This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for thiswatermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

VL-RouterBench: A Benchmark for Vision—-Language Model Routing

Zhehao Huangh'

Yuhang Liu' Ning Lu?

Baijiong Lin*

Y Jingyuan Zhang® Jingying Wang!
Tao Li'!  Xiaolin Huang"

nstitute of Image Processing and Pattern Recognition, Shanghai Jiao Tong University
>The Hong Kong University of Science and Technology (Guangzhou)
3The Hong Kong University of Science and Technology
{kinght.h, tonyzhang666, highmore, yuhangliu, li.tao, xiaolinhuang}@sjtu.edu.cn

{blin241}@connect.hkust-gz.edu.cn

Abstract

Multi-model routing has evolved from an engineering
technique into essential infrastructure, yet existing work
lacks a systematic, reproducible benchmark for evaluat-
ing vision—language models (VLMs). We present VL-
RouterBench to assess the overall capability of VLM routing
systems systematically. The benchmark is grounded in raw
inference and scoring logs from VLMs and constructs qual-
ity and cost matrices over sample—model pairs. In scale,
VL-RouterBench covers 14 datasets across 3 task groups, to-
taling 30,540 samples, and includes 15 open-source models
and 2 API models, yielding 519,180 sample—model pairs and
a total input—output token volume of 34,494,977. The evalu-
ation protocol jointly measures average accuracy, average
cost, and throughput, and builds a ranking score from the
harmonic mean of normalized cost and accuracy to enable
comparison across router configurations and cost budgets.
On this benchmark, we evaluate 10 routing methods and
baselines and observe a significant routability gain, while
the best current routers still show a clear gap to the ideal
Oracle, indicating considerable room for improvement in
router architecture through finer visual cues and modeling
of textual structure. We open-source the complete data con-
struction and evaluation toolchain to promote comparability,
reproducibility, and practical deployment in multimodal rout-
ing research. Project is available at VI,.—-RouterBench.

1. Introduction

In multi-model systems [1], the router has gradually evolved
from an engineering optimization technique into critical in-
frastructure. As model families diversify and differ markedly
in inference cost and capability, a single model can no longer
ensure both performance and efficiency across all request
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Figure 1. Overall performance comparison on VL-RouterBench. The x
and y-axis are Average Cost and Average Accuracy, respectively. Gray dots
denote the performance of single models at different costs, and “Strongest”
and “Cheapest” mark the baselines that use only the strongest or the cheapest
model. The gray dashed curve depicts the Pareto frontier fitted from these
single-model points (only models near the frontier are shown for clarity).
“1st RouterDC”, “2nd VLC”, and “3rd MLP” indicate the top three routers
by Rank Score. Points closer to the upper left reflect a better accuracy—cost
trade-off. The results show that even advanced routers still have a noticeable
performance gap to the Oracle in the VLM routing setting.

types [2]. To address this, a router [3] performs dynamic
model selection at the query level, enabling flexible trade-
offs between quality and cost. The routing ecosystem built
around this goal is expanding rapidly. In recent years re-
search [4—7] has shown that selecting models at the task or
sample level can substantially reduce average inference cost
and end-to-end latency while largely preserving output qual-
ity, and on this basis more systematic evaluation practices
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Figure 2. We propose VL-RouterBench to systematically assess the overall performance of vision-language model routing strategies. The three diagrams on
the left, middle, and right represent Router Data Preparation (Sec. 3.2), Router Training (Sec. 3.3), and Router Evaluation (Sec. 3.4), respectively.

and open benchmarks [8—11] have emerged, advancing the
routing paradigm from static rule based configuration to data
driven learned router. At the same time, several mainstream
commercial model families have embedded routing capabili-
ties within unified product interfaces so that the underlying
system can automatically schedule across models, for exam-
ple the GPT-5 ! includes built in routing. Construction and
evaluation of effective routers has become a shared need for
engineering deployment and academic research.

Although routing research for large language mod-
els (LLMs) [12] is maturing, the vision—language model
(VLM) [13] domain has long lacked a systematic and re-
producible routing benchmark. Unlike LLM routing, VLM
routing faces more challenges on multiple fronts. First, the
task types supported by VLMs are highly diverse, including
visual question answering (VQA) [14-18], visual reason-
ing [19-22], and chart OCR [23-26], and different tasks em-
phasize different aspects of model capability, which makes it
more difficult to define what constitutes an “optimal” routing
decision within a unified framework. Second, the mechanism
of multimodal fusion remains an open problem [27]. Differ-
ent VLMs vary substantially in modality interaction and se-
mantic representation, which further increases the difficulty
of router design and evaluation. Beyond these challenges,
VLM routing also addresses issues introduced by the visual
modality, such as the density of visual semantics [28] and
cross-modal alignment [29]. These factors collectively dis-
tinguish VLM routing from LLM routing and constitute its
unique difficulties. In view of these differences, we consider
it both necessary and urgent to construct a VLM specific
routing benchmark that can drive reproducible progress in
the research and deployment of VLM routing systems.

We present VL-RouterBench to systematically evaluate
the overall capability of VLM routing strategies. To ensure

lhttps ://openai.com/index/introducing-gpt—-5
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reproducibility and comparability, we design a complete
pipeline around router data preparation, router training, and
router evaluation, as shown in Fig. 2. First, for data, we
use raw inference and scoring logs from VLMs to construct
quality and cost matrices. For each sample we retain the im-
age path and textual instruction, the raw answers produced
by each candidate model, correctness labels obtained by
rule based evaluation as quality, and the counts of input and
output tokens, from which we compute the sample level in-
ference cost. In router training, we employ an adjustable soft
label strategy that explicitly controls the trade-off between
accuracy and cost, and we consider two routing architec-
tural paradigms, namely feature-level routers and end-to-end
routers. In router evaluation, we measure average accuracy,
average cost, and throughput for each router on the test set,
and we combine normalized cost and average accuracy by a
harmonic mean to yield a single rank score, which allows re-
searchers to compare different designs under a unified scale
for accuracy and cost. Through large scale data collection,
VL-RouterBench covers 14 datasets across three task groups
with 30,540 samples, includes 15 open source models and 2
API models, and yields 519,180 sample—model pairs with a
total input—output token volume of 34,494,977.

On VL-RouterBench, we systematically evaluate 10 rout-
ing methods and baselines, and further analyze the impact
of different text and visual encoders, multimodal feature
fusion methods, and multimodal backbones on routing per-
formance, yielding conclusions that are consistent across
settings and practically informative. First, we observe a
significant routability reward. Under comparable or even
lower cost, learned routing systems generally deliver stable
gains in accuracy over any single model, which indicates
that differences in difficulty and structure among multimodal
samples can be effectively captured by lightweight routers.
Second, text and visual embeddings followed by simple fu-
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sion schemes, such as normalized concatenation, suffices to
support highly competitive routers and is consistently supe-
rior to counterparts that use only a single modality, which
shows that multimodal input provides additional and fine
grained discriminative signals for routing decisions. Finally,
there remains a noticeable gap between the best current rout-
ing methods and the ideal Oracle, which suggests substantial
potential for improving router architectures through finer
visual cues and through modeling of layout and textual struc-
ture, as shown in Fig. 1.
Our main contributions are summarized below:

. We propose VL-RouterBench, a large scale benchmark
for VLM routing systems that provides unified data and
protocols for comparison of different routing methods.

. We design a complete pipeline that covers data prepara-
tion, router training, and evaluation, and we introduce
an adjustable soft label strategy that enables controllable
trade-offs between accuracy and cost during training.

. We conduct comprehensive comparisons and ablations of
multiple routing methods on the benchmark, revealing the
performance gap between current methods and the ideal
Oracle, and offering guidance for future architectural
design of VLM routers.

2. Related Work
2.1. Routing Systems

Multi-model routing systems [1] aim to dynamically select
the most suitable model for each input to balance quality,
cost, and throughput. Early methods [30], employed heuris-
tic cascading strategies, invoking models in cost order to
significantly reduce inference overhead. Later, systems [31]
modeled routing as the “quality-cost-throughput” trilemma,
validating the comprehensive advantages of learned routing
in real-world scenarios. In terms of training methods, exist-
ing work can be divided into three categories: supervised
learning based on performance logs [8], preference-based
binary routing [32], and soft label training based on reward
models [4, 33]. Although MoE models [34] also have rout-
ing mechanisms, they focus on conditional computations
within a single network, which fundamentally differs from
routing at the system level. Current research is mainly fo-
cused on LLM routers, and this paper extends the routing
paradigm to vision—language scenarios, combining feature-
level routing with end-to-end encoders to explore the impact
of cross-modal representations on routing performance.

2.2. Vision-Language Models

The rapid development of general VLMs [13] provides a rich
pool of candidate models for routing. BLIP-2 [35] provides
a solution for cost-effective multimodal modeling by using a
lightweight query Transformer, leveraging frozen image en-
coders and large frozen language models for vision-language
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pretraining. Building upon this, LLaVA [36] introduces vi-
sual instruction fine-tuning. InstructBLIP [37] systematically
investigates cross-task instruction fine-tuning processes and
module designs, reflecting the impact of training paradigms
on generalization. Recently, the Qwen2.5-VL series [27]
introduced a dynamic resolution mechanism, assigning adap-
tive numbers of visual tokens to each image, thereby clearly
revealing the trade-off between visual fidelity and computa-
tion. In terms of evaluation, VLMEvalKit [38] integrates
hundreds of proprietary and open-source large VLMs along
with dozens of benchmark datasets under a unified genera-
tive protocol, enabling consistent cross-model comparison
and large-scale log collection. Based on this ecosystem, our
benchmark collects datasets from major VLM task groups,
and pairs them with VLMs to provide standardized inference
pathways for routing data.

2.3. Router Benchmarks

Routing evaluation for LLMs has gradually moved towards
standardization in recent years. RouterBench [8] first pro-
posed a systematic routing evaluation framework, providing
theoretical analysis and comparisons across various routers
based on a unified log format, offering a template and upper-
bound estimation protocol for log-driven routing research.
Subsequently, RouterEval [9] scaled up and systematically
reported the model-level scaling-up phenomenon resulting
from increased candidate pools and router capabilities meet-
ing the mark, emphasizing the structural benefits of the
routing paradigm relative to the single strongest model.
To enhance horizontal comparability, RouterArena [11]
built a routing evaluation dataset that covers a wide range
of categories and difficulty levels, accompanied by multi-
dimensional metrics including accuracy, cost ratio, optimal
selection rate, latency, and robustness, along with an auto-
mated leaderboard update process, significantly lowering
the barrier for new routing methods to be incorporated and
continuously evaluated. All of the above benchmarks fo-
cus on text routing, whereas this paper is the first to build
a unified evaluation benchmark tailored to the multimodal
characteristics of VLMs, providing reproducible training and
evaluation protocols.

3. VL-RouterBench Pipeline

3.1. Problem Formulation

We consider a routing framework for VLMs. Let the sample
setbe D = {z; = (I;, T;)} Y ,, where I; denotes an image
or a set of images and 7; denotes a textual instruction. The
candidate multimodal model set is M = {m;}}Z,. For any
sample 4, the input is the multimodal pair z; = (I;,T;). A
router parameterized by 6 takes x; as input and produces
a decision distribution over models 7y (- | z;), and during

testing the model with the highest probability is selected as



the routed model:

Ry ; = R(0,z;) = argmax mg(m; | x;). )
je{1,...,.M}

This formalization enables routers to adaptively assign each
input, based on its visual and linguistic content, to the most
suitable VLM.

To systematically balance routing accuracy and cost, we
model router training as a multi objective optimization prob-
lem. Let Y;; and C; ; for each sample—model pair (3, j)
denote a performance indicator (such as accuracy) and an
inference cost (such as spending dollars). The training ob-
jective is

minIE[—Y;,Rg_i] +A E[Ci,Rei]v 2)
0 ) .

performance risk expected cost

where A > 0 controls the penalty strength on cost. The
objective jointly minimizes performance risk and expected
cost to achieve a controllable balance of overall effectiveness,
which provides a clear theoretical foundation for subsequent
router training methods and supports systematic comparison
and analysis of different routing strategies.

3.2. Router Data Preparation

We uniformly extract routing data from the inference and
scoring artifacts of VLMEvalKit [38] to construct a stan-
dardized benchmark that ensures fairness and reproducibility
of evaluation. To maintain consistency in quality assess-
ment, we adopt a widely used setting in VLM evaluation
where each sample prompt contains a single image and cor-
rectness can be verified by rule-based criteria, for example
multiple choice and answer matching, thereby avoiding bi-
ases introduced by multi image inputs or subjective judg-
ment. During data construction we do not consider task
group labels of samples. Instead we organize the minimal
data unit that records dataset name, sample index, image
path, textual prompt, model name, model output, a boolean
label for accuracy, and cost of input and output tokens.
Using an automated verification procedure that compares
model answers with the ground truth, we obtain a correct-
ness label Y; ; € {0,1} for each sample—model pair (3, j)
and aggregate all records to form the global quality matrix
Y € RV*M for accuracy assessment. Cost is computed
from token statistics in actual inference logs together with
public model price sheets. Specifically, for sample ¢ and
model j the cost is

_ in in out out
Ci)]‘ = ni}j . Cj + n; i.7 Cj 5 (3)

where ni? ; and no‘" denote the numbers of input and output

tokens respectlvely, and cJ and 2" are the corresponding
prices per million tokens for that model. This yields the cost

matrix C' € RY*M for cost assessment. VL-RouterBench

covers 14 datasets with 30,540 samples and involves 15 open
source models and 2 API models, resulting in 519,180 com-
plete inference records and a total token count of 34,494,977.
The specific datasets and model choices are detailed in
Sec. 4.1 and Sec. 4.2.

3.3. Router Training

We divide the entire routing dataset into a training set Dy,
a validation set Dgey, and a test set Dy, with the ratio |Dy| :
|Dyev| : |Die] = 7 : 1 : 2. This split is designed to ensure
sufficient model training, reliable hyperparameter tuning,
and independence of the final evaluation. The validation
set is used to optimize the router hyperparameters under
preset evaluation metrics so as to strike a reasonable balance
between accuracy and cost.

Accuracy—Cost—-Aware Soft Label Strategy. To introduce
the trade-off between accuracy and cost into router training,
we solve the Lagrangian optimization problem in Eq. (2)
and obtain an analytic soft label target as

1Y, ; =1} -9\ (Ci )

4
2 iy, =191 (Cij) @

() =

where 1(-) is the indicator function and g, () is a positive
function that is monotonically decreasing in cost. Its proof is
provided in Appendix D. Intuitively, the router should place
probability mass only on models that answer correctly and
should prefer a correct model with lower cost. In practice, we
adopt an exponential cost decay gy (c¢) = exp(—Ac), which
yields a soft label target whose accuracy—cost trade-off is
controlled by the hyperparameter \ > 0:

1{3/1',]' = 1} . GXp(—A . Ci,j)
ijyi,jzl exp(=A-Cij)

As shown in Fig. 2, when A = 0, cost is ignored and prob-
ability is distributed uniformly over all correct models, so
the router focuses solely on accuracy. As A — oo, the
objective strongly favors low cost, and the soft label de-
generates to selecting only the cheapest correct model. For
0 < A < 400, the objective continuously balances accuracy
and cost. We then train the router parameters ¢ with the
following soft label cross entropy loss:

A .
t™N () =

®)

Loois(6: ) IDtr\ SRL(EY [ mol- [ 2)  ©)
1€ Dyr
(>\) ) )
|Dtr Lg; zj:t (—logme(m; | ). (7)

Regarding router architectures, we explore two paradigms.
The first uses pretrained encoders to extract text and image
features separately and then makes routing decisions with a
classifier, as the feature-level router. The second processes



multimodal inputs in an end-to-end manner and directly out-
puts the model selection, as the end-to-end router. Specific
implementations are detailed in Sec. 4.3 and Appendix H.

3.4. Router Evaluation & Metrics

To objectively compare different routers, we establish a
multi-dimensional evaluation protocol centered on accuracy,
cost, and efficiency. Let Ry ; denote the final model decision
made by the router for sample x;. (1) Average Accuracy
(Avg. Acc.) is

1

A= D] ®

E E,Rg_yw

1€ Dte

measured in percent and reflecting the overall correctness of
routing decisions. (2) Average Cost (Avg. Cost) is

E Ci,Rgﬂ',v

1€Dye

1

C:m (9)

by default presented as $/10K samples, which quantifies the
economic overhead during inference. (3) To promote com-
parability across router configurations, we follow [11] and
introduce a multi-objective Rank Score that harmonically
averages log normalized cost and accuracy. We first apply
bounded normalization to cost. Given the full-sample cost
range [Cmin, Cmax ), the normalized cost is

logy (emax) — logs (C')

Cnorm = ;
logy (¢max) — 10g3(Cmin)

100 x

(10)

which is multiplied by 100 to align with the percentage scale
of Avg. Acc. We then combine accuracy and normalized
cost using the harmonic mean as

(1 + 6) : A : CVnorm
6 : A + Cnorm ’

S(B) = (an

where $ > 0 controls the preference between quality and
cost. By default we set 8 = 0.1 to prioritize accuracy. (4)
Throughput measures system efficiency as the number of
tokens processed per second in thousands of tokens per sec-
ond (#K tokens/s), which evaluates the response efficiency
of a deployed router system. (5) In addition to the quan-
titative metrics mentioned above, we further describe the
overall trade-offs at different operating points by plotting
accuracy—cost curves. For each given router, all its operating
points in the accuracy—cost plane can be fitted into a curve,
forming the Pareto frontier. Intuitively, the Pareto frontier
closer to the upper left indicates that higher accuracy can be
achieved at the same cost, or that lower cost can be achieved
at the same accuracy. The detailed process of how to fit the
Pareto frontier will be explained in Appendix E.
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Figure 3. Dataset distribution in VL-RouterBench. The inner ring shows
the three groups, and the outer ring lists the individual datasets. The numbers
in parentheses indicate the number of samples contained in each entry.

4. Benchmark Curation

4.1. Datasets

Our benchmark curates 14 datasets across three task groups,
namely General, STEM, and Charts OCR, in order to in-
duce sufficient routability differences and to cover diverse
real application scenarios. The General group includes MM-
Bench [14], MMStar [15], MMMU [16], RealWorldQA [17],
InfoVQA [18], and HallusionBench [39], which together bal-
ance broad knowledge, evaluate cross domain understanding,
assess infographic comprehension, and measure robustness.
The STEM group covers MathVista [19], MathVision [20],
MathVerse [21], and AI2D [22], focusing on structured vi-
sual cues and symbolic reasoning in mathematics and sci-
entific diagrams. The Charts and OCR/Document group
contains ChartQA [23], DocVQA [24], TextVQA [25], and
OCRBench [26], and it systematically examines chart read-
ing and integrated OCR capability. The data distribution is
shown in Fig. 3, with detailed descriptions of the datasets
available in Appendix F. This grouping and unified process-
ing provide a solid foundation for routers to learn generaliz-
able selection boundaries across multiple tasks.

4.2. Models

The core principle in building our model candidate pool is
to ensure sufficient heterogeneity across models in terms
of scale, architecture, and pricing, in order to realistically
simulate the “quality—cost-latency” trilemma faced in ac-
tual deployment scenarios. To achieve this, we selected 15
open-source models and 2 API models, covering a param-
eter range from approximately 1B to 78B parameters, and
incorporating a variety of mainstream vision encoding and
modality alignment paradigms. The selected open-source



Table 1. VLMs used in our benchmark, sorted by parameter count, with
per-million-token prices for input and output. For the MoE model, m-A-n
represents the total number of m B parameters in the model and the number
of n B parameters activated during inference. All model prices are estimated
based on the model size, compared with the prices on Together.ai.

Model Params Input Price Output Price
(B) ($/1M tokens) ($/1M tokens)
Janus-Pro-1B [40] 1.0 0.05 0.05
DeepSeek-VL2-Tiny [41] 27.0-A-1.0 0.05 0.05
SmolVLM2 [42] 22 0.06 0.06
Kimi-VL-A3B-Thinking-2506 [43] 16.0-A-2.8 0.20 0.25
Phi-3.5-Vision [44] 42 0.10 0.10
DeepSeek-VL2 [41] 27.0-A-4.5 0.35 0.50
Janus-Pro-7B [40] 7.0 0.18 0.25
MiMo-VL-7B-RL [45] 7.0 0.20 0.30
LLaVA-Next-Vicuna-7B [36] 7.0 0.20 0.20
Qianfan-VL-8B [46] 8.0 0.18 0.25
Pixtral-12B [47] 12.0 0.25 0.35
Gemma3-27B [48] 27.0 0.35 0.50
Qwen2.5-VL-32B-Instruct [27] 32.0 0.40 0.60
Qwen2.5-VL-72B-Instruct [27] 72.0 0.80 1.20
InternVL2.5-78B [49] 78.0 1.00 1.50
Gemini-Flash-2.5 [50] - 0.30 2.40
GPT-4o [51] 2.50 10.00

models include: DeepSeek-VL2 [41], DeepSeek-VL2-
Tiny [41], Gemma3-27B [48], InternVL2.5-78B [49], Janus-
Pro-1B [40], Janus-Pro-7B [40], Kimi-VL-A3B-Thinking-
2506 [43], LLaVA-Next-Vicuna-7B [36], MiMo-VL-7B-
RL [45], Phi-3.5-Vision [44], Pixtral-12B [47], Qianfan-
VL-8B [46], Qwen2.5-VL-32B-Instruct [27], Qwen2.5-VL-
72B-Instruct [27], and SmolVLM2 [42]. The API models
include GPT-40 [51] and Gemini-Flash-2.5 [50]. Model pric-
ing is derived from the publicly available pricing policies
of the Al cloud platform Together.ai”, supplemented
by estimates based on model size for those not listed. This
approach ensures that cost metrics are both comparable and
additive across all candidate models. A summary of model
parameters and associated pricing is provided in Tab. 1, with
comprehensive model descriptions available in Appendix G.

4.3. Routing Methods

Training-Free Baselines. We begin by introducing a set
of training-free routing strategies to establish essential per-
formance references for evaluating subsequent data-driven
routers. Among them, Oracle establishes the theoretical
performance upper bound for any router. It operates with
perfect foresight: for each input sample, it selects the lowest-
cost model that produces a correct response. If no model
can answer the sample correctly, it falls back to the glob-
ally cheapest model to minimize cost. Formally, for a
given sample x;, we define the set of correct models as
Si 2 {je{l,...,M} | Y;; = 1}. The Oracle routing
decision is given by:

* arg minjesi Ci,j, if Sl # (%)
R (2;) = . (1)
argmingegy . vy Cij, ifS; =0
https://www.together.ai/
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Strongest always selects the single model with the highest
average accuracy on the entire training set Dy,:

R® T;) = ar ma; Y; 13
() gJE{l M} ‘Dtr| Z b (13)

Conversely, Cheapest always selects the single model with
the lowest average cost over the training set Dy;:

2 Cis-

1E€Dyr

RY(z;) = arg  min (14)

je{1,..

M} |Dtr|

We now proceed to describe the two learning-based rout-
ing paradigms systematically studied in this benchmark.

Feature-level Routers. Feature-level routers extract em-
beddings el = ET(T;),el = E!(I;) from the frozen text
encoder ET and visual encoder E’, respectively. The fea-
tures from both modalities are then aggregated using a fusion
function F(, ) to form a single feature z; = F(el,el). A
lightweight classifier is then trained on this feature to predict
the model selection distribution 7y (- | z;) = Cls(z;). We
explore various classifier architectures, including KNN [52],
PRKNN [53], OVR [54], K-means [52], Linear [52], and
MLP [52], among others (see Appendix H for details). The
training objective uses the previously defined accuracy—cost-
aware soft label cross-entropy loss. The advantage of this
paradigm lies in its excellent portability and training stabil-
ity, which is well-suited for rapid iteration and feature-level
ablation studies on large-scale offline logs, such as replacing
visual encoders or adjusting fusion strategies, to better un-
derstand the contribution of multimodal representations to
routability. Corresponding ablation results are presented and
analyzed in Sec. 5.4.

End-to-End Routers. directly learn the routing decision
function from raw images and texts, fine-tuning the en-
tire router network to adapt to specific task combinations.
The goal is to capture finer-grained vision—language rout-
ing signals on high-difficulty samples. We refer to the de-
sign of BERT-Router [32] in traditional language model
routing and explore four vision—language encoders as the
backbone for routing: VisualBERT [55], UNITER [56],
LXMERT [57], and VILBERT [58], constructing a Vi-
sion-Language—Classification (VLC) Router and fine-tuning
all parameters using the previously mentioned soft label
cross-entropy loss. Additionally, we introduce various
existing end-to-end routing training strategies, such as
CosineCls [4], RouterDC [4], ZOOTER [33], etc., and
evaluate their generalization capabilities in vision-language
scenarios. Detailed descriptions of the vision—language en-
coder structures and routing training strategies can be found
in Appendix H, with related architecture ablation studies
presented in Sec. 5.4.
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Table 2. Performance of Router Methods on VL-RouterBench. The best and second-best 051 K
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5. Experiments
5.1. Pilot Study between Oracle and Models

We first evaluate all candidate models along with the Oracle
router on VL-RouterBench, and summarize the outcomes
in Fig. 1 with full results provided in the Appendix J. The
Oracle, representing the ideal routing strategy, achieves the
highest accuracy at a very low cost, highlighting the sig-
nificant potential of routing systems to enhance the cost-
effectiveness of VLMs. Moreover, the substantial accuracy
gap between the Oracle and any single model indicates con-
siderable variation in model performance across different
samples, underscoring the existence of meaningful routing
signals that can be exploited. It is also worth noting that
certain open-source models deliver higher accuracy at lower
costs compared to other candidates, emphasizing the chal-
lenge and opportunity in designing routers that effectively
balance accuracy and cost in real-world settings.

5.2. Main Results on Router Methods

We evaluate all routing methods on VL-RouterBench
after training with soft labels that reflect different
accuracy-cost trade-offs. Specifically, we consider A =
{0, 10,100, 1000, 10000, +0c0}, and the detailed training
settings together with the hyperparameters of each method
are provided in Appendix J. Tab. 2 reports, for each method,
the results corresponding to its best Rank Score under the
different trade-off settings. Most routing methods surpass
the Strongest baseline, which is the single model with the
highest accuracy, indicating that routing can indeed achieve
high performance at lower cost than any single model. With
a multimodal encoder architecture, the improved RouterDC

closer to the upper left, the better the accuracy-cost trade-off.

attains the best Rank Score and reaches accuracy close to
the strongest single model while using only one fifth of the
cost. Fig. 4 presents the accuracy-cost Pareto frontiers of all
methods to assess router performance across the global cost
span. RouterDC and MLP significantly outperform the other
routing methods and achieve similar Pareto optimal fronts.
Nevertheless, there remains a substantial gap to the optimal
Oracle, which suggests ample room for developing routers
with better accuracy-cost trade-offs, while our benchmark
provides a reproducible platform for such experimentation.

5.3. Latency Profile

As the central component for model selection, the router
must satisfy low latency and high throughput. The Through-
put metric in Tab. 2 shows that end to end router methods
usually achieve a better accuracy and cost trade-off than
feature level routers, yet their throughput is slightly lower
due to the complexity of the backbone itself. For feature
level routers the primary throughput bottleneck lies in the
extraction of feature embeddings. Our benchmark offers a
solid platform for studying lighter and higher throughput
multimodal architectures specifically designed for routers.

5.4. Ablation Study

Text and Visual Encoders. We conduct ablations on the
encoders used to extract text and visual embeddings in the
feature level router. Considering different embedding di-
mensions and architectures, we evaluate 5 text encoders,
namely E5-small/base/large-v2 [59], GTE-large [60], and
BGE-M3 [61], and 5 visual encoders, namely DINOv2-
small/base/large [62], CLIP-L-14 [29], and SigLIP-L-

9518



73.5
Foemalg 715265 715879 | 718188 | 722146
) 73.0
Esbeesd| 71622 | 712227 | 720144 | 718642 | 721142
5
2 £
2 ESlagev2 | 715238 | 719046 | 715248 | 713006 | 71.9171 73
= (1024) § . i i : E
2 F
ﬁ -4
GThloge. 718534 | 72,3851 | 721202 616 72.1186 720
BGENS. 713665 | 719455 028 838 6336 715
\‘\ ;‘* &, > N
N ,%‘\\.Z‘bb‘\ S5 e N8 S
i Ve S < » QO
& & & &

Vision Encoder

Figure 5. Performance comparison of different text and visual encoders
paired on MLP with A = 100. The brackets indicate the dimension of the
encoder’s output embedding. Other settings are the same as in Table 2.

16 [63]. We pair them in all combinations and train an MLP
router. As shown in Fig. 5, increasing the dimensionality of
text and visual embeddings effectively improves the router
Rank Score. We adopt the best combination, BGE-M3 and
SigLIP-L-16, as the embedding configuration for the feature
level router.

Fusion Methods. We further examine fusion strategies after
obtaining text and visual embeddings. We consider using
only the text embedding (Only-Text), only the image em-
bedding (Only-Image), simple concatenation (Concat), nor-
malization followed by concatenation (Normalize-Concat),
and weighted fusion (Weighted-Average). We also include
two methods that introduce additional projection parameters
for fine tuning, GMU [64] and MLB [65]. Definitions of
these methods are provided in Appendix H. Using the fused
features, we train an MLP and report results in Tab. 3. As ex-
pected, Only-Text and Only-Image perform weaker because
they use only one modality. GMU and MLB respectively
emphasize accuracy and cost, but they are not competitive in
terms of Rank Score. In contrast, Normalize-Concat yields
the best accuracy and cost trade-off and is adopted as the
default fusion method for all feature level routers. This indi-
cates that there remains ample space to explore multimodal
embedding fusion methods tailored for routing.

End-to-End Router Backbones. We next study the im-
pact of the backbone in end-to-end routers. In addition to
the 4 multimodal encoders that process both text and im-
ages in Sec. 4.3, we include two single modality baselines:
BERT [66] from typical LLM router settings using only text,
and MobileNetV4 [67] from the vision modality using only
images. The performance of different backbones is reported
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Table 3. Performance comparison of different fusion methods on MLP
with A = 100. The best and second-best results are highlighted in bold and
underlined, respectively. Other settings are the same as in Table 2. Results
are presented as mean and standard deviation across 5 independent trials.

Fusion Method ‘ Avg. Acc. T Avg. Cost | Rank Score 1 Throughput 1
Only-Text 7141+£1.42 0.60+£0.11  70.9741.14 350.96
Only-Image 71.89+0.61 0.504+0.13  71.824+0.42 250.39
Concat 72.35+£0.93 0.63+£0.06  71.70+1.03 146.71
Normalize-Concat | 74.61+1.31  0.554+0.11  74.05+1.06 145.12
Weighted-Average | 74.784+1.02  0.64+0.10  73.81+1.09 146.41
GMU [64] 81.81+1.71 3.32+£0.09  69.1241.44 141.25
MLB [65] 66.43+0.14 0.30+£0.04  67.6640.57 141.04

Table 4. Performance comparison of different backbones on VLC using
A = 100. The best and second-best results are highlighted in bold and
underlined, respectively. Other settings are the same as in Table 2. Results
are presented as mean and standard deviation across 5 independent trials.

Backbone ‘ Image Text ‘ Avg. Acc. T Avg. Cost | Rank Score © Throughput 1
BERT [66] X v | 63.15£0.85 0.30+0.02  64.55+0.32 8.10
MobileNetV4 [67] v X |76.55+1.14 3.92+0.45  63.3340.72 8.93
VisualBERT [55] v v | 70.54£1.12 0.43+0.12  70.89+0.72 6.32
UNITER [56] v v | 67.69+1.10 0.39+0.06  68.43+0.72 6.44
LXMERT [57] v v | 71.43£1.03 0.51+0.02  71.36+0.81 6.74
VIiLBERT [58] v v | 70.55+£1.08 0.45+0.10 70.81+0.68 5.76

in Tab. 4. Because they consider only one modality, BERT
and MobileNetV4 achieve markedly lower Rank Score than
the four multimodal encoders. Among the multimodal en-
coders the results are very close, and we choose LXMERT,
which attains the highest Rank Score, as the backbone for the
end-to-end router. We expect that our benchmark could facil-
itate the development of multimodal encoder architectures
designed for routing to further improve performance.

6. Conclusion

In this paper, we introduced VL-RouterBench, a systematic
and reproducible benchmark for routing in VLM systems.
Grounded in raw inference and scoring logs from a pool of
15 open source models and 2 API models over 14 datasets
for a total of 519,180 records, the benchmark constructs
aligned sample—-model quality and cost matrices that capture
performance—cost trade-offs at scale and support a unified
ranking score. On top of this construction, we defined an
evaluation protocol that measures average accuracy, average
cost, and throughput, and we evaluated 10 routing methods
and baselines. The results reveal a clear routability reward:
learned routers consistently outperform any single model at
comparable or lower cost, while a sizable gap to the ideal
Oracle frontier persists, especially in scenarios that require
finer visual cues and more precise modeling of textual struc-
ture. We open source the complete pipeline. Looking ahead,
VL-RouterBench can be naturally extended to more complex
VLM settings, such as multiple image inputs or datasets with
subjective or preference-based evaluation, thereby further
broadening the application scope of routing and bringing
benchmarks closer to real-world multimodal workflows.
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