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Abstract. Multimodal large language models (MLLMs) have advanced
rapidly, yet heterogeneity in architecture, alignment strategies, and effi-
ciency means that no single model is uniformly superior across tasks. In
practical deployments, workloads span lightweight OCR to complex mul-
timodal reasoning; using one MLLM for all queries either over-provisions
compute on easy instances or sacrifices accuracy on hard ones. Query-
level model selection (routing) addresses this tension, but extending rout-
ing from text-only LLMs to MLLMs is nontrivial due to modality fusion,
wide variation in computational cost across models, and the absence of
a standardized, budget-aware evaluation.

We present MMR-Bench, a unified benchmark that isolates the mul-
timodal routing problem and enables comparison under fixed candidate
sets and cost models. MMR-Bench provides (i) a controlled environment
with modality-aware inputs and variable compute budgets, (ii) a broad
suite of vision—language tasks covering OCR, general VQA, and mul-
timodal reasoning, and (iii) strong single-model baselines, oracle upper
bounds, and representative routing policies. Using MMR-Bench, we show
that incorporating multimodal signals improves routing quality. Empiri-
cally, these cues improve the cost—accuracy frontier and enable the routed
system to exceed the strongest single model’s accuracy at roughly 33%
of its cost. Furthermore, policies trained on a subset of models and tasks
generalize zero-shot to new datasets and text-only benchmarks without
retuning, establishing MMR-Bench as a foundation for studying adaptive
multimodal model selection and efficient MLLM deployment.

1 Introduction

Multimodal large language models (MLLMs) have witnessed rapid progress in
recent years, driving remarkable advances across vision-language tasks spanning
text recognition, image understanding, and other multimodal scenarios |3})23}33].
However, the MLLM landscape is highly heterogeneous: models vary substan-
tially in architecture, training data, modality alignment, and computational effi-
ciency [34137]. We refer to this diversity as the MLLM zoo—a dynamic ecosys-
tem of models with distinct strengths, limitations, and resource requirements.
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Fig. 1: Workflow of MLLM routing, which can be applied to tasks such as mathematical
reasoning, multimodal recommendation and understanding, and medical diagnosis.
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This diversity, while fueling innovation, also reveals a critical limitation: no
single MLLM is uniformly superior across tasks. In real-world deploy-
ments, tasks vary widely, ranging from lightweight OCR to complex multimodal
reasoning [21}|22,|38]. As a result, using a single MLLM for all queries either
over-allocates compute on easy instances or sacrifices accuracy on difficult ones.

A natural remedy is routing, which has demonstrated its effectiveness for
LLMs [5H7},/13]. Routing selects different models per query to balance efficiency
and accuracy. To examine whether this idea transfers to MLLMs, we applied a
text-only routing strategy to multimodal tasks. Surprisingly, as shown in Fig-
ure [2 text-only routing can outperform Qwen2.5-VL-7B and GPT-5-nano at
equal cost, indicating the strong potential of model routing. Consistent with in-
tuition, however, it does not surpass several stronger models such as Gemini and
GPT-5 at the same cost; this suggests that text-only information is insufficient
and highlights the importance of incorporating multimodal signals to
further enhance routing performance.

Building on these findings, we introduce the concept of multimodal LLM rout-
ing. As illustrated in Figure[I] a user provides multimodal inputs along with a
compute budget to the routing system, which selects an appropriate model from
the MLLM zoo to generate the response and returns the output to the user. Com-
pared with routing for text-only LLMs, this setting presents several unique chal-
lenges: (1) Modality Gap: MLLMs must integrate heterogeneous inputs across
different modalities, introducing alignment and representation challenges absent
in text-only scenarios [18]; (2) Model Heterogeneity: the MLLM zoo com-
prises models with diverse architectures, training data, modality alignments, and
computational characteristics, which complicates routing decisions; (3) Bench-
marking Complexity: routing for MLLMs couples multi-dimensional costs
with modality-specific behavior, making it difficult to define unified cost models
and candidate sets. This complexity has so far prevented the emergence of a stan-
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Fig. 2: Routing comparison across different modality signals, where Qwen denotes the
Qwen2.5-VL series and InternVL denotes the InternVL3 series.

dardized, modality-aware benchmark for MLLM routing, even though analogous
benchmarks already exist for text-only LLMs [8]9}/24].

These differences motivate the need for a controlled benchmark that isolates
the multimodal routing problem and enables rigorous, directly comparable eval-
uations. We present MMR-Bench, designed to answer two key questions: (1)
Are unimodal signals (text-only or image-only) sufficient, or are genuinely multi-
modal cues required? (2) Under fixed compute budgets, how much performance
does multimodal routing actually deliver in practice?

Accordingly, MMR-Bench provides a unified framework for evaluating rout-
ing strategies across diverse MLLMs and tasks. It offers a controlled environment
with standardized cost models, adjustable compute budgets, and modality-aware
inputs; integrates a broad suite of vision-language benchmarks; and includes
strong single-model baselines, oracle upper bounds, and representative routing
methods. Together, these components enable consistent, reproducible compar-
isons and establish a solid foundation for studying adaptive multimodal model
selection and efficient MLLM deployment.

Using MMR-Bench, we report three consistent findings:

— Multimodal signals matter. Unimodal routers are often miscalibrated on
text-in-image inputs and in low-resolution or cluttered scenes, whereas fusing
image and text modalities closes this gap at comparable cost.

— Efficiency under budgets. In certain scenarios, with only about 33% of the
cost of the strongest single model, our multimodal routing matches or even
surpasses its accuracy, achieving a strictly better cost—accuracy trade-off.

— Robust generalization. A routing policy trained on a subset of MLLMs and
tasks generalizes to unseen data from different distributions without additional
tuning, and can also transfer effectively to text-only LLM routing.
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2 Related work

2.1 Multimodal Large Language Models

MLLMs couple language backbones with visual encoders through lightweight in-
tegration and instruction tuning, achieving broad vision-language competence |16},
20]. The ecosystem, however, spans markedly different cost profiles. Commer-
cial frontier models typically provide stronger multi-step reasoning, long-
context handling, and robust perception [1,[29], while open-weight models are
cheaper to deploy and remain competitive on routine recognition and short-form
understanding tasks [3/23,/33]. This heterogeneity makes any single model sub-
optimal for all inputs and budgets. These observations motivate routing, which
decides at inference time which model to invoke for a given instance under ex-
plicit compute constraints [27,|40]. Our focus is on the selection problem rather
than new architectures, quantifying when lightweight models suffice and when
heavier models are warranted.

2.2 Routing and Model Selection for MLLMs

In text-only settings, model routing reduces cost without sacrificing quality by
learning to dispatch queries among heterogeneous LLMs [14}2836], and recent
benchmarks [8]|9] have standardized evaluation across routers and cost—accuracy
trade-offs. Extending these ideas to multimodal settings introduces new chal-
lenges. Routing must exploit cross-modal signals and handle architecture-level
heterogeneity, making both confidence estimation and cost modeling more com-
plex. Early multimodal approaches embed routing within an MLLM via Mixture-
of-Experts architectures [19] or retrofit existing MLLMs with dynamic expert
paths [2,26,/35], improving efficiency and accuracy within one model family but
not addressing inter-model selection across the broader MLLM zoo. Our bench-
mark targets this gap by learning when to use which MLLM under a given
budget.

3 Preliminaries

3.1 Problem Definition

Let M denote the number of modalities (e.g., text, image, audio, video). A
multimodal large language model (MLLM) is a mapping

Xl xA?x.oxaxM Ly,

where X" is the input space of modality r and ) is the shared output space.
We focus on a routing problem in the two-modality case (text and image).

For each incoming multimodal input, the goal is to select one model from a

candidate zoo so as to achieve a desirable trade-off between model utility and
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cost. In practice, not all modalities are always available; to capture this, we
introduce a modality availability vector

m; = (mi™", mimg)7 m; € {0,1},

where m; = 1 indicates modality r is present and m; = 0 indicates it is missing.
For example, m; = (1,0) denotes a text-only sample, while m; = (1,1) denotes
a paired text-image input.

Definition 1 (MLLM routing). Define a support set

n
S= {(xiamiauiaci)}izlv (1)
where T; = (xf”t,ximg), w;, = (u;1,... ,ui,K)T contains the utility of each can-
didate model on sample i, and ¢; = (¢; 1, - - - 7CZ'A’K)T contains their corresponding

costs.
For each sample the router selects the model index

Ji = argmax S ;, (2)
je{l,...K}
using the overall score
Sij =Uij = Acij (3)

where A > 0 is a tunable parameter that controls the trade-off between perfor-
mance and cost.

During inference, the router uses only the modalities available for input 4
(specified by m;), enabling text-only, image-only, or multimodal baselines via
the corresponding extractors/fusion. Thus, m; selects the active router family
and allowable signals, and performance differences reveal each modality’s con-
tribution.

3.2 Motivation

We conduct an empirical study using precomputed utilities {u; ;} and costs
{cij} from a heterogeneous zoo of MLLMs (Section[4]). The study addresses two
questions: (i) whether a text-only router is effective when inputs are multimodal,
and (ii) whether unimodal observables (text-only or image-only) are sufficient,
or whether genuinely multimodal cues are required.

Setting. We consider a fixed set of candidate models { fj}JK:17 along with their
utilities {u; ;} and costs {¢; ;} for each query. The only difference between routers
lies in the observable features ¢(x;) they use: (a) text-only features ¢rext(2;); (b)
image-only features ¢img(z;); and (c) multimodal features ¢mm(x;) that jointly
encode text and image signals. Each router defines a policy n(z;) € {1,...,K}
and is evaluated with the score defined by Equation , where A >0 is varied to
trace the cost—accuracy trade-off.
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Protocol. To avoid confounding effects from powerful learned routers, we em-
ploy a lightweight procedure shared across all routing families. Given a trade-off
parameter A > 0 and a specified number of clusters k, the protocol is as fol-
lows: (i) compute features ¢(x;) on the training and validation split; (ii) apply
k-means to the training features to obtain clusters {h}¥_,; (iii) for each cluster
h, select a single model by maximizing the average validation score:

1
Jr(A) = argmax ———— S’i,A ). A
h(A) je{lo K} [Sval(h)] ieg(h) i(A) (4)

where Sya1(h) denotes validation samples in cluster h, and S; ;(A) is defined in
Equation . At test time, each sample x is assigned to its nearest cluster h(x)
and routed to j;(z). Sweeping the number of clusters k and cost weight A yields a
family of policies covering the cost—accuracy trade-off, whose frontiers (Figure
enable matched-cost and matched-accuracy comparisons.

Q1: Can text-only routing methods be used in multimodal scenarios?

Yes, but only partially. Across mixed multimodal workloads, the text-only
router improves over several fixed models such as Qwen2.5-VL-7B and GPT-
5-nano at comparable normalized cost, as illustrated in Figure [2} this shows
that instance-wise selection can help even without visual features. However,
the improvements are uneven. The router consistently underperforms on sub-
sets where visual evidence determines difficulty, including text-in-image queries,
dense OCR, charts, spatial reasoning, and low-resolution crops. Error analysis
indicates that these failures arise from incorrect assignments: the router tends
to overestimate the adequacy of cheaper models when textual cues provide an
unreliable proxy for visual complexity. Overall, text-only routing fails to achieve
optimal performance on vision-governed cases.

Q2: Are unimodal signals sufficient, or are multimodal cues required?

Multimodal cues are essential for strong routing. Figure [2] compares rout-

ing frontiers under identical model sets and cost accounting. The multimodal
router consistently outperforms both text-only and image-only variants: at fixed
cost it achieves higher accuracy, and at fixed accuracy it operates at lower cost.
Ablations over the number of clusters k and the cost weight A\ show that this
advantage is stable, and the gap widens in settings where visual clutter or lin-
guistic complexity dominate difficulty. Category-level evaluations show the same
trend. Text-only routing falls behind on vision-driven inputs, image-only routing
falls behind on language-driven inputs, and multimodal features reduce incorrect
assignments in both regimes.
Takeaways. (1) Routing over heterogeneous MLLMs improves the cost—accuracy
trade-off even with simple, unsupervised policies. (2) Unimodal observables are
insufficient to realize the full gains; access to joint text—image cues is necessary
to approach the empirical frontier on mixed multimodal workloads.
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Table 1: Comparison across routing benchmarks along four dimensions: supported
modality, reported evaluation metrics, and the availability (or count) of router base-
lines. MMR-Bench reports three cost-aware metrics in an offline setting.

Benchmark Text Image Metrics Baselines
RouterBench 8] v X 1 5
RouterEval [9] v X 1 8
EmbedLLM [42| v X 1 4
MixInstruct [10] v X 3 6
LLMRouterBench [17] v/ X 4 10
MMR-Bench v v 3 10

4 MMR-Bench: Benchmark Construction

We introduce MMR-Bench, a budget-aware benchmark for routing across the
heterogeneous MLLM zoo of candidate models. MMR-Bench is designed as an
offtine environment: for each multimodal query and each candidate model, we
provide the raw model output, a task-specific utility score, and a normalized
inference cost derived under a unified pricing scheme. This outcome table (over
100k pairs of instances and models across multiple candidates and tasks), to-
gether with frozen splits and deterministic scoring scripts, enables systematic
and reproducible evaluation of cost-aware routing strategies without re-running
any MLLM, as summarized in Table

4.1 Design Principles

MMR-Bench is built specifically for routing across a heterogeneous MLLM zoo.
Its construction follows three principles:

— Extensive coverage. The dataset selection covers most typical multimodal
scenarios and difficulty levels, with varied resolutions and scene complexity.

— Representative models. The candidate pool includes widely used MLLMs
with diverse capacities and training regimes, ensuring practical relevance.

— Extensibility. The benchmark is offline and modular; new models or datasets
can be added incrementally, while frozen splits and deterministic scoring pre-
serve comparability.

4.2 Datasets and Model Pool

Datasets. We benchmark routing on three scenarios: visual OCR (OCRBench |21],
SEED-Bench v2 Plus [15]), general VQA (MMStar [4], RealWorldQA [25]), and
multimodal reasoning (MathVerse [39], MathVista [22], MathVision [32]). This
mix prevents a single MLLM from dominating and motivates instance-wise,
budget-aware routing (Figure [3]).
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Fig. 3: Composition of MMR-Bench across scenarios and datasets.

Model zoo. The model set F = {f; fil includes both closed-source and open-
weight MLLMs with heterogeneous architectures, capacities, and cost profiles:

— Commercial MLLMs, including GPT-5 series , Gemini 2.5 series ,
and Claude models, which offer strong general-purpose multimodal reasoning

at higher monetary cost.
— Open-weight MLLMs, spanning 3B-72B parameters and including Gemma [30],

InternVL3 , and Qwen2.5-VL families . They are cheaper to deploy yet
exhibit diverse OCR, grounding, and reasoning behavior.

All models share fixed prompts and decoding settings within each scenario.
For every instance-model pair, we provide a task-specific utility u; ; € [0,1]
and a normalized inference cost ¢; ; > 0, forming the offline outcome table used

throughout our routing evaluation.
Overall, MMR-Bench contains 11,000 instances across 10 models, 8 datasets,

and 3 scenarios.

4.3 Cost-aware Routing Evaluation Protocol

MMR-Bench evaluates routing policies entirely in an offiine fashion using the
precomputed instance-model outcomes from Equation . Following that for-

mulation, we use the support set

S= { ((x‘?eXt ximg)7 u;, ¢;) }?:1' (5)

7 ’

Routing behavior. For an input x; (optionally with a budget signal b;), a
routing policy Ry outputs a distribution over models

R@(xi,bi) S AK_l, 7T9(j | Z‘i,bi) = [Rg(l‘“bl)]J (6)



MMR-Bench 9

The per-instance expected utility and cost are obtained by weighting the

precomputed {u; ;,c¢; ;} with the router’s distribution mg(- | x;,b;); dataset-
level means summarize each method as Perf(Ry) and Cost(Rp). Varying op-
erating points produces (Cost, Perf) pairs whose Pareto upper envelope defines
the performance—cost curve p(c), evaluated over the shared range [¢min, Cmax| Set
by always choosing the cheapest and most expensive single-model baselines.
Routing constraints. Routers may use only inference-time information: (i)
the query (x{®**, ;%) and optional budget b;; (ii) benchmark lightweight fea-
tures (e.g., embeddings, token counts, scenario tags); (iii) static model meta-
data (e.g., normalized cost, context length, supported modalities). They may
not access ground-truth labels or {u; ;} on the evaluation split, nor issue multi-
ple adaptive model calls per instance, since MMR-Bench fixes one outcome per
instance—model pair. Oracle selectors (e.g., argmax; u; j) are reported only as
analysis upper bounds.
Metrics. All utilities are normalized to [0, 1] to enable aggregation across tasks
and models. Following standard practice in routing and model selection [11}[12],
we evaluate routing performance by tracing a performance—cost curve obtained
by varying the user cost budget. Prior work typically summarizes this curve
with three metrics: (1) nAUC (Normalized AUC), the normalized area under
the performance—cost curve measuring overall efficiency across budgets; (2) P
(Peak Score), the best performance achieved on the curve together with its corre-
sponding cost; and (3) QNC (Quality—Neutral Cost), the relative cost required
to match the performance of the most accurate standalone model. Together,
these metrics summarize average routing quality, best attainable utility, and
sensitivity to budget constraints.

5 Experiments

5.1 Experimental Setup

Datasets and splits. We use the three scenarios and eight datasets in Sec. [£.2]
with frozen 2:8 train/test splits. Routers are trained on the training split, and
test-time evaluation is purely offline: we apply the learned router to benchmark
features and index into the fixed {u;;, ¢ ;} (Sec. [£.3).

Models and cost. We route over the K=10 candidate MLLMs in Sec. [£.2]
All per-instance utilities u; ; € [0,1] and normalized monetary costs ¢; ; € Ry
are precomputed under a unified cost scheme and shared by all methods. The
shared cost range [Cmin, Cmax] is defined by always selecting the cheapest versus
the most expensive single model.

Metrics and aggregation. Following Sec. [£:3] we report the performance—cost
curve p(c) and summarize methods with nAUC and Ps, with QNC included
where relevant. Metrics are computed per dataset and then macro-averaged
within each scenario and across all scenarios. Unless otherwise noted, results
for stochastic routers are averaged over multiple runs.
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Table 2: Performance of different routing methods across datasets and settings. Bold
numbers indicate the best performance (excluding Oracle and Best Single), and
underlined numbers indicate the second-best (excluding Oracle and Best Single).

Scenario OCR General VQA
Dataset OCRBench SeedBenchV2Plus MMStar RealWorldQA
Metri
Methog— "¢ mAUC (1) P (1) nAUC () P, (1) nAUC (1) P, (1) nAUC (1) P (1)
Random - 0.8075 - 0.7102 - 0.6942 - 0.7108
Linear 0.8789  0.9088  0.7376  0.7458  0.7496  0.7683  0.8036  0.8252
EmbedLLM 0.8952 0.9088 0.7443 0.7508 0.7615 0.7817 0.8097 0.8268
k-NNRouter 0.8913 0.9150 0.7375  0.7425  0.7560  0.7767  0.8009  0.8252
AvengersPro 0.9126 0.9138 0.7382 0.7475 0.7564 0.7733 0.8072 0.8235
GraphRouter 0.8874  0.8975  0.7175  0.7136  0.7546  0.7786  0.7942  0.8076
RM-Softmax 0.9060 0.9077 0.7341  0.7482 0.7625 0.7714 0.8123 0.8301
Oracle 0.9663  0.9825  0.8854  0.8913  0.9563  0.9650  0.9773  0.9853
Best Single 1.0000 0.9050 1.0000 0.7502 1.0000 0.7716 1.0000 0.8235
Scenario Reasoning Avg
Dataset MathVista MathVerse MathVision Full Dataset
Metric
Method ———__ AUC (1) P, () nAUC (1) P (1) mAUC (1) P () nAUC (1) P (1)
Random — 0.6688 - 0.4800 - 0.3927 - 0.6135
Linear 0.7724 0.8038 0.6837 0.7258 0.5565 0.6826 0.7042 0.7533
EmbedLLM 0.7751  0.8038  0.6784 0.7337 0.5494  0.6937  0.6913  0.7494
k-NNRouter 0.7807 0.8075 0.6881 0.7194 0.5610  0.6867  0.6950  0.7457
AvengersPro 0.7763  0.8038  0.6835  0.7194  0.5639  0.6933  0.6885  0.7496
GraphRouter 0.7423  0.7998 0.6734  0.7117 0.5734 0.6942 0.6754  0.7420
RM-Softmax 0.7794  0.8055 0.6845  0.7281  0.5724 0.6944 0.6927  0.7479
Oracle 0.9310  0.9475  0.8806  0.8954  0.8031  0.8741 0.8897  0.9188
Best Single 1.0000  0.8037  1.0000  0.7194 1.0000  0.6932 1.0000  0.7412

5.2 Baselines

Feature fusion. We first extract frozen embeddings offline: images are encoded
with a ViT-based encoder and text with a pretrained language encoder. We then
construct a per-instance feature z; from these embeddings as follows:

— Equal-weight mean. Align the text and image embedding dimensions; if a
modality is missing, fill with a zero vector. Fuse by averaging the two embed-
dings with equal weight to obtain a single joint representation.

— Adaptive weights. We estimate per-modality confidence (cosine-to-mean
and a norm-based sigmoid), convert it to softmax weights, and fuse features
via weighted sum, product, and absolute difference, followed by a linear mix
and ¢5 normalization.

We analyze fusion choices later in Sec. [6]
Routing methods. All methods take an instance representation z; (option-
ally with a budget b;) and output a routing decision over K candidate mod-
els: (1) Random (lower bound) randomly selects a feasible model under the
cost constraint; (2) Oracle (upper bound) selects the best feasible model
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using per-instance ground-truth outcomes; (3) Linear learns a linear scoring
function over z; (and b;) for each model and chooses the highest-scoring feasi-
ble one; (4) EmbedLLM [42] routes by using compact learned representations
of LLMs and a lightweight predictor to select the most suitable model; (5) k-
NNRouter retrieves the k nearest instances to z; and selects the model with
the best aggregated neighbor performance under budget; (6) AvengersPro [41]
performs test-time routing that selects exactly one model per query to optimize
the performance—efficiency trade-off of an LLM ensemble; (7) GraphRouter |7]
constructs a graph over queries/tasks and candidate models and selects a model
by predicting query—model compatibility on the graph; (8) RM-Softmax [31]
learns an end-to-end routing policy from logged observational data by minimiz-
ing regret with a softmax-based objective.

Training and evaluation. Learned routers are trained on the training split,
and test-time evaluation is purely offline by indexing into the fixed {u; ;,c; ;}
under the normalized cost scheme (Sec. [4.3). All methods use the same z; for a
controlled comparison.

5.3 Overall Results on MMR-Bench

Comparative Analysis. Table [2 shows that learned routers consistently out-
perform the heuristic lower bound, with complementary strengths across work-
loads. On the full-dataset average, Linear performs best, achieving the highest
nAUC and peak score (0.7042/0.7533), followed by k-NNRouter. Instance-
based methods excel on specific datasets: k.-NINRouter leads P, on OCRBench
and nAUC/P; on MathVista; AvengersPro leads nAUC on OCRBench; and
GraphRouter leads nAUC on Math Vision. Policy /representation-based routers
are stronger on general VQA: RM-Softmax is best on MMStar and Real-
World@A, while EmbedLLM achieves the best Py on MMStar. Overall, Linear
is the most stable on aggregate, while retrieval, graph, and regret-based methods
peak on particular distributions.

Cost efficiency and stability. The results point to a general conclusion:
routers that explicitly model per-model outcomes in a low-rank space produce
smoother, budget-robust frontiers. Their higher macro nAUC and competitive
P, indicate sustained quality across budgets rather than spikes at isolated op-
erating points, suggesting they capture transferable, modality-aware difficulty
signals rather than dataset-specific quirks. In contrast, purely instance-based or
clustering dispatchers can peak on narrow distributions but are brittle when
budgets or domains shift. Practical takeaway: under variable or uncertain bud-
gets, performance-modeling routers that learn smooth global frontiers are the
safer default; purely instance-based dispatchers are better reserved for stable,
well-characterized workloads.

Pareto-front comparison. To make the budget—quality trade-off visually clear,
we plot accuracy against normalized cost and report the Pareto envelope of
each router, with single-model baselines shown as isolated points (Figure [4]). We
rescale the x-axis to magnify the low-cost region where most practical operating
points lie. The resulting frontiers show that instance-wise routing consistently
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Fig. 4: Cost-accuracy Pareto frontiers on MMR-Bench. Lines of different styles
represent different routing strategies, while single-model positions are indicated by their
logos. For readability, the x-axis is log-scaled to emphasize the low-cost region. Com-
pared with any fixed model, routing shifts the frontier upward and leftward, indicating
higher accuracy at the same cost and lower cost at the same accuracy.

dominates fixed-model choices: with only 33% of the strongest single model’s
cost, our router already matches its accuracy, and at higher budgets it surpasses
that model, yielding a uniformly stronger cost—accuracy trade-off. This demon-
strates that adaptive selection over a heterogeneous MLLM pool is effective in
practice, especially under tight or variable budget constraints.

6 Analyses

Building on the overall routing results in Sec. [5.3] this section briefly analyzes
the sources of routing gains, focusing on modality gaps revealed by adaptive
fusion, robustness to intra-scenario distribution shift, and cross-modal transfer
from multimodal to unimodal tasks.

(1) Adaptive fusion reveals a clear modality gap between image and text
signals.

Table [3] contrasts adaptive fusion with equal-weight averaging under fixed
router families. Adaptive yields the largest lift for AvengersPro (AnAUC =
+0.3403; QNC +00— 1.0585), small but consistent gains for EmbedLLM (QNC
+oo — 0.9947 < 1), modest average improvements for Linear (AnAUC =
+0.0124) with a slightly higher QNC (0.9055—0.9701), and mild regressions for
k-NNRouter (AnAUC = —0.0074; QNC remains +00).

These outcomes provide direct evidence of a modality gap in multimodal
routing: the information carried by image and text is not uniformly balanced
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Table 3: Adaptive minus equal fusion. Positive A is better for nAUC/ Ps; lower QNC
is better.

Method A nAUC AP QNC change

AvengersPro +0.3403  +0.1275 400 — 1.0585
EmbedLLM -+0.0033  +0.0020 400 — 0.9947
Linear +0.0124  +0.0036 0.9055 — 0.9701
k-NNRouter —0.0074  —0.0014 400 — +00
GraphRouter  40.0025  +0.0020 400 — 0.9998
RM-Softmax ~ +0.0117  40.0125 1.1747 — 0.9814

Table 4: Within-scenario cross-dataset robustness measured by peak score Ps (1 higher
is better). Each column reports a scenario; rows compare the best single model on the
target dataset B with the cross-dataset router A— B (Shift)

Method OCR VQA Math
Best model 0.7062 0.7936 0.7592
Shift 0.7234 0.8012 0.7914

across tasks or instances. Equal-weight fusion imposes an implicit parity as-
sumption between modalities; when one modality dominates or the modalities
disagree, this assumption is violated, yielding miscalibrated scores and subop-
timal model choices. Adaptive fusion explicitly reweights modalities at the in-
stance level and exposes agreement/mismatch via multiplicative and difference
interactions. Overall, these fusion results substantiate the modality-gap hypothe-
sis: because modality importance varies across workloads, routers that sense and
exploit this variation dominate naive equal averaging on the cost—performance
frontier.

(2) Routing policies can remain robust under intra-scenario distribution
shifts.

To test whether routing captures scenario-consistent, modality-aware difficulty
cues rather than overfitting to dataset-specific biases, we run a within-scenario
cross-dataset evaluation: for each scenario, the router is evaluated on a different
dataset from the same scenario. As shown in Table [4 the cross-dataset router
consistently achieves a higher peak score P; than the best single model and
remains close to the in-domain router.

The cross-dataset results demonstrate robustness to within-scenario distri-
bution shift: the router is not memorizing dataset quirks but capturing scenario-
consistent, modality-aware difficulty signals. From a multimodal perspective, the
transferable signals include instance-level modality salience (relative importance
of image versus text), cross-modal agreement or mismatch, and structural cues
such as OCR density, layout complexity, and question length. Our adaptive,
interaction-augmented fusion exposes these cues through reweighting, product,
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Table 5: Cross-modality transfer to text-only benchmarks. The router is trained on
multimodal workloads and evaluated under text-only inference by masking the image
channel. We report peak score Ps (1 higher is better). Rows compare (i) the best
single-model baseline on each text benchmark and (ii) our multimodal-trained router
evaluated in the text-only setting (MM—Text).

Method GSMSK MMLU ARC
Best single model 94.5 91.2 65.7
MM-—Text (ours) 96.7 92.4 66.7

and difference terms, which remain stable at the scenario level and thus sup-
port transfer. The small residual gap to the in-domain router is attributable to
dataset-specific biases rather than a failure to generalize.

(3) Multimodal routers can transfer across modalities and generalize to
unimodal tasks.

Building on the previous robustness analysis, we test robustness across modal-
ities. We train routers on multimodal workloads using the fusion features in
Sec. [5.2] then evaluate zero-shot on text-only benchmarks by freezing the router
and masking the image embedding at inference. We compare against the best
single-model baseline and the multimodal-trained router under text-only infer-
ence.

Table Bl shows that the multimodal-trained router remains effective with-
out images: its Ps exceeds the best single model on GSM8K/MMLU/ARC. We
attribute this to (i) modality-agnostic difficulty cues captured from text, (ii)
fusion-induced regularization from sum/product/difference interactions that de-
grades gracefully when images are masked, and (iii) cost-aware calibration that
promotes conservative selection under uncertainty. Overall, the router is robust
to modality drop and transfers to text-only workloads without retraining.

7 Conclusion

We present MMR-Bench, an offline, cost-aware benchmark for routing over
a heterogeneous collection of multimodal large language models. By providing
precomputed utilities and normalized costs for each instance—model pair, along
with unified evaluation metrics, MMR-Bench enables controlled, reproducible
comparison of routing policies without rerunning any model. Our experiments
demonstrate that routing significantly improves the cost—accuracy trade-off over
the best single model, sometimes matching or exceeding its accuracy at roughly
one-third of the cost, with matrix-factorization-based routers achieving the most
robust performance across heterogeneous workloads. Further analyses show that
multimodal observables with adaptive fusion are critical for strong routing, clos-
ing the gap left by unimodal policies, and that the learned routers remain sta-
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ble under intra-scenario distribution shifts and can transfer to text-only bench-
marks. We hope that MMR-Bench will serve as a standardized testbed for fu-
ture research on cost-aware multimodal routing and the practical deployment of
MLLMs under realistic budget constraints.
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