequality being strict. Routers on the
Pareto frontier represent strategies that achieve the best
observed preference performance at a given cost level.

When evaluations are grouped by user-selected budget, the
same analysis can be performed for each budget level C,
yielding a budget-conditioned cost—quality curve. This al-
lows RouteJudge to compare whether a router remains ef-
fective under strict, moderate, or loose cost constraints.

5.3. Task-Conditioned Performance

Overall performance may hide substantial variation across
task types. RouteJudge therefore reports preference metrics
conditioned on the task label 7. For a task category 7, define

PTZ{tE'Pi\T(t):T}.

The task-conditioned preference score is

PrefScore(r; | 7) = ——

Similarly, the task-conditioned win rate is computed by
restricting the binary winning set B; to records with 7(/) =
7. These metrics reveal whether a router is broadly reliable
or specialized for certain query types, such as coding, math,
translation, creative writing, or analysis.

5.4. Pairwise Router Comparison

Aggregate scores do not always reveal whether one router
consistently outperforms another on the same queries. We
therefore compute pairwise router comparisons on shared
participating records. For two routers 7; and r;, define

Pij =P; ﬂPj.
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The head-to-head preference score of r; against r; is

H2H(r;,7;) o(s1,50),
D= 2 o)
where
1, a>b,
¢(a,b) =< 0.5, a=Hb,
0, a <b.

This metric directly compares two routers on records where
both selected one of the compared models.

We further use McNemar’s test to assess whether the dif-
ference between two routers is statistically significant on
binary preference outcomes. Let a be the number of shared
binary comparisons where r; receives a win and r; receives
a loss, and let b be the number of shared binary comparisons
where 7; receives a win and r; receives a loss. The test
statistic is
2 _ (la —b] - 1)*
B a+b

The p-value is computed under a chi-squared distribution
with one degree of freedom. This test is applied only when
a + b > 0 and the user preference label has a clear winner.

5.5. Routing Behavior Diagnostics

Beyond ranking routers, RouteJudge also analyzes how
routing strategies make decisions. These diagnostics help
distinguish genuinely effective routers from routers that
achieve high scores through narrow coverage, excessive
conservatism, or redundant decision patterns.

Routing entropy. Let p; ,, denote the empirical frequency
with which router r; selects model m across all evaluation

records:
T

1 (t)
Dim = T Z 1[m;” =m].

t=1
The selection entropy of router r; is

Z p1 m 10g2 pl my
meM

H(r;) =

and the normalized entropy is
H(r;)
logy M|
Low entropy indicates that a router repeatedly selects a

small subset of models, while high entropy indicates more
diverse routing behavior.

Hnorm (Ti) -

Router agreement. For two routers 7; and r;, the raw
agreement rate is

T
1
Agree(r;, ;) Z 1[m mgt)].
T

We also report Cohen’s Kappa:

P, — P,

K(rirg) = 45

where P, = Agree(r;,;) and

= Z DPimPj,m-

meM

High agreement may indicate redundant routing behavior,
while low agreement suggests that routers rely on different
decision rules or specialize in different regions of the query
space.

Consensus strength. For each evaluation record, Route-
Judge aggregates router decisions into model-level votes
v® (m). The consensus strength is defined as

max,, ¢ v v® (m)
N )

where N is the number of routing strategies. A high value
of p() indicates that many routers select the same model,
while a low value indicates disagreement among routers.
RouteJudge analyzes whether higher consensus strength
correlates with higher user preference outcomes, thereby
testing whether router agreement is a reliable signal of re-
sponse preference.

() —

P

6. Results and Discussion

We report preliminary results collected from the RouteJudge
platform as of 2026-06-08 04:00 AoE (UTC-12). As of
that time, the platform had recorded 261 matches and 109
user votes. The following analysis is based on the 109
voted comparisons. Since the number of votes is still lim-
ited, the results should be interpreted as an initial empirical
snapshot rather than a definitive ranking of routing strate-
gies. Additional analyses are provided in Appendix B, and
continuously updated platform statistics are available at
https://routejudge.cn/stats.

6.1. Router Ranking

Table 1 reports the current router ranking by Elo score. Over-
all, the leading routers achieve both higher Elo ratings and
above-random preference win rates, suggesting that online
user preferences can already differentiate routing strate-
gies even at this early stage. RouterLLM-MF obtains the
highest Elo score, while NIRT-Router achieves the highest
observed win rate. Several embedding-based, graph-based,
and regression-style routers also remain competitive, in-
dicating that different routing paradigms can be effective
under user-preference-based evaluation.

At the same time, the ranking should be read together with
the number of available comparisons and the participation


https://routejudge.cn/stats

RouteJudge: Preference-Based Evaluation of LLM Routers under Pluralistic User Preferences

Table 1. Router performance ranked by Elo score. Results are
based on 109 user-voted comparisons collected by RouteJudge.

highest-capability model.

@ DeepSeek-v4-flash

Router Win Rate Elo
RouterLLM-MF (Ong et al., 2025) 66.67% 1278
NIRT-Router (Song et al., 2025) 80.00 % 1274
kNNRouter (Stripelis et al., 2024) 60.00% 1240
GraphRouter (Feng et al., 2025) 44.44% 1218
EmbedLLM (Zhuang et al., 2024) 63.64% 1215
EquiRouter (Lai & Ye, 2026) 64.00% 1212
RouterDC (Chen et al., 2024) 57.14% 1209
SVMRouter (Stripelis et al., 2024) 51.72% 1205
Avengers-Pro (Zhang et al., 2025) 50.00% 1204
Avengers (Zhang et al., 2026a) 58.33% 1198
RM-Interval (Tsiourvas et al., 2025) 46.15% 1184
MLPRouter (Stripelis et al., 2024) 39.13% 1176
Eagle (Zhao et al., 2024) 43.48% 1175
OmniRouter (Mei et al., 2025) 40.00% 1170
RM-CLS (Tsiourvas et al., 2025) 46.43% 1169
RouteLLM-SW (Ong et al., 2025) 27.27% 1145
RM-Softmax (Tsiourvas et al., 2025) 31.82% 1136
HybridLLM (Ding et al., 2024) 18.18% 1134
MIRT-Router (Song et al., 2025) 36.00% 1117

1004 o
801 @~
60

40+ x

Win Rate (%)

204

10 10°
Cost ($/1K tokens)

Grok-4.20
Step-3.5-flash
Gemini-2.5-flash-lite
Llama-4-maverick
hy3-preview
GPT-5.4-nano
Mimo-v2.5-pro
Mercury-2
DeepSeek-v4-pro
Minimax-m2.7
Qwen3.6-plus
Kimi-k2.6
GPT-5.4

GLM-5.1
Claude-Sonnet-4.6
Gemini-2.5-pro

behavior of each router. A router with a high win rate may
have participated in fewer decisive comparisons, while a
router with a lower win rate may have been evaluated under
more diverse or more difficult query conditions. This is one
reason why RouteJudge reports Elo, win rate, participation,
and cost-related statistics jointly rather than relying on a
single aggregate metric.

The preliminary ranking also shows that strong offline rout-
ing designs do not necessarily transfer uniformly to online
preference-based evaluation. Some routers with explicit
learned scoring mechanisms obtain relatively low prefer-
ence win rates, while simpler non-parametric or matrix-
factorization-based approaches remain competitive. This
observation supports the motivation of RouteJudge: router
quality should not be assessed only by agreement with of-
fline labels or static benchmark scores, but also by whether
the selected models produce responses preferred by users
under real interaction settings.

6.2. Model Pareto Frontier

We further examine the model-level cost—preference trade-
off in RouteJudge. Figure 3 plots each candidate model
by its average inference cost and empirical preference win
rate. The dashed line denotes the observed Pareto frontier,
where no model is simultaneously cheaper and preferred
more often.

The results show that model preference is not determined by
cost alone. Some low-cost models achieve competitive win
rates, while several stronger models require substantially
higher budgets. This suggests that effective routing should
adapt model selection to the user-selected budget and task
context, rather than always choosing the most expensive or

Figure 3. Model-level cost—win-rate distribution on RouteJudge.
Each point represents a candidate model, with cost measured in
dollars per 1K tokens and win rate computed from user-voted
comparisons. The dashed line marks the observed Pareto frontier.

7. Conclusion

This paper introduces RouteJudge, an online pairwise pref-
erence evaluation framework for LLM routing systems. In-
stead of evaluating routers only through fixed benchmark
labels or automated scores, RouteJudge measures whether
routing decisions lead to responses preferred by users un-
der budget, cost, latency, and task constraints. The frame-
work records the full routing decision process, attributes
anonymous pairwise preference feedback to routing strate-
gies, and supports preference-aware, cost-aware, and task-
conditioned analyses. Overall, the leading routers obtain
higher Elo ratings and above-random preference win rates,
suggesting that online user preferences may provide a useful
signal for differentiating routing strategies even at this early
stage.

Acknowledgements

This work was supported by the National Key R&D Program
of China under Grant 2024 YFE0202800.

Impact Statement

This work aims to improve the evaluation of LLM rout-
ing systems by grounding router assessment in pluralistic
user preferences rather than fixed benchmark targets. By
enabling preference-aware and cost-aware analysis, Route-
Judge may help researchers and practitioners better under-
stand how routing decisions affect user satisfaction, afford-
ability, and deployment efficiency. We explicitly account for
privacy-related, fairness, and misuse risks in the design of
RouteJudge: model identities, router decisions, vote distribu-
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tions, and cost information are hidden during user judgment
to reduce brand and presentation bias; preference feedback
is attributed at the router level rather than used as a universal
measure of model quality; and the collected records preserve
metadata needed to analyze task-conditioned behavior, par-
ticipation imbalance, and potential feedback bias. These
design choices help make online routing evaluation more
transparent and preference-aware, while discouraging the
interpretation of aggregated preference rankings as absolute
or universally valid measures of router quality.
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A. Details of Routers and Candidate Models

This appendix provides additional details about the candi-
date model pool and routing strategies used in RouteJudge.
In the current implementation, RouteJudge evaluates routing
strategies over a shared pool of 17 candidate models. All
routers operate under the same budget-feasible model space
for each query, ensuring that performance differences come
from routing decisions rather than from access to different
model sets.

A.1. Candidate Models

The current RouteJudge platform includes the following 17
candidate models:

* DeepSeek-v4-flash: A low-cost candidate model used for
budget-sensitive routing decisions.

* Grok-4.20: A general-purpose candidate model included
in the shared model pool.

» Step-3.5-flash: A lightweight candidate model used for
efficient response generation.

* Gemini-2.5-flash-lite: A low-cost Gemini-family model
included for cost-efficient routing.

* Llama-4-maverick: An open-family candidate model
used as part of the heterogeneous model pool.

* hy3-preview: A preview candidate model included to
increase model diversity.

* GPT-5.4-nano: A compact GPT-family model used for
low-cost query handling.

* Mimo-v2.5-pro: A pro-level candidate model included
for stronger response generation.

* Mercury-2: A general candidate model included in the
RouteJudge model pool.

* DeepSeek-v4-pro: A stronger DeepSeek-family model
used for higher-quality routing choices.

* Minimax-m2.7: A general-purpose candidate model in-
cluded for comparison across model families.

* Qwen3.6-plus: A Qwen-family model used as a higher-
capability candidate in the model pool.

* Kimi-k2.6: A Kimi-family candidate model included for
diverse generation behavior.

* GPT-5.4: A high-capability GPT-family model used for
quality-oriented routing decisions.

* GLM-5.1: A GLM-family candidate model included in
the shared model pool.
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* Claude-Sonnet-4.6: A high-capability Claude-family
model used for quality-sensitive queries.

* Gemini-2.5-pro: A pro-level Gemini-family model in-
cluded for high-quality response generation.

A.2. Routing Strategies

RouteJudge includes routing strategies from multiple fami-
lies, including rule-based, regression-based, classification-
based, ranking-based, graph-based, reward-model-based,
cascade-based, and non-parametric methods. The current
implementation contains the following routing strategies:

* RouterLLM-MF (Ong et al, 2025): A matrix-
factorization-based RouteLLM variant that estimates
model suitability from observed routing data.

* RouteLLM-SW (Ong et al., 2025): A RouteLLM variant
that uses similarity- or score-weighted information for
model selection.

* NIRT-Router (Song et al., 2025): An item-response-
theory-based router that models query difficulty and
model ability.

* MIRT-Router (Song et al., 2025): A multidimensional
IRT-based router that represents model ability and query
difficulty with multiple latent factors.

* kNNRouter (Stripelis et al., 2024): A non-parametric
router that selects models according to nearest historical
examples.

* SVMRouter (Stripelis et al., 2024): A classification-
based router that predicts a suitable model from query
features.

* MLPRouter (Stripelis et al., 2024): A neural
classification-based router that maps query representa-
tions to model choices.

* GraphRouter (Feng et al., 2025): A graph-based router
that exploits structured relations among models, tasks, or
queries.

* EmbedLLM (Zhuang et al., 2024): An embedding-based
router that estimates model suitability by comparing
queries in representation space.

* EquiRouter (Lai & Ye, 2026): A routing strategy de-
signed to select models by estimating relative model util-
ity under routing constraints.

* RouterDC (Chen et al., 2024): A data-driven router that
learns model-selection decisions from offline routing sig-
nals.



RouteJudge: Preference-Based Evaluation of LLM Routers under Pluralistic User Preferences

* Avengers (Zhang et al., 2026a): An ensemble-style router
that combines multiple decision signals for model selec-
tion.

* Avengers-Pro (Zhang et al, 2025): An enhanced
Avengers-style router with stronger aggregation or de-
cision mechanisms.

* Eagle (Zhao et al., 2024): A cascade-style router that
decides whether to invoke stronger models based on esti-
mated difficulty or uncertainty.

* OmniRouter (Mei et al., 2025): A general-purpose router
designed for model selection across heterogeneous task

types.

* HybridLLM (Ding et al., 2024): A hybrid cost—quality-
aware router that combines multiple routing criteria.

* RM-CLS (Tsiourvas et al., 2025): A reward-model-based
classification router that predicts the preferred model.

* RM-Softmax (Tsiourvas et al., 2025): A reward-model-
based router that selects models according to softmax-
normalized preference scores.

* RM-Interval (Tsiourvas et al., 2025): A reward-model-
based router that incorporates interval-style uncertainty in
routing decisions.

B. Additional Results

This appendix provides additional analyses of routing behav-
ior in RouteJudge. We focus on two complementary aspects:
how different routers distribute their selections over the can-
didate model pool, and how routers compare against each
other under shared user-voted comparisons.

B.1. Model Selection Distribution

Figure A.1 shows the model selection distribution of each
routing strategy. Each horizontal bar represents one router,
and each segment indicates the fraction of queries for which
the router selects a specific candidate model. The distri-
bution reveals substantial differences in routing behavior.
Some routers concentrate heavily on a small number of
models, indicating more conservative or model-specific de-
cision patterns. Other routers spread their selections across
a broader range of models, suggesting stronger sensitivity
to query-level differences or budget constraints.

This analysis complements the aggregate router ranking in
the main text. A high-ranking router may obtain strong pref-
erence performance either by consistently selecting a robust
model or by adapting its selections across different queries.
Conversely, a router with diverse selections is not necessar-
ily better unless this diversity leads to preferred responses.
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Therefore, model selection distribution provides a useful
diagnostic for interpreting why routers obtain different win
rates and Elo scores.

B.2. Head-to-Head Router Comparison

Figure A.2 presents the head-to-head win-rate matrix be-
tween routing strategies. Each cell reports the win rate of the
row router against the column router on shared comparisons.
Unlike global Elo ranking, this matrix directly shows pair-
wise advantages and disadvantages between routers. This is
useful because two routers with similar overall scores may
still behave differently on overlapping query subsets.

The heatmap shows that router performance is not uniformly
ordered across all pairwise comparisons. Some routers ex-
hibit broad advantages against many alternatives, while oth-
ers perform competitively only against specific groups of
routers. This suggests that RouteJudge can support a more
fine-grained analysis than a single leaderboard score: it can
reveal whether a router is consistently strong, specialized,
or mainly competitive under certain comparison settings.
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Figure A.1. Model selection distribution of routing strategies. Each horizontal bar shows the percentage of times a router selects each
candidate model. Concentrated distributions indicate conservative or model-specific routing behavior, while more diverse distributions
suggest broader use of the candidate model pool.
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Figure A.2. Head-to-head win-rate heatmap between routing strategies. Each cell reports the percentage of shared comparisons in which
the row router outperforms the column router. Higher values indicate stronger pairwise advantage of the row router, while lower values
indicate weaker relative performance against the corresponding column router.
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