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

Supplementary Material

A. Limitations

Here are some potential limitations of VL-RouterBench:
 Single Image Input. The current framework primarily
considers single-image input scenarios for VLMs. This de-
sign limitation excludes more complex scenarios, such as
multiple image inputs, which are relevant for many practi-
cal multimodal tasks like image captioning or image-based
question answering that involve dynamic and large-scale
images. Extending the benchmark to handle multi-image
inputs could provide a more comprehensive evaluation of
the routing system’s capabilities

Binary Output Decision. The routing decisions in the
VL-RouterBench are based on a binary output model se-
lection (correct or incorrect), while many real-world sys-
tems could benefit from more continuous score outputs. A
more nuanced approach could involve probabilistic scor-
ing, which would better capture the range of performance
variation across models, improving the overall understand-
ing of how well a model performs relative to another in a
cost-sensitive manner.

Limited Evaluation of Cross-Modality. Despite the ex-
tensive VLM dataset coverage across multiple domains,
there is still a significant gap in evaluating cross-modal
fusion mechanisms and multi-modal model capabilities.
The benchmark primarily evaluates performance based on
visual and textual data independently, but real-world ap-
plications often require complex fusion between multiple
modalities, including audio, video, or even non-textual
semantic information.

Robustness to Noisy or Imperfect Data. VL-
RouterBench is constructed from standardized logs with
clean single-image prompts, and does not explicitly stress-
test routers under noisy or imperfect inputs (e.g., typos,
paraphrasing, or spurious visual artifacts). As a result, our
evaluation primarily reflects routing performance under
curated benchmark conditions and may overestimate ro-
bustness in real-world deployments where query quality
is highly variable. Extending VL-RouterBench with per-
turbed or user-generated inputs and robustness-oriented
metrics is an important direction for future work.

B. Implications

VL-RouterBench provides not only a standardized bench-
mark for VLM routing, but also several broader implications
for the design of multimodal systems, routing algorithms,
and future evaluation practice.

¢ Implications for multimodal representation and router
architecture. Our results show that lightweight multi-

modal representations (frozen text and image encoders
with simple fusion) already support competitive feature-
level routers, while end-to-end VLC-style encoders further
improve Rank Score at a modest throughput cost. This
suggests that routing primarily relies on coarse but discrim-
inative multimodal features, motivating router-specific en-
coders optimized for predicting which downstream model
will succeed rather than for full answer generation.
Cost-aware training as a general recipe. By casting rout-
ing as a multi-objective optimization over performance and
cost and deriving a soft-label target that concentrates prob-
ability on correct yet cheaper models, VL-RouterBench
provides a generic recipe for cost-aware training. The
same Lagrangian-based construction can be reused in other
multi-LLM or multi-VLM settings such as tool selection,
CoT depth selection, or dynamic resolution control.
Towards more realistic multimodal routing workloads.
Built from large-scale VLMEvalKit logs over 14 datasets
and 17 models, VL-RouterBench already approximates
a realistic mixture of General, STEM, and Charts/OCR
workloads, enabling offline prototyping of routing policies
and their quality—cost—throughput trade-offs. It also en-
courages workload-aware routing, where router designs
and model pools are tailored to domain-specific mixtures
of difficulty and modality structure.

Bridging LLM routing benchmarks and multimodal
routing. VL-RouterBench extends existing LLM rout-
ing benchmarks into the multimodal regime, showing that
ideas such as log-based evaluation, deferral curves, opti-
mality analysis, and model-pool scaling transfer naturally
but face new challenges from visual tokens and cross-
modal alignment. This offers a shared conceptual and
tooling foundation for unified routing frameworks across
text-only LLMs, VLMs, and future audio or video models.

C. Ethics Statement

* Data Sources and Privacy. All data in VL-RouterBench

originates from established vision-language benchmarks
and the VLMEvalKit framework. We use only publicly
available images, texts, and annotations under their re-
spective licenses. The benchmark involves no human data
collection, no user interaction, and no attempt to identify
individuals. To our knowledge, the underlying datasets
contain no personally identifiable information.

Methodological Scope. Our routing approach operates
purely at the model selection level and does not modify
model internals or training data. While the benchmark
itself involves no real-world deployment, we note that



selected models may inherit and potentially amplify biases,
stereotypes, or harmful behaviors present in their original
training corpora.

* Use Restrictions. We explicitly prohibit using VL-
RouterBench or its components for optimizing routing in
harmful applications, including discrimination, misinfor-
mation, or surveillance systems. Any practical deployment
should incorporate independent safety mechanisms and
domain-specific guardrails.

D. Proof of the Soft Label Strategy

We consider the routing framework for VLMs described in
Sec. 3.1. Let the dataset be D = {x; = (I;,T;)}¥, and the
candidate model set be M = {m;;}}Z,. For each sample x;,
a router with parameters 6 produces a distribution 74 (- | x;)
over models and selects
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For each sample—model pair (7, j), let Y; ; denote a per-
formance indicator (e.g. correctness) and C; ; denote the
inference cost. The global training objective can be written
as the following multi-objective problem:

inn E [_YLRQ,J +AE [C’ivRG,J’ (A2)

performance risk expected cost

where A > 0 controls the strength of the cost penalty.

To derive a cost-aware soft target, we first relax the hard
decision Iy ; to a distribution over models at each sample.
For a fixed sample x;, instead of choosing a single model,
we consider a probability vector ¢; = (¢;(1),...,¢(M)) €
RM, Z;Vil ¢i(j) = 1. A natural sample-wise relaxation of
Eq. (A2) is then

M
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which trades off performance and cost in expectation at x;.
To encourage non-degenerate, smooth distributions, we
add an entropy regularizer with temperature 7 > 0:

min ZQi(j) (=Yi; +ACij) — TH(q), (Ad)

where H(q;) = — Z;L; qi(j) log g;(4) is the Shannon en-
tropy. We now show that, under the assumption that incorrect
models are forbidden, the unique minimizer of Eq. (A4) co-
incides with a cost-weighted soft label supported only on
correct models.

Fix a sample z; and let

Si={jef{l,....M}:Y;; =1} (A5)

be the set of models that are correct on x;. Assume S; # &
and that incorrect models are forbidden, i.e. ¢;(j) = 0 when-
ever Y; ; = 0. Consider the entropy-regularized problem

M
min 3 q(j) (1 Yi; +ACiy) — TH(g:), (A6)
j=1
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0, otherwise,

where & = A\/7 > 0. In particular, g; coincides with the
cost-aware soft label tg’\)( j) under 7 = 1 defined by
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0, otherwise,

since only correct models contribute to the denominator.

Proof. Because incorrect models are useless for training
router, we may restrict ¢; to be supported on S;. Define the
restricted simplex

Af ={g:q(j) >0, ¢(G)=0VYj¢S}. (A9)

For j ¢ S; we have Y;; = 0, and under the constraint
qi(j) = 0 these terms do not affect the optimization. On S;,
we have Y; ; = 1 and therefore

1-— }/i,j =0, Vj e S;. (A10)
Thus, on A} the objective in Eq. (A6) simplifies to
Li(a:) =) a:(j)\Ciy — TH(a), (Al1)
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up to an additive constant that does not depend on ¢;. Since
H (q;) is strictly concave and the linear term in ¢; is convex,
the objective L;is strictly convex on A;", and hence has a
unique minimizer.

We now compute this minimizer via Lagrange multipli-
ers. Introduce a scalar multiplier y for the normalization
constraint ) ;5. gi(j) = 1. The Lagrangian is

T(gis1) = Y a:(i) ACij — TH(g) + (D a:(j) = 1).
JES; JES;
(A12)
Taking the derivative with respect to ¢;(j) for j € S; and
setting it to zero yields
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Rearranging gives

p—ACi;

T

log ¢;(j) = -1, (A14)

so that
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where we set « = A\/7 and Z; = exp(l — u/7) is a nor-
malization constant independent of j. Imposing the simplex
constraint ) ;5. ¢i(j) = 1 determines Z; as

Z; = Z exp(—aCi k). (A16)
keS;
Therefore the unique minimizer g is
—aC; ;
Gi(j) = { 2z OV (A17)
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which establishes Eq. (A7). Finally, note that
e = Y emaCik, (A18)
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since all terms with k& ¢ S; vanish after multiplying by
the indicator 1y, ,—; in the definition of tEA) (7). Hence
¢7 (j) coincides with tz(’\)(j) under 7 = 1, completing the
proof. O

E. Pareto Frontier Fitting

To rigorously evaluate the trade-off between inference cost
and generation quality, we analyze the Pareto Frontier of
the routing system. While RouterBench [8] proposes a geo-
metric approach based on the Non-Decreasing Convex Hull
(NDCH), we implement a parametric exponential saturation
model to characterize the diminishing returns of computa-
tional investment and estimating the theoretical performance
ceiling.

We approximate the Pareto frontier using a smooth expo-
nential saturation function. Let x denote the average cost
and y denote the average accuracy. We fit the empirical data
to the following non-linear equation:

yz)=a-(1—e %) +¢ (A19)
where c represents the floor performance approximated by
the minimum performance in the Pareto set. a + c represents
the asymptotic maximum performance that the routing strat-
egy could theoretically achieve given an infinite budget. b is
the shape parameter and a larger b indicates high marginal

utility in the low-cost regime, characterizing a highly effi-
cient router.

We perform curve fitting using the Trust Region Reflec-
tive algorithm to minimize the least squares error. To ensure
robust convergence, we initialize the parameters based on the
empirical Pareto points, and the goodness of fit is validated
using the coefficient of determination.

F. Detailed Information about the Datasets

F.1. General

* MMBench [14] provides a robust evaluation of 20 fine-
grained skills using 3,217 meticulously balanced questions.
It introduces a novel CircularEval strategy and uses GPT-4
for answer matching to ensure a comprehensive and robust
assessment of multi-modal abilities.

* MMStar [15] is an elite “vision-indispensable” multi-
modal benchmark comprising 1,500 meticulously human-
selected samples, covering 6 core capabilities and 18 de-
tailed axes. The dataset is designed to rigorously evaluate
Large VLMs by eliminating samples that can be solved
without visual input, thereby addressing data leakage and
ensuring true multi-modal competency.

e MMMU [16] evaluates multimodal models on massive
multi-discipline tasks demanding college-level knowledge
and deliberate reasoning. It comprises 11.5K questions
across six core disciplines and 30 heterogeneous image
types, challenging models with expert-level content akin
to professional exams.

* RealWorldQA [17] is a benchmark designed for evaluat-
ing basic real-world spatial understanding capabilities of
multimodal models. The dataset comprises 765 images.

* InfoVQA [18] benchmarks the understanding of complex
infographics, requiring joint reasoning over layout, textual
content, and graphical elements. With 30,035 questions
across 5,485 images, it specifically challenges models
to perform elementary reasoning on diverse data visual-
izations, bridging the gap between computer vision and
document understanding.

» HallusionBench [39] stands out as a diagnostic suite tai-
lored to dissect “Language Hallucination x Visual Illu-
sion” failure modes. Comprising 1,129 handcrafted VQA
pairs, it utilizes a unique structure of original versus expert-
modified images to test visual dependency rigorously. This
approach moves beyond simple accuracy to quantitatively
analyze specific failure dimensions.

F.2. STEM

* MathVista [19] combines diverse mathematical and visual
challenges to evaluate fine-grained visual understanding
and compositional reasoning. Integrating 28 existing and
three new datasets, it covers 6,141 examples across varied
visual contexts and seven distinct reasoning types.



e MathVision [20] offers 3,040 high-quality visual math
problems meticulously selected from 19 math competi-
tions across 12 grades. Strictly cross-validated by experts,
it balances open-ended and multiple-choice formats, cov-
ering 16 mathematical disciplines to measure reasoning
depth.

* MathVerse [21] assesses genuine visual diagram un-
derstanding by transforming problems into six versions
with varying multi-modal information. It features 2,612
problems across geometry and functions, employing a
novel Chain-of-Thought (CoT) evaluation strategy for fine-
grained reasoning assessment.

e AI2D [22] addresses diagram interpretation using over
5,000 grade-school science diagrams. It uniquely employs
Diagram Parse Graphs (DPG) to model syntactic structure
and semantic relationships. With 150,000 rich annotations
and 15,000 multiple-choice questions, it challenges mod-
els to decode visual symbolism—such as arrows indicating
process flow versus consumption—beyond simple object
recognition.

F.3. Chart OCR

e TextVQA [25] challenges models to read and reason about
text embedded within images to answer questions. Com-
prising 45,336 human-generated questions across 28,408
text-rich images (e.g., billboards, signs) from the Open
Images dataset, the benchmark requires integrating optical
character recognition (OCR) with semantic reasoning to
address complex queries involving scene text.

e ChartQA [23] addresses the limitations of synthetic
datasets by evaluating visual and logical reasoning on
20,882 real-world charts collected from diverse online
sources. It combines 9,608 human-written questions with
23,111 questions generated from summaries, overcoming
issues of fixed vocabularies and template-based queries
to support complex reasoning tasks involving aggregation
and comparison.

* DocVQA [24] drives a “purpose-driven” approach to doc-
ument analysis, featuring 50,000 questions across 12,767
diverse industry documents (e.g., forms, letters) from the
UCSF Library. It challenges models to move beyond sim-
ple text extraction, requiring the interpretation of complex
layouts, handwriting, and non-textual elements to retrieve
information effectively.

¢ OCRBench [26] is a comprehensive benchmark tailored
to evaluate the OCR capabilities of Large Multimodal
Models. It comprises 1,000 manually verified question-
answer pairs spanning five diverse components: text recog-
nition, scene-text VQA, document VQA, key informa-
tion extraction, and handwritten mathematical expressions.
This design rigorously tests models on identifying and rea-
soning with text across varied visual contexts, from artistic
fonts to complex documents.

G. Detailed Information about the Models

G.1. Open-source models

DeepSeek-VL2 [41] is a Mixture-of-Experts vi-
sion—language model featuring a total of 27B parameters,
with roughly 4.5B parameters activated during inference.
It offers a strong and competitive open-source baseline,
serving as a higher-capacity counterpart to its Tiny variant.
Official release: https : / / github . com /
deepseek—ai/DeepSeek-VL2
DeepSeek-VL2-Tiny [41] is a cost-efficient MoE variant
with 27B total parameters but only 1B activated per token.
It maintains reasonable multimodal performance while
significantly reducing computational cost.

Official release: https : / / github . com /
deepseek—-ai/DeepSeek-VL2

Gemma3-27B [48] is a 27B dense VLM based on the
Gemma3 architecture, offering strong general multimodal
performance and serving as a competitive upper-tier open-
source model.

Official release: https://github.com/google-
deepmind/gemma

InternVL2.5-78B [49] is a 78B high-capacity VLM
with advanced vision processing and strong reasoning
ability. It is the largest model in our open-source pool and
enriches the high-end of the Pareto frontier.

Official  release: https : / / github . com /
OpenGVLab/InternVL

Janus-Pro-1B [40] is a lightweight 1B VLM designed for
cost-sensitive scenarios. Its compact transformer and ViT
structure make it suitable as an extremely efficient routing
candidate.

Official  release: https : / / github . com /
deepseek—-ai/Janus

Janus-Pro-7B [40] is a 7B dense VLM equipped with
a larger language backbone and a more capable vision
encoder than the 1B variant, representing a standard
mid-sized open-source model.

Official release: https : / / github . com /
deepseek-ai/Janus
Kimi-VL-A3B-Thinking-2506 [43] is a reasoning-
optimized MoE VLM with 2.8B activated parameters.
Although efficient, it often produces longer output
sequences due to its “thinking-mode” tuning.

Official release: https : / / github . com /
MoonshotAI/Kimi-VL

LLaVA-Next-Vicuna-7B [36] is a popular LLaVA-style
baseline built on Vicuna-7B with a CLIP-like vision en-
coder. It performs well on standard VQA and everyday
multimodal tasks.

Official release: https://github.com/LLaVA-
VL/LLaVA-NeXT

MiMo-VL-7B-RL [45] is a 7B VLM improved with
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reinforcement learning to encourage more deliberate
reasoning. It provides an alternative training paradigm
compared with purely supervised LLaVA models.
Official release: https : / / github .
InternLM/MiMo

e Phi-3.5-Vision [44] is a vision-augmented version
of the Phi-3.5 language model, using a SigLIP-style
vision encoder. It demonstrates strong efficiency and
STEM-oriented reasoning performance.
Official release: https : / / github .
microsoft/Phi-3

 Pixtral-12B [47] is a 12B dense VLM offering competi-
tive performance in document understanding and visual
reasoning. It provides a middle-high capacity option be-
tween 7B and 27B models.
Official release: https:
mistralai/Pixtral

¢ Qianfan-VL-8B [46] is an 8B instruction-tuned VLM
from Baidu Qianfan, filling the performance gap between
7B and 12B models and enhancing diversity in the mid-
range model pool.

com /

com /

/ /huggingface . co/

Official release: https://gianfan.cloud.baidu.

com

* Qwen2.5-VL-32B-Instruct [27] is a 32B VLM equipped
with resolution-adaptive visual tokenization, making input
cost sensitive to image size. It provides high accuracy and
strong general reasoning.
Official release: https://github.com/QwenLM/
Qwen2.5-VL

* Qwen2.5-VL-72B-Instruct [27] is a 72B flagship model
offering state-of-the-art open-source multimodal reason-
ing. It is one of the most powerful open-source models in
our evaluation.
Official release: https://github.com/QwenLM/
Qwen?2.5-VL

* SmolVLM2 [42] is a 2.2B compact VLM combining a
CLIP-based vision encoder with a lightweight language
model. It strikes a balance between cost and performance
and strengthens the low-to-mid capacity tier.
Official release: https://huggingface.co/
SmolVLM

G.2. API models

¢ Gemini-Flash-2.5 [50] is a closed-source multimodal
model accessed through API, optimized for high through-
put and low latency. Token usage and cost follow the
official API billing.
Documentation:
gemini—-api

¢ GPT-40 [51] is a frontier multimodal model from OpenAl
providing top-tier performance with relatively low input
cost but high output-token cost. Token usage is taken di-
rectly from API response metadata.

https ://ai . google . dev/

Documentation:
com/docs

https://platform. openai .

H. Detailed Information about the Routing
Methods

H.1. Router Strategy

* K-Nearest Neighbors (KNN) [52] We implement a
similarity-based router using the KNN algorithm, extend-
ing the text-based routing approach to the multimodal
domain. The core basis is that queries sharing similar vi-
sual and textual semantic features should be best served
by the same underlying VLM.

Pairwise Preference Aggregated KNN (PRKNN) [53]
Unlike the standard KNN router which relies on a single
“hard” label per training sample, discarding information
about second-best options or close calls, PRKNN utilizes
the full correctness matrix and cost matrix of the retrieved
neighbors to perform a fine-grained pairwise comparison.
* One-vs-Rest (OVR) [54] We implement a decomposi-
tional routing strategy based on the One-vs-Rest (OVR)
framework. OVR treats the routing problem as a set of
K independent binary classification tasks, where K is
the number of candidate models in the pool. It assumes
that the “best” model is the one with the highest indepen-
dent probability of correctness, effectively maximizing the
expected accuracy.

K-means [52] We implement a similarity-based routing
approach using K class means, where K is the number
of models and a nearest centroid classifier. Instead of
storing all training samples, this method aggregates the
multimodal features of queries and images best suited
for a specific model into a single representative vector.
This method significantly reduces inference latency, as it
requires only K dot products, rather than searching the
entire training database.

Linear [52] We implement a parametric routing baseline,
Linear, which treats the model selection task as a stan-
dard multi-class classification problem. Linear learns a
global linear decision boundary in the multimodal feature
space. Given the fused feature vector x € R4, the router
computes a probability distribution p over the K candi-
date models via a linear transformation followed by the
Softmax function.

Multi-Layer Perceptron (MLP) [52] We implement a
non-linear parametric router using a Multi-Layer Percep-
tron (MLP), which serves as a more expressive alternative
to the linear baseline [52]. This method learns a non-linear
mapping from the multimodal feature space to the model
selection probability distribution, capturing complex inter-
actions between visual and textual semantics.

Cosine Classifier (CosineCls) [4] We implement a metric-
based routing approach that learns a shared embedding
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space for both queries and candidate models, leveraging
the architecture and Sample-LLM contrastive learning
objective proposed in the Cosine Classifier framework [4]
to VLM Router. Cosine method fine-tunes a Transformer
encoder, to align user queries directly with learnable model
prototypes based on semantic suitability.

* Dual-Contrastive Router(RouterDC) [4] We implement
the RouterDC framework to VLM Router, which extends
the previously described Cosine Classifier by incorporat-
ing a dual-contrastive learning objective. While the Co-
sine Classifier focuses solely on aligning queries with
model prototypes (Sample-LLM alignment), RouterDC
introduces an auxiliary Sample-Sample objective to reg-
ularize the embedding space by preserving the semantic
manifold structure of the queries. We implement the Rou-
terDC framework to VLM Router, which extends the previ-
ously described Cosine Classifier by incorporating a dual-
contrastive learning objective. While the Cosine Classifier
focuses solely on aligning queries with model prototypes
(Sample-LLM alignment), RouterDC introduces an auxil-
iary Sample-Sample objective to regularize the embedding
space by preserving the semantic manifold structure of the
queries.

e Zooter [33] We implement Zooter, an end-to-end rout-
ing framework that fine-tunes a pre-trained Transformer
encoder to predict optimal model selection directly from
raw text and vision queries, eliminating the need for fixed,
pre-extracted embeddings. The router employs a standard
Transformer encoder architecture followed by a classifica-
tion head. Zooter supports both hard and soft label training
regimes to balance performance and cost.

H.2. Fusion Method

Let the visual embedding be denoted as v € R% and the
textual embedding as q € R%. We implement the following
fusion strategies to construct a unified representation f for
the routing policy.

¢ Concatenation This method preserves the full informa-
tion from both modalities by joining the vectors along the
channel dimension. The fused representation is defined as:

fconcat = [V; q] € Rvardqv (A20)

where [-; -] represents the concatenation operation.

* Normalized Concatenation To mitigate scale discrepan-
cies between the visual and textual encoders, we apply Lo
normalization to each embedding prior to concatenation:

f S .-
norm-concat — Hv||27 HqHQ N

(A21)

* Weighted Average To allow the model to adaptively
prioritize one modality (e.g., text-dominant vs. image-
dominant queries), we introduce a learnable scalar coeffi-

cient « € [0, 1]:

fo-avg = av+ (1 —a)q. (A22)

* Gated Multimodal Unit (GMU) [64] This approach uses
a learnable gating mechanism to control the information
flow from each modality per sample. We compute a gate
vector z via a sigmoid activation o

z=c(W)v+Wiq+b,). (A23)
The final fused representation combines the transformed
features using z as a soft switch:

fomu = zO tanh(W,v) + (1 —z) © tanh(W,q). (A24)

where ©® denotes the element-wise product.
¢ Multimodal Low-rank Bilinear (MLB) Fusion [65] To
capture multiplicative interactions between modalities effi-
ciently, MLB projects the inputs into a common space and
fuses them via element-wise multiplication (Hadamard
product): To capture multiplicative interactions between
modalities efficiently, MLB projects the inputs into a com-
mon space and fuses them via element-wise multiplication
(Hadamard product):
h=c(W'v)® U(WqTq). (A25)
where o is typically the hyperbolic tangent (tanh) function.
The final routing prediction is obtained by passing this
fused representation through a linear classifier:

g = softmax(WMLph + bMLp). (A26)

H.3. Router Backbone

We use pretrained transformer models in multiple methods

like Cosine Classifier [4], RouterDC [4], Zooter [33], etc.

We select BERT [66], MobileNetv4 [67], VisualBERT [55],

UNITER [56], LXMERT [57] and VILBERT [58] as differ-

ent backbones for experiment and choose the best one to com-

bine with these methods, which turns out to be LXMERT.

* BERT [66] We use BERT as the text-only backbone for
our end-to-end router. BERT’s key innovation is its ability
to learn representations by conditioning on both left and
right context through two pre-training objectives: Masked
Language Modeling (MLM), which randomly masks 15%
of input tokens and predicts the original vocabulary based
on context, and Next Sentence Prediction (NSP), a binary
classification task to predict whether sentence B follows
sentence A. The special [CLS] token at the beginning
of each sequence provides an aggregate representation,
hycrs;, which is used for classification to predict the opti-
mal model index.

* MobileNetV4 [67] We use MobileNetV4 as the image-
only backbone for our end-to-end router. MobileNetV4’s



key innovation is the Universal Inverted Bottleneck (UIB)
block, which combines the classical Inverted Bottleneck
(IB) and ConvNext-style block into a flexible component.
The UIB adapts during architecture search, enabling it
to function as an IB, ConvNext block, or Feed-Forward
Network (FFN) to optimize performance across diverse
hardware. To capture long-range dependencies without
the overhead of traditional Self-Attention, MobileNetV4
introduces Mobile MQA (Multi-Query Attention), which
shares keys and values across attention heads to reduce
memory bandwidth demands while preserving global con-
text modeling. This hybrid architecture strikes an excel-
lent balance between latency and accuracy, making Mo-
bileNetV4 ideal for real-time routing with minimal infer-
ence overhead.

e VisualBERT [55] We use VisualBERT as a text-image
backbone, representing “single-stream” multimodal archi-
tectures. VisualBERT’s key feature is its unified modeling
approach, where visual tokens (derived from images) are
directly concatenated with text embeddings and processed
through a single stack of Transformer layers. This design
enables early fusion, allowing deep, self-attention-based
interaction between text tokens and image regions at ev-
ery layer. Compared to late-fusion models, VisualBERT
captures fine-grained grounding more effectively, while
leveraging pre-trained BERT weights to accelerate conver-
gence.

e UNITER [56] We adopt UNITER, a unified Trans-
former model for joint image-text representation learning.
Through pre-training on tasks like Masked Language Mod-
eling, Image-Text Matching, and Word-Region Alignment
(via Optimal Transport), it achieves robust cross-modal
alignment. UNITER’s universal representations enable
strong zero-shot or fine-tuned performance on diverse
downstream tasks using a single set of weights.

* LXMERT [57] We employ LXMERT as a representative
dual-stream architecture for multimodal fusion. It pro-
cesses vision and language inputs separately before fusing
them through a cross-modality encoder. This design en-
ables strong unimodal representation learning and excels
in complex reasoning tasks like VQA.

¢ VILBERT [58] We utilize VILBERT, a dual-stream archi-
tecture that extends BERT to multimodal data. It processes
vision and language in separate Transformer streams, in-
teracting through co-attentional layers. These layers use
cross-modal attention (e.g., vision queries attend to lan-
guage keys/values) to enable context-aware fusion while
preserving modality-specific representations.

I. Implementation Details

All trainable routers in our benchmark share the same
data pipeline and optimization protocol, independent of
the specific architecture (feature—level routers or end-to-
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Figure Al. Accuracy heatmap on three representative models,
Qwen2.5-VL-72B, DeepSeek-VL2-Tiny, and MiMo-VL-7B. The
datasets are grouped into three task groups: General, STEM, and
Charts OCR, shown in different colors.

end routers). We start from the VL-RouterBench logs,
which provide for each sample z; = (I;,T;) a binary or
real-valued quality vector Y; € RM over the M candidate
models and a corresponding cost vector C; € RM. The
full quality and cost matrices are denoted by Y € RV*M
and C € RV*M where N is the number of samples. We
use the pre-defined t rain/dev/test splits, with the ratio
|Dy| : |Daev| : D] =7:1:2.

To supervise the router, we derive either hard or soft
training targets over the M experts from (Y;, C;) via the
multi—objective formulation in Sec. 3.3. Concretely, we
compute a target distribution that concentrates probabil-
ity mass on models with high quality and low cost, con-
trolled by a trade-off parameter A\. We use a set of A =
[0.0,10.0,100.0, 1000.0, 10000.0, 4+00] in the experiments
to control the trade-off between accuracy and cost. For
feature-level routers we first compute a fixed text embedding
for T;; and then train a shallow classifier on top. For end-to-
end routers we attach a task-specific classification head to
the final [CLS] or pooled multimodal representation of the
visual-language backbone. Unless otherwise specified, we
train all routers with AdamW, a learning rate of 2 x 1075,
batch size 16, and weight decay 0.01, using a cosine decay
schedule thereafter. We train for at most 5 epochs.

J. Additional Experiments
J.1. Benchmark Dataset Analysis

We study how accuracy is distributed across task
groups/datasets and models. As illustrated by Fig. A1 on
three representative models, VL-RouterBench contains both
easy and hard samples rather than being saturated. Impor-
tantly, these models show clearly different strength pro-
files: Qwen2.5-VL-72B is consistently strong but expen-
sive; DeepSeek-VL2-Tiny remains competitive on Charts
OCR subsets despite weaker General and STEM; MiMo-
VL-7B performs well on General and STEM but collapses
on multiple Charts OCR subsets. These results demonstrate
meaningful complementarity that routing can exploit.

J.2. Ablation Study on 3 in Rank Score

We visualize Rank Score under different /3, including 5 =
0.01,0.1,1.0,10.0,100.0, which controls the trade-off be-
tween accuracy and cost. Fig. A2 shows that Oracle con-
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Figure A2. Rank Score comparison of different 3 values on Oracle,
RouterDC, VLC, MLP, and Cheapest.

Table Al. Performance comparison of top routers on VL-
RouterBench under multi-cost framework. Other settings are the
same as in Tab. 2.

Router |Avg. Acc. T Avg. Cost | Avg. Mem. | RS* 1 Rank |
Oracle 95.47 0.41 12.20 93.69 0
RouterDC 70.40 0.72 16.35 70.48 1
VLC 65.62 0.35 11.32 68.09 2
MLP 65.54 0.49 12.72 67.38 3

sistently achieves the highest score, while learned routers
outperform Cheapest in regimes where accuracy remains im-
portant. As S becomes large, scores shift predictably toward
cost-minimizing routers, causing Cheapest to rise. We note
that /3 serves as an application-oriented parameter: users
with strict budget constraints may increase (3, whereas those
prioritizing quality may decrease it.

J.3. Extended Multi-cost Framework

To better reflect real deployment overhead, we extend VL-
RouterBench with an additional cost metric: KV-cache mem-
ory (currently available for open-source models). Specifi-
cally, we construct a per-sample, per-model KV proxy from
(1) logged token counts in inference records and (ii) model ar-
chitectural KV parameters. Note that this metric is currently
computed for open-source models where architectural de-
tails are accessible. Building on this, we formalize multi-cost
routing as an optimization problem: maximizing expected
correctness subject to both financial ($) and hardware (KV)
resource constraints:

moin ]E[ - Yé,Re,i] + e ]E[Ci’Re‘J +Am E[Mzk%ez]’

which yields a Lagrangian with multiplier (Ac, Aps). Fol-
lowing the original soft-label derivation, we generalize the
target distribution by replacing the single-cost energy with a
multi-cost energy:

_ WYi,; =1} exp(=FEi;(N)
Zm:Yi,mzl eXp(_Ei,m()‘)) ’
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where C', M*" are obtained via bounded log scaling for nu-
merical stability and comparability across magnitudes. For
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Figure A3. Accuracy distribution on different routing difficulty
levels for top routers. |S;| is the number of models correctly an-
swering sample ¢.

Table A2. Performance comparison of learned routers on held-out
datasets. Routers are trained on 11 seen datasets (ID) and evaluated
on 3 held-out datasets (OOD). Other settings are the same as in
Tab. 2.

R | D \ 00D
outer

‘Avg. Acc. T Avg. Cost | Rank Score T ‘ Avg. Acc. T Avg. Cost | Rank Score 1
Oracle 94.85 0.39 92.87 96.78 0.47 93.94
RouterDC 73.62 0.53 73.26 68.81 0.54 68.88
VLC 72.09 0.49 72.07 69.36 0.52 69.44
MLP 71.61 0.73 70.66 55.53 0.86 55.79

evaluation, we use a formal KV-cache memory metric, M kv
(MiB), which allows us to report Avg.Mem. alongside the
existing Avg.Cost. We also define a Tri-RankScore RS* by
combining A, C’, and M** and using a weighted harmonic
mean with (B¢, Bar)=(0.1,0.1):

* (1 + ﬁC + BZ\/I) A Cnorm Mnorm
RS = = = .
(5C7 51\4) OnormMnorm + BC AMnorm + BM Acnorm

In experiments under this KV-aware protocol, results in
Tab. Al show that router comparisons become more
deployment-informative and RouterDC attains the best Tri-
RankScore among learned routers. Importantly, any further
cost metrics can be integrated into our multi-cost optimiza-
tion framework through the same formalization process.

J.4. Oracle-Best Gap Study

To analyze the source of the Oracle-Best gap, we focus on
routing-sensitive samples. We stratify instances by |S;| (the
number of models correctly answering sample ¢), which
serves as a proxy for routing difficulty (smaller |S;| means
harder routing). As shown in Fig. A3, while top routers con-
sistently outperform Random baseline, their performance
drops sharply as difficulty increases, leaving substantial
room for improvement relative to Oracle on hard-route sam-
ples. This indicates that the Oracle—Best gap is primarily
driven by routers’ limited ability to extract sufficiently dis-
criminative multimodal signals when only a few specialized
models can solve the instance. These hard-route cases there-
fore keep our benchmark challenging and motivate future
work on stronger multimodal routing.

J.5. Generalization on Held-out Dataset

To investigate generalization of learned routers, we introduce
a held-out-dataset protocol: we select one unseen dataset



per task group (default: MMMU for General, MathVision
for STEM, and ChartQA for Charts/OCR), train routers on
the remaining 11 datasets, and evaluate on ID (test splits of
the 11 seen datasets) versus OOD (test split of the 3 held-
out datasets only). We then report the ID and OOD Avg.
Acc., Avg. Cost, and Rank Score. Under this stricter setting,
learned routers remain competitive on OOD and preserve
meaningful behavior rather than collapsing, e.g., RouterDC
achieves 68.88 OOD Rank Score generalized from 73.26 ID
Rank Score. Results are shown in Tab. A2.

J.6. Results on Oracle and Models

We provide the detailed results of all candidate models and
the Oracle router on VL-RouterBench in Fig. A4. The Oracle
represents an ideal routing policy and achieves the highest
average accuracy at very low average cost, which highlights
the substantial potential of routing systems for improving
the cost effectiveness of VLM deployments. It is also note-
worthy that the two API models, despite their significantly
higher prices, do not obtain better average accuracy than
several cheaper open source candidates. This pattern poses a
challenge for practical router design, since an effective rout-
ing strategy must explicitly avoid high cost options whose
accuracy does not justify their price and instead maintain a
favorable balance between accuracy and cost.

J.7. Detailed Results on Each Dataset

We further report per-dataset detailed results under different
values of )\, as shown in Tab. A3-Tab. A8. These tables
characterize the accuracy-cost trade-offs achieved by differ-
ent routing methods across a wide range of A, providing a
fine-grained view of how each method adapts under varying
cost preferences.
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Table A3. Performance comparison of router methods on VL-RouterBench across datasets for A = 0.0. Avg. Acc. is average accuracy (%),
Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and underlined,
respectively (excluding Oracle and baseline methods).

. ‘ Baselines Hard Label Soft Label (A = 0.0)
Group Dataset Metric
‘ Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBench Avg. Acc. 1 | 99.46  71.89 57.84 40.54 4324 6649 7027 68.65 68.65 79.46 80.00 67.03 71.89
Avg. Cost | | 0.23 2.97 0.14 0.18 0.21 1.67 2.89 2.17  3.02 4.18 2.82 3.03 2.16
InfoVQA Avg. Acc. T | 96.49 83.28 53.68 5836 61.87 81.10 80.60 77.93 81.10  80.60 81.10  82.61 80.77
Avg. Cost ] | 0.37 2.19 0.14 024 029 14 2.09 1.66 1.73 0.99 1.12 1.20 1.61
£ MMBench Avg. Acc. 1 | 98.16 89.86 69.59 69.59 81.11 8525 7097 8295 87.56  90.32 9032  87.10 84.79
g ene Avg. Cost] | 0.24 2.22 0.13 0.19 0.27 2.26 1.17 1.55 1.90 5.33 2.52 1.84 1.57
MMMU Avg. Acc. 1 | 9846  74.36 45.64 42,05 5333 60.00 6564 67.69 7692 77.44 76.41 7538 7231
Avg. Cost | | 0.64 3.24 0.17 041 043 695 1059 1133 1322 17.54 7.06 12.91 10.65
MMStar Avg. Acc. T | 96.68 72.76 49.17 5448 59.80 68.44 66.11 63.46 70.76 75.08 72.76 69.44 74.75
a Avg. Cost | | 0.36 2.29 0.14 025 029 2385 1.68 176 2.78 7.98 8.26 2.58 2.78
RealWorldQA Avg. Acc. 1 | 99.32 77.40 67.12 5548 6370 67.81 6027 69.86 69.86  78.08 7740  74.66  80.14
Avg. Cost| | 0.22 2.20 0.13 0.14 0.18 146 1.17 1.15  1.84 3.55 3.77 2.27 1.78
AID Avg. Acc. T | 99.69 88.21 7233 6745 7358 80.66 7642 76.10 83.80  87.11 86.95 8270 84.43
Avg. Cost| | 0.24 2.19 0.13 0.16 0.19 2.05 2.56 1.20 294 7.17 2.10 2.02 2.40
s MathVerse Avg. Acc. 1 | 90.36  49.74 23.05 59.77 6797 6875 6693  69.53 71.09  62.37 66.15  69.92  52.99
= Avg. Cost | | 1.06 4.67 0.18 1.64 170 4.01 3.19 399  4.04 7.85 2.59 3.87 2.55
12
MathVision Avg. Acc. 1 | 89.55 38.81 1343  28.36 23.88 35.82 4627 49.25 50.75  61.19 61.19 5075 61.19
Avg. Cost| | 1.77 8.16 0.17 123 072 1310 5.64 992 1550 26.73 2.73 1930 24.39
MathVistz Avg. Acc. 1T | 95.85 75.13 5130 53.89 7098 7720 73.58 72.54 79.27 76.68 77.20 76.17 79.79
AV Avg. Cost] | 036 5.00 0.16 050 054 346 281 379 482 952 667 354 445
ChartQA Avg. Acc. 1 | 97.80 86.20 81.00 81.40 80.80 81.00 40.60 70.20 83.80  70.60 76.40  83.20  82.60
o Avg. Cost | | 0.21 2.19 0.14 0.14 0.17 1.09 0.69 038 0.98 1.74 0.86 1.30 1.34
3
A DocVOA Avg. Acc. 1 | 98.56  91.48 78.95 78.66 80.48 8555 8230  80.19 88.13 87.85 88.04 8737 89.57
°§ Avg. Cost] | 0.18 2.18 0.14 0.15 0.18 1.22 1.25 0.58 134 0.98 0.21 1.34 1.41
% OCRBench Avg. Acc. T | 99.06 89.20 80.28 77.00 81.22 8592 79.34 81.22 86.85 93.90 94.37 89.67 87.32
ene Avg. Cost| | 0.23 2.41 0.14 0.16 0.19 144 0.96 071 1.61 1.60 0.68 1.77 1.70
TextVOA Avg. Acc. 1 | 89.46  73.85 7213 7098 72.13 67.05 66.09 6829 71.26 67.62 6849 7356 69.73
Avg. Cost | | 0.18 2.15 0.13 0.14 0.16 1.12 1.81 0.33 1.86 1.31 0.84 1.41 0.78
%D Avg. Acc. 1 | 95.60  78.01 6243 6626 70.68 7549 70.01 73.08 78.62 77.19 78.24  78.65  76.70
Z; All Datasets ~ Avg. Cost | 0.37 2.72 0.14 038 041 218 2.21 1.82 275 3.37 1.14 2.53 2.32
< Rank Score 1| 93.68 68.88 64.63 67.13 71.09 6892 64.62 68.23 69.19 65.90 74.81 70.04 69.36




Table A4. Performance comparison of router methods on VL-RouterBench across datasets for A = 10.0. Avg. Acc. is average accuracy (%),
Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and underlined,
respectively (excluding Oracle and baseline methods).

. | Baselines Hard Label Soft Label (A = 10.0)
Group Dataset Metric
‘Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBenchy AVE: Ace. T | 9946 71.89 57.84 4054 4324 6649 7027 7351 6595 61.08 5838  70.81 6541
Avg. Cost) | 023 297 0.4 018 021 167 28 313 098 017 019 090 149
Ifovoa  Ave Acc. 1| 9649 8328 5368 5836 61.87 8110 80.60 7241 78.60 57.19 65.05 8311 8043
Avg. Cost| | 037  2.19 014 024 029 1.4 209 087 131 024 043 200 172
E MMBench | AveAcc. 1| 98.16 8986 6959  69.59 8LIL 8525 70.97 8295 89.86 7742 7972 88.02  89.86
(5:“ ene Avg. Cost) | 024 222 013 019 027 226 117 244 108 024 028 093 162
MMMU Avg. Acc. 1 | 9846 7436  45.64 4205 5333 6000 6564 7077 5846 4821 5179 62.05  60.00
Avg. Cost] | 0.64 324 017 041 043 695 1059 1164 159 033 031 108 116
MMStar Avg. Acc. T | 96.68 7276  49.17 5448 59.80 6844 66.11 6744 69.10 56.81 59.14  69.77 7043
Avg. Cost| | 036 229 014 025 029 285 168 233 105 024 024 083 133
RealWorldga  AVE Ace. 79932 7740 67.12 5548 6370 6781 6027 6712 6986 6370 61.64 7192 7945
Avg. Costl | 022 220 013 014 018 146 117 191 070 016 0.31 127 129
AID Avg. Acc. 1 | 99.69  88.21 7233 6745 7358 80.66 7642 7956 83.02 73.58 7280 8616  84.28
Avg. Cost] | 024  2.19 013 016 0.9 205 256 220 110 017 0.21 150 137
= MathVerse AV Acc. 1| 90.36 4974 2305 $9.77 6197 6875 6693 6771 69.92 6471 5768 6211 6432
= Avg. Cost| | 1.06  4.67 018 164 170 401 3.9 333 328 392 239 152 218
1%}
Mathvision  Ave: Acc. T | 8955 3881 1343 2836 23.88 3582 4627 4627 4925 4925 3731 5224 5224
Avg. Cost] | 1.77 8.16 017 123 072 1310 564 707 255 916 117 178 178
MathVisa  Ave-Ace. 1| 9585 7513 5130  53.89 7098 7720 73.58  76.17 8187  62.69 62.18 7172 7172
ANVIST Ave Cost) | 036 5.00 016 050 054 346 281 372 190 077 044 114 117
Chaga  AVEAcc.T| 9780 8620 8100 8140 8080 8100 4060 7940 8400 8240 8340  87.00 81.20
Y Avg. Cost | | 021 2.19 014 014 017 109 069 136 058 0.17 022 085 158
o
a Docvoa  AveAcc. [ 9856 9148 7895 7866 8048 8555 8230 8278 8507 79.14 8124 9014  88.52
< Avg. Costl | 0.18  2.18 014 015 018 122 125 062 065 0I5 0.21 159 120
5 OCRBench ~ AV&-Acc.7[99.06 8920 8028 7700 8122 8592 7934 8028 8826 81.22 8545  88.26  85.45
NN Ave. Cost] | 023 2.41 014 016 019 144 096 118 106  0.16 021 057 097
Texvoa  Ave Ace.T| 8946 7385 7213 7098 72.13 6705 6609 6638 7270 7241 70.59  70.88  71.74
Avg. Costl | 0.18  2.15 013 014 016 112 181 105 057 014 017 062 031
% Avg. Acc. 1 | 95.60  78.01 6243 6626 70.68 7549 7001 7397 7732  69.88 70.99  78.09  77.26
5 All Datasets ~ Avg. Cost] | 037 272 014 038 041 218 221 208 122 077 053 123 130
< Rank Score 1| 93.68  68.88 64.63  67.13 71.09 6892 6462 68.10 73.73 6898 70.89 7433 73.40




Table AS. Performance comparison of router methods on VL-RouterBench across datasets for A = 100.0. Avg. Acc. is average accuracy
(%), Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and
underlined, respectively (excluding Oracle and baseline methods).

. ‘ Baselines Hard Label Soft Label (A = 100.0)
Group Dataset Metric
‘ Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBench Avg. Acc. 1 | 99.46  71.89 57.84 4054 4324 6649 7027 67.03 5892  56.22 59.46  59.46  58.38
Avg. Cost | | 0.23 2.97 0.14 0.18 0.21 1.67 2.89 1.56 0.33 0.20 0.21 0.23 0.19
InfoVQA Avg. Acc. T | 96.49 83.28 53.68 5836 61.87 81.10 80.60 79.77 7441  65.05 68.06  67.56  56.69
Avg. Cost ] | 0.37 2.19 0.14 024 029 149 2.09 1.71  0.56 0.36 0.44 0.60 0.21
£ MMBench Avg. Acc. 1 | 98.16 89.86 69.59 69.59 81.11 8525 7097 8341 7742 80.18 81.57 8249  68.66
g ene Avg. Cost] | 0.24 2.22 0.13 0.19 0.27 2.26 1.17 1.32 0.30 0.23 0.44 0.34 0.20
MMMU Avg. Acc. 1 | 9846  74.36 45.64 42,05 5333 60.00 6564 68.72 5590 51.28 53.85 5333  54.87
Avg. Cost | | 0.64 3.24 0.17 041 043 695 1059 1021 052 0.41 0.45 0.50 0.49
MMStar Avg. Acc. T | 96.68 72.76 49.17 5448 5980 6844 66.11 62.13 6445 60.47 58.80 60.47 61.13
Avg. Cost | | 0.36 2.29 0.14 025 029 2385 1.68 2.66 0.36 0.30 0.30 0.32 0.30
RealWorldQA Avg. Acc. 1 | 99.32 77.40 67.12 5548 6370 67.81 60.27 6507 67.12  65.07 6575  70.55  66.44
Avg. Cost| | 0.22 2.20 0.13 0.14 0.18 146 1.17 0.80 0.17 0.23 0.21 0.27 0.15
AID Avg. Acc. T | 99.69 88.21 7233 6745 7358 80.66 7642  78.14 80.82 74.53 72.01 7453 7296
Avg. Cost| | 0.24 2.19 0.13 0.16 0.19 2.05 2.56 091 0.36 0.25 0.21 0.22 0.23
s MathVerse Avg. Acc. T | 90.36 49.74 23.05 59.77 6797 68.75 66.93 6732 61.98 64.84 64.06 60.29 63.02
= Avg. Cost | | 1.06 4.67 0.18 1.64 170 4.01 3.19 355 1.60 3.86 3.69 1.37 2.31
12
MathVision Avg. Acc. 1 | 89.55 38.81 1343 2836 23.88 35.82 4627 4179 4925 52.24 50.75 5075  52.24
Avg. Cost | | 1.77 8.16 0.17 123 072 1310 5.64 10.53  1.80 3.29 2.49 1.76 1.78
MathVistz Avg. Acc. 1T | 95.85 75.13 5130 53.89 7098 77.20 73.58 71.50 75.65 65.29 68.39 73.06 71.72
AV Avg. Cost] | 036 5.00 016 050 054 346 281 493 103 085 079 089 LIl
ChartQA Avg. Acc. 1 | 97.80 86.20 81.00 81.40 80.80 81.00 40.60 80.60 81.40  83.00 82.00 83.80 81.80
o Avg. Cost | | 0.21 2.19 0.14 0.14 0.17 1.09 0.69 091 0.16 0.21 0.25 0.25 0.16
3
A DocVOA Avg. Acc. 1 | 98.56  91.48 7895 78.66 80.48 8555 8230 81.44 83.06 80.48 79.52 8258  79.04
°§ Avg. Cost| | 0.18 2.18 0.14 015 0.18 122 1.25 0.74  0.36 0.20 0.21 0.29 0.16
% OCRBench Avg. Acc. T | 99.06 89.20 80.28 77.00 81.22 8592 79.34 78.40 83.10 84.04 83.57 87.32 79.34
ene Avg. Cost| | 0.23 2.41 0.14 0.16 0.19 144 0.96 0.78 0.28 0.20 0.22 0.32 0.17
TextVOA Avg. Acc. 1 | 89.46  73.85 7213 7098 7213 67.05 66.09 6437 7031 71.46 7031 7059  72.13
Avg. Cost | | 0.18 2.15 0.13 0.14 0.16 1.12 1.81 0.39 0.20 0.17 0.15 0.25 0.13
ié’sn Avg. Acc. 1 | 95.60  78.01 6243 6626 70.68 7549 70.01 7320 7331 71.35 72.07  72.02  69.97
Z; All Datasets ~ Avg. Cost ] | 0.37 2.72 0.14 038 041 218 2.21 1.85 0.52 0.74 0.73 0.48 0.50
< Rank Score 1| 93.68 68.88 64.63 67.13 71.09 6892 64.62 68.26 73.01 70.38 71.07 72.01 70.06




Table A6. Performance comparison of router methods on VL-RouterBench across datasets for A = 1000.0. Avg. Acc. is average accuracy
(%), Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and
underlined, respectively (excluding Oracle and baseline methods).

. ‘ Baselines Hard Label Soft Label (A = 1000.0)
Group Dataset Metric
‘Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBench AV&: Acc. T | 9946 71.89 57.84 4054 4324 6649 7027  68.11 4649  57.84 56.22 5730 5730
Avg. Cost) | 023 297 0.4 018 021 167 28 162 018 014 020 0.4 0.4
Ifovoa  Ave Acc. 1| 9649 8328 5368 5836 61.87 8110 80.60 8127 59.36 55.18 65.05 5401 53.68
Avg. Cost| | 037  2.19 0.14 024 029 14 209 117 022 0.6 045 015 0.4
E MMBench  Ave-Acc.t| 9816 8986 69.59 6959 8L11 8525 7097 8018 7696 7327 7788 7235 7097
(5:“ ene Avg. Cost) | 024 222 013 019 027 226 117 143 021 019 023 017 013
MMMU Avg. Acc. 1 | 9846 7436 45.64 4205 5333 60.00 6564 61.03 47.69  49.74 5436 4513 43.08
Avg. Cost| | 0.64 324 0.17 041 043 695 1059 469 026 033 052 018 017
MMStar Avg. Acc. T | 96.68 7276 49.17 5448 59.80 6844 66.11 6445 5482  51.50 57.81 4950  49.17
Avg. Cost| | 036 229 014 025 029 28 168 179 022  0.19 032 015 014
RealWorldga  AVE Ace- 79932 7740 6712 5548 6370 6781 6027 6575 6164 6112 65.07 6575 67.12
Avg. Cost| | 022 220 013 014 018 146 117 106 0.4  0.14 028 013 0.3
AID Avg. Acc. 1 | 99.69  88.21 7233 6745 7358 80.66 7642 76.10 71.86 7233 7531 7296 7201
Avg. Cost| | 024 219 013 016 019 205 256 151 015 0.14 024 013 0.3
= Mathverse  Ave-Ace. 19036 4974 2305 5977 6797 6875 6693 6693 5690  60.29 64.19 4089  23.05
= Avg. Cost| | 1.06  4.67 018 164 170 401 319 319 135 137 375 085 018
1%}
Mathvision  Ave Ace. 1| 8955 3881 1343 2836 23.88 3582 4627 4776 3134 5224 4328 3134 1343
Avg. Cost | | 1.77 8.16 017 123 072 1310 564 556 103 178 147 101 017
MathVisa  Ave-Ace. 1| 9585 7513 5130  53.89 7098 7720 73.58  72.02 5699  67.88 62.18 5492 5130
ANVIST Ave Cost) | 036 5.00 0.16 050 054 346 281 275 037 080 052 028 016
Charga  AVEAce. 7| 0780 8620 8100 8140 8080 8100 40.60 8020 8140 8160 8420 81.00 81.00
Y Avg. Cost | | 0.21 2.19 014 014 017 109 069 060 018 0.5 024 0.4 0.4
o
a Docvoa  Ave-Acc. | 9856 9148 7895 78.66 8048 8555 8230 8105 7943 7895 80.67 7923  78.85
< Avg. Cost| | 0.18  2.18 014 015 018 122 125 070 0.5 014 022 014 0.4
f’j OCRBench ~ Av&-Acc.1] 9906 8920 8028 77.00 8122 8592 7934 8075 80.75  80.75 83.57 8075  80.28
NN Ave. Cost] | 023 2.41 014 016 019 144 096 079 020 0.5 019 014 0.4
Texvoa  Ave Ace.T| 8946 7385 7213 7098 72.13 67.05 6609 6695 71.65 72.13 7155 7222 7213
Avg. Costl | 0.18  2.15 013 014 016 112 181 114 014 013 016 013 0.3
% Avg. Acc. 1 | 95.60  78.01 6243 6626 70.68 7549 7001 7340 67.75  68.65 7117 6521 6233
5 All Datasets ~ Avg. Cost] | 037 272 0.14 038 041 218 221 157 033 035 072 024 0.4
< Rank Score 1| 93.68  68.88 64.63  67.13 7109 68.92 64.62 6929 68.73  69.53 7031 66.78  64.54




Table A7. Performance comparison of router methods on VL-RouterBench across datasets for A = 10000.0. Avg. Acc. is average accuracy
(%), Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and
underlined, respectively (excluding Oracle and baseline methods).

. ‘ Baselines Hard Label Soft Label (A = 10000.0)
Group Dataset Metric
‘Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBench AV&: Acc. T | 9946 71.89 57.84 4054 4324 6649 7027 6270 48.11  51.89 5838 41.62 5676
Avg. Costl | 023 297 0.4 018 021 167 28 077 014 030 017 016 0.4
Ifovoa  Ave Acc. 1| 9649 8328 5368 5836 61.87 8L10 80.60 79.10 58.19  62.54 6171  60.87 53.68
Avg. Cost| | 037 219 014 024 029 149 209 080 020 046 033 029 0.4
E MMBench  Ave-Acc. 1| 9816 8986 69.59 69.59 8111 8525 7097 7143 7419 7650 8203 7742  69.59
(5:“ ene Avg. Cost) | 024 222 013 019 027 226 117 043 016 06l 047 019 013
MMMU Avg. Acc. 1 | 9846 7436 45.64 4205 5333 60.00 65.64 5538 44.10 53.33 4513 44.10  45.13
Avg. Cost| | 0.64 324 0.17 041 043 695 1059 120 028  8.07 611 030 017
MMStar Avg. Acc. 1 | 96.68 7276 49.17 5448 59.80 68.44 6611 5183 5382  60.13 5581  54.82  49.17
Avg. Cost| | 036 229 014 025 029 285 168 049 0.8  3.12 177 020 0.4
RealWorldga  AVE Ace- 79932 7740 6712 5548 6370 6781 6027 6096 6575  59.59 6233 6233 612
Avg. Cost| | 022 220 013 014 018 146 117 046 013 051 019 016  0.13
AID Avg. Acc. 1 | 99.69  88.21 7233 6745 7358 80.66 7642 7044 7091  73.58 7343 7217 7233
Avg. Cost| | 024 219 013 016 019 205 256 051 0.4 038 027 015 013
= Mathverse  AvE-Acc. 19036 4974 2305 5977 6197 6875 6693 5339 5247 4583 5039 4336  23.05
= Avg. Cost| | 1.06  4.67 018 164 170 401 319 156 173 942 730 079 018
1%}
Mathvision  Ave Ace. 1| 8955 3881 1343 2836 23.88 3582 4627 3433 3134 23.88 2239 2239 1343
Avg. Cost | | 1.77 8.16 017 123 072 1310 564 148 148  40.17 4070 098 017
MathVisa  Ave-Ace. 1| 9585 7513 5130 53.89 7098 7720 73.58 6321 5544 5596 59.07 5492 5130
ANVIST Ave Cost) | 036 5.00 0.16 050 054 346 281 100 038 674 364 031 016
Chariga  AVE Ace. 7| 09780 8620 8100 8140 8080 8100 4060 7660 §140 8140 83.00 8120 81.00
Y Avg. Cost | | 0.21 2.19 014 014 017 109 069 033 0.5 024 022 017 0.4
o
a Docvoa  AveAcc. | 9856 9148 7895 7866 8048 8555 8230 80.10 7856 7990 7971 7895  78.85
< Avg. Cost| | 0.18  2.18 014 015 018 122 125 061 014  0.19 018 016 0.4
f’j OCRBench  Av&-Acc.7[99.06 8920 8028 77.00 8122 8592 7934 8028 7934  83.10 83.57 81.69  80.28
NN Ave. Cost] | 023 2.41 014 016 019 144 096 050 0.17 022 021 016 014
Texvoa  Ave Ace.T| 8946 7385 7213 7098 7213 6705 6609 66.67 7155 70.11 7059  69.92  72.13
Avg. Costl | 0.18  2.15 013 014 016 112 181 043 013 027 017 014 0.3
% Avg. Acc. 1 | 95.60  78.01 6243 6626 70.68 7549 7001 6855 66.60 76.17 7691 6547 6236
5 All Datasets ~ Avg. Cost] | 037  2.72 0.14 038 041 218 221 071 038 248 193 027 014
& Rank Score 1| 93.68  68.88 64.63 67.13 7109 68.92 64.62 6801 6748 6841 70.86 6690  64.57




Table A8. Performance comparison of router methods on VL-RouterBench across datasets for A = co. Avg. Acc. is average accuracy (%),
Avg. Cost is average cost ($/10K samples). The best and second-best results among learned routers are highlighted in bold and underlined,
respectively (excluding Oracle and baseline methods).

. | Baselines Hard Label Soft Label (A = o)
Group Dataset Metric
‘Oracle Strongest Cheapest KNN PRKNN OVR K-means Linear MLP CosineCls RouterDC VLC ZOOTER
HallusionBench AVE-Acc. T [ 0946 7180 S57.84 4054 4324 6649 7027 5784 4757 7838 80.00 4541 49.73
Avg. Costl | 023 297 014 018 021 167 28 014 016 518 466 015 0.4
Ifovoa  AvEAcc. [ 9649 8328 5368 5836 6187 8110 8060 5117 5803 8177 81.94 5920 5234
Avg. Cost| | 037  2.19 0.4 024 029 149 209 014 023 134 147 026 0.4
g MMBench  AveAcc. 1| 98.16 8986 6959  69.59 8LIL 8525 7097 6267 69.59 9032 9032 6774  64.52
(5:“ ene Avg. Cost) | 024 222 013 019 027 226 117 015 016 549 549 017 014
MvMy  Ave Acc. T | 9846 7436 4564 4205 5333 60.00 6564 3795 3949 7692 7744 4103 3744
Avg. Cost] | 0.64 324 017 041 043 695 1059 019 028  17.30 1760 024 017
MMS@r | Ave Ace | 9668 7276 49.17 5448 5980 6844 6611 4651 5515 7342 7409 5116  46.84
a Avg. Cost| | 036 229 014 025 029 28 168 020 020 8.08 793 017 015
RealWorldga  AVE Ace- 79932 7740 6712 5548 6370 6781 6027 5753 6027  78.08 7534 5959 6233
Avg. Costl | 022 220 013 014 018 146 117 013 014 342 353 014 0.3
AID Avg. Acc. 1 | 99.69  88.21 7233 6745 7358 80.66 7642 6620 67.30  87.11 8695 68.08 6745
Avg. Cost] | 024  2.19 013 016 0.9 205 256 013 014  7.02 709 014 0.3
= MathVerse AV Ace. 1| 90.36 4974 2305 S9.77 6197 6875 6693 4622 5625 6562 64.19 4349  25.13
= Avg. Cost| | 1.06  4.67 018 164 170 401 319 103 135 756 675 096 028
1%}
Mathvision  Ave Ace. 1| 8955 3881 1343 2836 23.88 3582 4627 3134 2985 61.19 61.19 2239 2239
Avg. Costl | 1.77  8.16 017 123 072 1310 564 100 104 2673 2673 084 054
MathVisa  Ave-Ace. 1| 9585 7513 5130  53.89 7098 7720 73.58 5751 5544 77120 7720 4922 50.78
ANVIST Ave Cost) | 036 5.00 016 050 054 346 281 067 042 963 963 030  0.19
Chaga  AVEAcc.T| 9780 8620 8100 8140 8080 8100 4060  80.00 8000 7920 80.60  80.40  80.60
Y Avg. Cost | | 0.21 2.19 014 014 017 109 069 0.6 016  2.08 204 016 0.4
o
a Docvoa  Ave-Acc.| 9856 9148 7895 7866 8048 8555 8230 7550 7847  §8.23 89.76 7876  77.61
< Avg. Costl | 0.18  2.18 014 015 018 122 125 014 015 LI2 129 016  0.14
5 OCRBench  AV&-Acc.7[99.06 8920 8028 77.00 8122 8592 7934 7559 7512 92.49 9249  77.00 7653
NN Ave. Cost] | 023 2.41 014 016 019 144 096 0.5 0.17 158 168 015 014
Texvoa AV Ace. T | 8946 7385 7213 7008 7213 6705 6609 7069 7117 68.58 68.68 69.83  69.83
Avg. Costl | 0.18  2.15 013 014 016 112 181 013 013 166 181 014 013
% Avg. Acc. 1 | 9560  78.01 6243 6626 70.68 7549 7001 6292 6593 77.49 7823 6387 6043
5 All Datasets ~ Avg. Cost] | 037 272 0.4 038 041 218 221 028 033 349 346 028  0.16
Z Rank Score 7| 93.68  68.88  64.63 67.13 7L09 68.92 64.62 6441 67.04 6561 66.56 6533 6258
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