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Abstract. Large multimodal models have achieved strong reasoning on
complex visual tasks, but their inference efficiency is often restricted by
long chains of thought. A promising solution is to pair a small draft
model with a large target model, enabling cooperative inference employ-
ing a routing signal that adaptively routes queries to either the draft or
target model based on their difficulties for optimal efficiency and accu-
racy. Yet, the remaining bottleneck is to establish a reliable query dif-
ficulty signal under multimodal settings. Existing approaches designed
for language models either rely on post-hoc token probabilities, which
fall short in multimodal scenarios, or depend on supervised fine-tuning,
which is a data-sensitive strategy. Both paradigms perform routing only
after a complete output, and ignore whether the target model can ac-
tually solve the routed instances. To address this, we propose PRP,
a Proactive Routing Paradigm that enables early decision-making by
jointly evaluating the competence of both the draft and target models.
Our Draft Rating Learning (DRL) equips the draft model with an inter-
nal confidence estimator, while Joint Rating Learning (JRL) predicts
how well the target model can handle a given query, thereby prioritiz-
ing the allocation of samples it excels at rather than the hardest ones.
These ratings enable fine-grained, instance-level Proactive Routing
and substantially accelerate inference without compromising overall per-
formance. Extensive experiments across multiple multimodal reasoning
benchmarks validate our effectiveness and efficiency.

Keywords: Efficient MLLM Routing: Confidence Learning - GRPO

1 Introduction

Multimodal large language models (MLLMs) [11|9}/12}(19,[23}|43}45L/49-51] have
achieved remarkable performance on visual reasoning tasks. With the emergence

Work done during internship at Tencent. Corresponding authors.


https://orcid.org/0009-0003-2211-6688
https://orcid.org/0009-0000-1084-7115
https://orcid.org/0000-0003-2859-3285
https://orcid.org/0000-0002-2131-1671
https://orcid.org/0000-0003-4029-9935
https://orcid.org/0000-0002-7854-1072
https://orcid.org/0000-0003-2331-3619
https://orcid.org/0000-0001-7933-9813
https://orcid.org/0000-0003-2136-3196
https://orcid.org/0000-0001-7673-8325

2 Y. Zhou et al.

' FT g ' : L 3 L
Image 1 Draft Target 1, Draft Target N Draft Target Draft , Target
MLLMABR™ MLLM* 177 MLLM MLLM* [ MLLM ; MLLM* MLLM MLLM,
Fo mat prompt P : : : u )
Question Q To solve the problem, 1 To solve the problem, 1 H -
firstly, the figure shows ... 1 firstly, 1 need to ... secondly, I <confidence>0.10</confidence> |/ <teraet> 05ci<ftarget><confidence> 010 <leonfidence>
Then, | need to ..,Wait, there 1 Therefore, ans=7. Answer: T 1 d t —d
is a mistake. Answer: 10 1 [UN) 1 “target> 0.00 </target><confidence> 0.0 </confidence>
1 L ’
Signal s, = —Z i Signal's, = —PIM Signal s, = F(d,pa) Signal s3, = (d,pa,t,Pe)
Routing Signal L Picw. Pium) ! !
Indistinctive Prob. [UNJ/[CN] v Distinctive Rating v Distinctive Rating
Optimization Not Trainable SFT-based L4 GRPO-based v GRPO-based
Routing Timing Post-generation Routing Post-generation Routing < Proactive Routing L Proactive Routing
Target-Aware x x x « N
Routing Criteria Challenging Challenging Challenging & Challenging but Solvable
(a) Token-probability-based Paradigm  (b) Special-token-based Paradigm (c) Ours: PRP with DRL (d) Ours: PRP with JRL

Fig. 1: Overview comparing two prior paradigms with ours. We enable proactive rout-
ing at the onset of inference. Our RL-trained rater provides finer-grained and distinctive
signals, and explicitly accounts for the capability of the target model.

of reinforcement learning—based post-training methods [61/35,47], their reasoning
capabilities are further strengthened, exhibiting emergent behaviors such as “aha
moments” and self-reflection. However, these powerful reasoning abilities often
come with lengthy and repetitive chains of thought. Such long reasoning are
unnecessary for simple problems and introduce substantial inference overhead.

A natural way to reduce inference cost while preserving strong reasoning
performance is to use two models of different capacities, a compact draft model
that routes difficult queries to a larger target model. Several studies explore the
draft-routing paradigms for LLMs, which fall into two categories. As illustrated
in Fig.[1} (i) token-probability-based routing [30|, which averages token probabil-
ities as the routing signal; (ii) special-token-based routing [10] fine-tunes tokens
such as [CN] and [UN] using correct/incorrect trajectories and routes queries
based on their probabilities.

However, directly applying these routing methods to MLLMs remains under-
explored. Our preliminary experiments reveal several issues. First, token-probability-
based routing provides coarse and indistinct signals, relying on an assumed pos-
itive correlation between token probability and accuracy. Second, special-token-
based routing is highly sensitive to the sampling distribution of correct and
incorrect trajectories, and SFT-based methods are limited by the model’s search
space. Moreover, both paradigms defer routing decisions until the draft model
finishes generation, preventing early invocation of the target model and adding
latency. Importantly, they only assess difficulty from the draft model’s perspec-
tive, ignoring whether the target model is actually suitable for the instance.

To overcome these limitations, we propose a reinforcement learning-based
Proactive Routing Paradigm (PRP) for efficient visual reasoning. PRP initi-
ates routing at the very beginning of generation and is aware of both the draft
and target models’ capabilities. We first introduce a fine-grained proactive rat-
ing training framework consisting of Draft Rating Learning (DRL) and Joint
Rating Learning (JRL). DRL enables the draft model to directly assess its
solvability on an input before generating any reasoning steps, making proactive
routing feasible. To further evaluate the capacity of the target model, JRL ad-
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Fig. 2: Draft model’s percentile-range accuracy comparison of signal ranking across 3
paradigms versus random on MathVerse. Our PRP exhibits the performance retention
and distinctive rating distribution, laying a solid foundation for fine-grained routing.

ditionally predicts the target model’s suitability for each instance, allowing the
system to route not only difficult problems but also those that the target model
handles particularly well. We then develop a three-stage score-based Proactive
Routing scheme for efficient MLLM inference. The system first uses DRL or
JRL trained models to produce draft and target ratings. These ratings are then
used to rank instances using different score-based strategies. DRL model relies
on fine-grained confidence distributions, while JRL model jointly evaluates the
capacities of both the draft and target models to perform routing. Our contri-
butions are summarized as follows:

e We are the first to explore proactive rating for reasoning MLLMs. We propose
two GRPO-based rating learning methods that enable models to assess both
their own solvability and the target model’s capacity for given inputs.

e We design several score-based inference strategies for efficient visual reason-
ing, jointly considering the abilities of both draft and target models.

e Our methods perform quick routing in the initial stage and deliver compet-
itive reasoning performance with query-difficulty perception, while signifi-
cantly reducing computation. Notably, JRL could achieve 2.41 x acceleration
on MathVista while even slightly outperforming the stronger target model.

2 Analysis of Previous Routing Paradigm

Since previous routing methods are primarily designed for LLMs, we first conduct
preliminary experiments by directly applying representative approaches to the
multimodal reasoning LLMs. Discussed in Sec. this leads to several notable
insights, further highlighting limitations in Sec.

2.1 Observations

Token-probability-based Routing Fails in Multimodal. Token-probability-
based Routing Paradigm relies on the output token-level probability distri-
bution without training: it computes the mean probability of s; = %Zle Di
over the generated sequence of length L as a routing signal. A low sl is inter-
preted as low confidence, triggering delegation to the target model. This strategy
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is coarse-grained with indistinctive signal and hinges on a presumed positive cor-
relation between s1 and accuracy. However, we find that this correlation breaks
down in multimodal settings with long visual reasoning: as shown in Fig. (a) (b),
when sampling responses on MathVerse [48] and sorting them by descending s1,
we observe no clear monotonic relationship between sl and accuracy.

Special-token-based Routing Paradigm Exhibits Sensitivity to SFT
Data. Special-token-based Routing [10] starts with a pre-sampling stage before
training for supervised fine-tuning data preparation. During pre-sampling, cor-
rect completions are attached by a [CN] token and incorrect ones by a [UN] to-
ken, enabling the representation of the correctness of its own reasoning. During
training, for the correct sequence, the entire output sequence is directly fine-
tuned, including the response and the [CN] token. For the incorrect sequence,
only the [UN] token is fine-tuned to prevent performance decline. At inference
time, the special token probabilities at the sequence tail provide the routing
signal s, = m.mm approach requires supervised fine-tuning on both
positive and negative trajectories with special tokens, which in turn restricts the
model’s search space. Moreover, its performance is highly sensitive to the sam-
pling distribution of positive versus negative examples in the dataset. As shown
in Fig. 2f(c), after trained on diverse math data MMK12 [32], the draft model
still struggles to reliably predict [CN] token for the complex thinking.

2.2 Common Limitations

Beyond the observations discussed above, these case-level routing paradigms
share several common shortcomings. First, both paradigms defer routing de-
cisions until the draft model has generated the entire response. As a result,
the target model cannot be invoked earlier, which restricts potential efficiency
gains and introduces unnecessary latency. Second, they fail to evaluate whether
the selected target model is actually suitable for the given query. For instances
that exceed the target model’s capability, routing them to the target model
leads only to repetitive or low-value reasoning, offering limited performance im-
provement while constraining inference speed. These limitations motivate our
proactive routing paradigm for efficient visual reasoning.

3 Training Method

3.1 Preliminary

Group Relative Policy Optimization (GRPO). As a post-training method,
GRPO improves reasoning by comparing multiple completions per sample, scor-
ing format compliance and answer accuracy, and using the reward differences
to compute advantages. In the multimodal setting, the policy model my and
reference model 7y,,, are initialized with pretrained weights. Given an input
x = (P, I,Q), where P is a predefined formatting prompt and (I,Q) is an
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Fig. 3: Left: Illustration of Draft Rating Learning. We design reward Rgqs¢ and adopt
Dynamic Score Substitution to avoid advantage vanishing, while Task-specific Opti-
mization independently optimizes the Rgs;-related tokens during training. Right: Illus-
tration of Joint Rating Learning with the target model. We extend the Draft Rating
Learning pipeline by introducing Rig:, which is trained with pre-sampled Accq: as
supervision, thereby accounting for the capability of the target model.

image-question pair from dataset D, the reference model my,_, samples N can-
didate outputs O = {0y, 09,...,0n}. For each candidate o;, we compute a for-
mat reward Ryp,, and an accuracy reward Rgcc,, and define the total reward:
Rpase; = Rpmt, + Race,- Within each group of N candidates, we estimate the
advantage of o; relative to the group average,

A Rbasei - mean({Rbasej }‘g\izl) (1)
ase std ({ Rbase, }1_1) '
Here, the mean and standard deviation are computed over the N candidates
in the same group.
Given these advantages, we apply a single-update loss similar to standard
GRPO without KL penalty or clipping:

76(0i,m |, 0, <m)

014 (Oi,m|$7 O, <m

Ebasei (9) = _]Em ) Abaseia (2>
where 0; <, is the prefix up to token m. Building on this objective, we extend
GRPO to endow the model with confidence estimation for multimodal inputs
before producing long responses, which supports both self-evaluation and cross-
model evaluation.

3.2 Draft Rating Learning (DRL)

As shown in Fig. (left), we introduce a formatted prompt Py that instructs the
draft model Mg,,, to produce a draft score before the think phase begins. This
score reflects the model’s self-assessed confidence for the input z. The output of
Mg, , denoted o;, contains two parts: d;, the draft score, and r;, the remaining
segment that includes the format markers, the reasoning, and the final answer.
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To train this capability effectively, we define a reward for draft rating learning,
adopt a dynamic score substitution strategy to prevent advantage vanishing, and
apply task-specific optimization to preserve overall performance.

Draft Rating Reward. To train the draft model to rate both the input x and
its own capability, we define the Draft Rating Reward. Given N sampled outputs
O = {0;}¥,, we first estimate the accuracy on this set. Specifically, we compute
the mean draft accuracy as,

N

Accgg = % Z 1{correct(0;,.A)}, (3)

i=1

where correct(o;,.A) denotes that the answer extracted from o; is consistent with
the answer A of (I, Q).

We then utilize Accqpy as the ground-truth label for the draft rating d;.
In this way, for inputs that are simple and within the model’s competence, d;
should approach 1; conversely, for inputs that are difficult or consistently produce
incorrect solutions, d; should approach 0. Accordingly, we define a simple yet
effective draft rating reward:

(4)

1—|dz’—ACCdft|, 1f0<d1§1
Rag, = .
-1, otherwise
To keep rewards comparable across samples and to prioritize cases with larger
score discrepancies, we compute the advantage A4, by mean-centering without
standard-deviation scaling,

N

A 1

Ag;, = Ragy, — N E Ry, (5)
=

Dynamic Score Substitution. During training, we observe that the draft
scores {dy, ...,dn} produced by the model often collapse to nearly identical val-
ues. As a result, both the reward and advantage diminish, and the model stops
learning a meaningful rating. We define Advantage Vanishing to occur when
|mean({d;}}¥.1) — Accgpe| > p and std({d;}Y.;) < o, where u and o are hyper-
parameters. In this regime, the model tends to overuse locally high-probability
tokens when predicting scores. To counteract this, we propose Dynamic Score
Substitution. Specifically, we construct a sampling interval S as,

S € [max(0, min(dy, Accas;) — }Accdft - dN’),
D).

Within S, we randomly sample {d}, ..., d_;} to substitute {d,...,dn_1} in O.
By construction, each d; lies closer to Accgpy than d;, thereby yielding a higher

min(max(dy, Accas) + ‘ACCdft —dn

reward R:ifti. To amplify the advantage of the substituted scores while reducing

the advantage of dy, we replace Adi with flld as
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N {Rg&i—RdftN, ie{l,....N-1} )

di — N—-1 %y -
=2 =1 Ay, i1=N

Task-specific Optimization. Since Abasei is to optimize format and correct-
ness, and Adi is to accurately assess the existing model’s capabilities, directly
mixing Abasei and /Aldi to optimize all output tokens o; can lead to damage to the
original performance and inefficiency in rating learning. Therefore, we propose
Task-specific Optimization. Specifically, we optimize the corresponding token
parts, d; and r;, using Ad and Abase” respectively, with weight a:

Edfti (9) = ['base,- (9) + aﬁdi (9)
7Ta(7"i,m|$7 di,<ma ’ri,<m)

77901(1 (Ti,m|l‘7 di,<m7 ri,<m

B Oé]Em o (di,m|z7 di,<ma 7ﬂi,<m)

g1 (di,m|xa di,<ma ri,<m>

:—]Em

Abasci
)

Aq,. (7)

3.3 Joint Rating Learning with Target model (JRL)

As shown in Fig. (right), Pjoint requires the model to output a target score
t; prior to draft score d; and think phase, which denotes the target model’s
assessment of the input z. Different from Eq. , which calculates Accqp; during
training, we perform M sampling iterations on each sample in D using the target
model before training the draft model, and record the average accuracy of M
outputs in Dict ace,,,- During training, we retrieve the correspondlng Accige as
the ground-truth label of ;. We apply formulas similar to Eq. (4) and Eq. ( . ) to
obtain R4, and At , and employ Dynamic Score Substitution to av01d advantage
vanishing, along with task-specific optimization with weight 3 for target rating
training:

Lioint, (0) = Luase; (0) + aLa, (0) + BL:, (0)
o (Ti,m "ra ti,<7n7 di,<7na Ti,<m)

" 0414 (ri,m|xv ti,<ms di,<m, Ti,<m)

base;

E 7T9(di7m|x7ti,<m7di7<m7ri,<m) A
m d;
MO0 (dism |5 ti <my i <oy Tio<m)

o ti,m .’E,ti’ m7di, ms Ti,<m N
_B]Em ( | < < < ) Atw (8)

TOo1a (ti,m|x7 ti,<ma di,<m7 Ti,<m)

4 Proactive Routing Method

In this section, we first establish the correlation between the predicted ratings
and accuracy. Building on this, we then design a three-stage proactive routing
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accuracy within each bin.
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Fig. 5: Left: Three-stage Score-based Proactive Routing. Right: Internal Probability
Ranking exhibits a strong correlation with accuracy.

scheme that delivers efficient acceleration while preserving performance. More-
over, we introduce a fine-grained partitioning method based on the token-level
probabilities of predicted ratings, thereby enabling a more precise evaluation
stage. We further analyze the superiority and practicality of our routing method.

4.1 Correlation between Ratings and Accuracy

As shown in Fig. E we analyze the ratings produced by Mg, (trained in
Sec. and Mg,,,,, (trained in Sec. on MathVerse [48]. The left panel
reports the relationship between the ratings from M,,,, during inference and
accuracy. The two right panels, under My, ,,,, respectively show (i) the draft
model’s score bins and its corresponding accuracies, and (ii) M,;’s score bins
and the target model’s accuracies. Across all settings, we observe a clear trend:
higher score bins correspond to higher correctness. Minor deviations in a few
bins arise primarily from limited sample counts within those intervals. Over-
all, the yellow bins exhibit substantially higher accuracy than the purple bins,
demonstrating that our approach learns meaningful, discriminative ratings that
correlate strongly with accuracy. We further demonstrate the advantages of our

ratings by the correlation of interval accuracy and ratings in Tab.
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4.2 Three-stage Score-based Proactive Routing

Our Proactive Routing strategy involves Mg,,, and Mg,,,,, as routing models
and follows the rating ranking in Sec. [I.1} It proceeds in three stages:

— Pre-generating: Before the model starts thinking and answering, we prompt
Ma,,, or Mg,,,,, to generate a short prefix until a complete rating snippet
is obtained. From this snippet, we extract: (i) the self-assessed confidence d
of Mg,,,; (ii) both the confidence d of My;,,,, and the predicted confidence
t of Mt.

— Evaluation: When My, serves as the routing model, we directly employ
d as the score. When My, . , serves as the routing model, we combine d
and t to reflect two priorities: (i) routing instances that the draft model can
solve correctly to the draft model; (ii) preferring the draft model when M,
is likely to fail due to capability mismatch. Concretely, for datasets where
easy instances can be solved with high confidence, we adopt a draft-rating-
first scoring strategy rule and set s = d + %; whereas for more challenging
datasets-where the system has generally low confidence, we adopt target-
rating-first scoring rule and set s = t + %, where 7 controls the priority
given to capability gap between My, and M.

— Decision-making: With Mg, as the router, if d > Ty, we route the
instance to My 4+« b0 continue generating a full response; otherwise, we route
it to My. With My, .., for routing, challenging but solvable samples have
lower scores compared to overly difficult ones, which means we prioritize
assigning more suitable hard samples to the target model.If s>Tjoint, Ma, i,
is confident, and we route to Ma,,,,, and continue generating. If s<Tjoint,
Mgy is uncertain with lower expected accuracy, and we route to M;.

joint

4.3 Internal Probability Ranking

Relying solely on the rating score to partition samples is too coarse; many exam-
ples cluster within the same score band, leaving no principled way to prioritize
them. As shown in the upper-right of Fig. [5| we first sort MathVerse samples by
score and measure range accuracy across percentiles. Although the high-score
(yellow) region covers a large proportion, its internal accuracy is highly hetero-
geneous. To resolve this, we propose Internal Probability Ranking, which refines
prioritization within the same score band by using the logits of the rating tokens.

Concretely, considering a score such as “0.98”, we examine the token position
corresponding to “9” in the rating string and extract its logits vector z over the
full vocabulary. Let D = {0,1,...,9} denote the digit-token set, and let p; be
the probability assigned to digit 7 under the full-vocabulary softmax at that
position, i.e., p; = softmax(z); for i € D. Let ppar = max;cpp;- We then define
the within-band priority score as:

p= ﬁplmax Ziep(pi - |%| ;jED pj)2,if2d >5
~ D[Pmaz > iep(Pi — ] > jep i)’ else

(9)
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Fig. 6: Comparison of decision latency between traditional routing-after-completion
and our proactive routing schemes (Ma,,, and Ma,,;,,)-

Intuitively, when scores are high, a more concentrated digit distribution together
with a larger pp,.., indicates greater certainty, which yields a larger p and cor-
relates with higher accuracy; for low scores, the trend reverses. Finally, we sort
samples within each score band by p. As shown in the lower-right of Fig. [5] the
interal accuracy then exhibits a clear stepwise pattern, which enables precise
and flexible routing. We implement this by augmenting the ratings with their
within-band priorities, setting d’ = d + pg and ¢’ = t + p;. Replacing the second-
stage evaluation rating d and ¢ with d’ and ¢’ yields finer-grained assessments
and more reliable routing within score ranges.

4.4 Superiority and Practicality of PRP

Fig. [6] compares the end-to-end latency of routing schemes on routed-to-target
cases. In the conventional “route-after-completion” setting, the total time is
timegraft + tiMetarger. With proactive routing, the draft model only gener-
ates a short prefix before making a routing decision, so the total time becomes
LiMeprefizgra s T1MELarger- This saves timegra rt — tiMepre fizypqs, DI routed ex-
ample. On both MathVista and MathVerse, both DRL and JRL save nearly the
entire inference time of the draft model, thereby advancing the routing decision
to the initial stage of inference. This enables the swift redirection of challenging
inputs to a more powerful target model, meaning our decision lead time is dozens
of times earlier compared to post-inference routing. We provide two easy strate-
gies for threshold setting as examples to illustrate the practicality of the routing
method: (a) Task-Specific Calibration with Validation Set: For specific domains
with a validation set, such as mathematical reasoning in MathVista, we use the
validation set routing curve to find the point that achieves the best trade-off be-
tween performance and efficiency. Then, we can obtain the rating of the sample
at that point. We route samples based on this rating as a threshold to achieve
similar performance and speedup on test data. In Fig. f), we use 30% of Math-
Vista for validation and 70% for testing. Similar trends in the curves indicate the
effectiveness of this strategy. (b) Dynamic Pre-scoring without Validation Set:
In the absence of a validation set, we process concurrent requests as a batch at
the same time. For query batches, we perform a rapid proactive rating (taking
approximately 1% of the total draft latency shown in Fig. @ By sorting the
ratings within a batch, we determine the switching threshold based on limited
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computational resources, allowing us to dynamically allocate these examples to
maximize performance within the constraints of available resources.

5 Experiments

5.1 Setup

Evaluation Tasks. We evaluate the effectiveness of PRP across two repre-
sentative domains. We first validate it in a simple question-answering setting,
using 15K ChartQA |[31] training subset for training and 2.5K test data for
in-domain evaluation. The second domain targets mathematical reasoning: we
simply employ 15K MMK12 [32] for confidence learning. We adopt two widely
used benchmarks that span a broad range of problem types and difficulty levels,
MathVista [28] and MathVerse [48]. We also provide the results on M3CoT [7]
in 7?7 to further illustrate our effectiveness and generalization.

Reasoning MLLMs. For QA domain, we directly train Qwen2.5-VL-3B [1]
with DRL to obtain Mg,,,. We use Ovis-2.5-9B [29] as the target model. For math
domain, we first perform GRPO to empower Qwen2.5-VL-7B [1]| with strong
reasoning ability, then perform DRL and JRL on the GRPO-trained model for
better efficiency, while Skywork-R1V-38B [41] is adopted as M;.
Implementation Details. « and § are set to 1.5. Rollout N is set to 4 and
sample number M for JRL is 16. My, and My,,,,, are trained for 3 epochs with
batch-size of 140 and a learning rate of 5e — 7. For evaluation, the thresholds
T4+ and Tjoine are controlled by the fraction of samples routed to M; (p:%).
Baselines. To the best of our knowledge, we are the first to introduce instance-
level routing for multimodal reasoning. Accordingly, we compare against a ran-
dom routing baseline and two paradigms described in Sec. [2}

e Random. We use our trained Mg, or Mg, to inference and assign
instances randomly to draft and target according to p;%.

° . On ChartQA, we adopt Qwen2.5-
VL-3B as the baseline; on MathVerse and MathVista, we use the GRPO-
trained model as the baseline. For each example, we compute s1, sort in-
stances by s1, and perform routing based on this ranking.

e Special-token-based (Paradigms). On ChartQA, we initialize training
from Qwen2.5-VL-3B; on MathVerse and MathVista, we initialize from the
GRPO-trained model. For training, each question follows the same sampling
budget as our main training setup: we sample N times per question and
append [CN] for correct and [UN] for incorrect, to perform SEFT for 3 epochs.
At inference, we rank instances by s, and route accordingly.

5.2 Overall Rating and Routing Performance Analysis

As shown in Tab. [I| we evaluate the overall rating and routing performance of
various paradigms across 3 benchmarks. Overall Rating Performance: We
calculates the Spearman correlation coefficient between the ratings assigned by
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Table 1: Spearman Correlations between rating rank and accuracy show the superi-
ority of our ratings. Area Under the Curve(AUC) for routing demonstrates the overall
routing effectiveness.

Dataset ‘ ChartQA ‘ MathVerse ‘ MathVista
Paradigm |Random| | 7. | DRL | JRL |Random| | 72 |DRL|JRL |Random| | 7. | DRL | JRL
Spearman of Rank&Acc|| 0.00 [-0.34|-0.25|-0.49 |-0.50| -0.01 |-0.01]-0.11]-0.32[-0.30] 0.00 |0.12]-0.19 -0.34 |-0.35

Area Under Curve(%) | 7887 [80.74/73.30| 81.97|83.61| 56.13 [56.72|56.03|55.44|56.97| 72.09 [72.69]72.19 73.29|73.36

) - 8439 .
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(a) ChartQA (b) MathVista (c) MathVerse

Fig. 7: Detailed comparison of our proposed routing with random and 2 previous
paradigm on ChartQA, MathVista, and MathVerse.

the draft model and the actual accuracy (ranked from correct to incorrect). A
stronger negative correlation indicates that the ratings more accurately reflects
its actual performance. Our DRL and JRL consistently achieve higher correla-
tions, proving that our ratings are more closely aligned with true model correct-
ness. Overall Routing Performance: Area Under the Curve (AUC) is derived
from the routing performance curve across various allocation ratios between the
draft and target models (See Fig. @ This reflects the overall effectiveness of
the routing process across all possible target allocation p; levels. We outperform
alternative methods in nearly all scenarios, with the notable exception of DRL
on MathVista. In this specific case, the DRL performance even falls below the
random setting. This occurs because there are instances where the draft model is
incapable of solving the task, but the target model also fails; conversely, in tasks
where the draft model performs well, the target model exhibits even greater su-
periority. Because DRL focuses solely on assessing the draft model’s capabilities
while ignoring the target model’s potential, it may incorrectly prioritize samples
that would have provided a higher marginal contribution to overall accuracy if
assigned differently. We provide a more granular analysis in ?7.

5.3 Detailed Evaluation Results on ChartQA

As shown in Fig. a), we evaluate in-domain DRL-trained Mg,,,’s and JRL-
trained Mg,,,,,’s routing capability using scores with Internal Probability Rank-
ing. Compared to directly applied to the Qwen2.5-VL-3B model, our
DRL-trained Mg,;, not only improves model performance but also produces re-
liable scores, enabling efficient routing. By contrast, Paradigm, exhibits a much

more severe performance degradation. Notably, DRL can stably maintain, and
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Table 2: Latency and Accuracy evaluations of our DRL and JRL along with baseline
methods on MathVista and MathVerse benchmarks.

Model | MathVista | MathVerse
|Draft (1—p:)% Accuracy Avg. Latency(s) Speedup|Draft (1 —p:)% Accuracy Avg. Latency(s) Speedup

M, (Skywork-R1V-38B) | - 74.1% 64.8 - | - 62.4% 101.4

100% 69.9% 102 - 100% 50.0% 11.8 -
DRL-trained 20% 75.4% 55.5 117x 20% 59.8% 86.4 117x
Ma,, (7B) 30% 75.3% 53.5 1.21x 30% 58.7% 78.1 1.30x

50% 74.3% 43.6 1.49x 40% 57.2% 69.1 1.47x

100% 70.0% 49 - 100% 49.9% 10.9 -
JRItrained 30% 74.4% 47.6 1.36x 20% 61.2% 82.1 1.24x
" "("7’;’) 40% 74.1% 40.1 1.62x 25% 60.77% 76.6 1.32x
Mdjoine 50% 74.0% 32.6 1.99x 30% 60.4% 715 1.42x

60% 74.2% 26.9 2.41x 50% 58.5% 55.4 1.83x
Random 60% 71.6% 275 2.36x 50% 56.4% 56.0 1.81x

60% 72.2% 20.5 2.19x 50% 56.9% 56.3 1.80x
Special-token-based (Paradigms) 60% 72.1% 26.9 2.41x 50% 56.3% 55.6 1.82x
Ours 60% 74.2% 26.9 2.41x 50% 58.5% 55.4 1.83x

even enhance, the target model performance from 84.39 to 84.72 when p; > 40,
which demonstrate the feasibility and reliability of our PRP on simple in-domain
tasks. JRL can also stably maintain the target model performance when p; > 15.

5.4 Detailed Evaluation Results on Math Domain

We present the detailed results of our Joint Rating Learning with Target Model
(JRL) strategy compared with Random, ,and Paradigms in Fig.
Our JRL consistently outperforms all other strategies across different target
allocation ratios, with even larger gains when more queries are routed to the
target model. This demonstrates that JRL is a more effective routing mechanism
for MLLMSs and directly addresses the limitations discussed in Sec. 2:2}
Efficiency Measurements. Table 2] summarizes the performance and speedup
of our DRL and JRL strategies on the MathVista and MathVerse benchmarks.
For Draft Rating Learning (DRL), we observe that the overall performance with
DRL-based routing achieves lossless performance on MathVista with approxi-
mately 1.5x acceleration, demonstrating the effectiveness of confidence learn-
ing. With JRL, the routing performance improves substantially once the target
model’s capability is incorporated. For example, on MathVerse, Mg,,,,, main-
tains a competitive 60.4% accuracy with a 1.42x speedup. On MathVista, JRL
performs even better: at a 60% routing ratio, Mg,,,,, surpasses M; while achiev-
ing a 2.41x speedup.

5.5 Ablation Studies

Internal Probability Ranking (IPR). We validate the effectiveness of IPR on
ChartQA and MathVista. Specifically, we compare (i) routing based solely on raw
confidence ratings, and (ii) routing with additional Internal Probability Ranking
within each score range. As shown in Fig. a)(b), the latter consistently achieves
better routing quality due to the more orderly score distribution within each bin.
This demonstrates that incorporating internal probability provides finer-grained
confidence calibration for the draft model, leading to improved performance.
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signal s = d+ % on MathVista. (f) Similar accuracy trends across evaluation and test
sets allows threshold estimation. (g) Qualitative Result of samples routed using PRP.

joint

RL-based rating training vs SFT-based rating training. As a comparison,
we use the accuracy within the group as the label and employ Supervised Fine-
tuning for rating training. Compared to our rich scoring scenarios, the SF'T model
produces polarized scores (only 0/1) during inference (see Fig. [§[c)), resulting
in a weaker correlation with actual performance than our RL-based method.
Meanwhile, the draft accuracy on MathVista drops by 4.2%(see Fig. [§(d))
Different scale 7 for Mg, .. As discussed in Sec. @ when employing Mg,
for routing, the scaling coeflicient 7 controls the importance of the gap between
Ma,,.. and M; during ranking. As shwon in Fig. e),When 7 is large (blue
curve), routing focuses more on My, ,’s intrinsic capability, thus preferentially
assigning instances where My, . . excels to the My under this setting, p; €
[80,100] exhibits strong performance preservation. Conversely, when 7 is small
(yellow curve), routing emphasizes the discrepancy between Mg, and M,
preferentially preserving instances where M, excels to My; as a result, we achieve
faster performance gains in p; € [0, 50].

Qualitative Result. In Fig. g), PRP routing proceeds once module Mg,
produces a self-score d and an assessment ¢t of M;. More results are in ?77.

joint?

6 Related Work

6.1 Reinforcement Learning for Reasoning Models

Reinforcement learning has been widely adopted to enhance the reasoning capa-
bilities of LLMs. Methods such as PPO and DPO are commonly used
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in post-training by maximizing reward functions. GRPO |[18}|39] was proposed
to improve reasoning by optimizing group advantages using reward differences
across multiple completions, while subsequent works [24}27,[32}|46] explore gen-
eralized optimization strategies. GRPO-like approaches have been extended to
multimodal domains, where customized reward functions are designed for various
vision-language tasks [51/8}13}25,/26}/40/47]. We leverage GRPO to preserve draft
model’s performance while equipping the model with proactive rating ability,
thereby laying the foundation for flexible routing.

6.2 Efficient Reasoning

LLM reasoning often requires long chains of thought, leading to increased la-
tency [36]. A common solution is to pair a small draft model with a larger target
model. Speculative decoding [3l|4)1412021/33] is one representative approach, but
applying it to reasoning models introduces token-distribution mismatch across
intermediate steps. Progress reward models (PRMs) [22,|42] attempt to assign
reasoning steps to draft or target models, but they are difficult to train for
MLLMs and incur additional cost. Router-based methods [2,/10,|15}/16}/34] rely
on evaluating the model’s confidence [17], and offer another direction by select-
ing models according to query difficulty or budget. For example, Self-REF [10]
uses SFT to train a confidence token, while others [11] benchmark uncertainty
estimation for reasoning LLMs. However, their effectiveness for MLLMs remains
unclear; they typically rely on full responses, preventing early routing, and ignore
the target model’s solvability. In this work, we propose to estimate confidence
before reasoning, enabling MLLMs to decide when and whom to ask.

7 Conclusion

We present a RL-based Proactive Routing Paradigm for efficient MLLM rea-
soning. By introducing Draft Rating Learning and Joint Rating Learning, we
enables models to estimate both their own and the target model’s solvability of
the input before generation, making proactive and capability-aware routing pos-
sible. Building on robust rating model, our three-stage PRP enables fine-grained
routing that prioritizes samples for which the target model is expected to ex-
cel, rather than simply forwarding the most difficult cases, yielding a favorable
balance between performance and efficiency across the draft and target models.
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