
R-C2: Cross-Modal Cycle Consistency Rewards Improve Multimodal Reasoning

Zirui Zhang1 Haoyu Dong2 Kexin Pei3 Chengzhi Mao1

1Rutgers University 2Columbia University 3University of Chicago
https://R-C2-cmlab.github.io/Cross-Modal-Cycle-Consistency-Rewards/

Abstract

Multimodal Large Language Models (MLLMs) suffer
from a fundamental ”modality gap,” contradicting them-
selves on visual versus text views of the same content. This
paper argues that this inconsistency is not a failure, but a
powerful resource for self-reward multimodal learning. In-
stead of relying on flawed voting mechanisms that amplify
systematic errors when the majority is wrong, we intro-
duce cross-modal cycle consistency as rewards (R-C2) to
improve multimodal reasoning. R-C2 performs backward
inference from an answer to a query, switches modalities,
and performs forward inference to verify the answer’s con-
sistency. This cycle serves as a dense, label-free reward
that guides the model to resolve its own internal conflicts,
while avoiding majority-is-wrong failures of standard vot-
ing methods. On standard benchmarks, R-C2 mitigates
modality-specific biases and improves reasoning accuracy
by up to 7.6 points. Our results show that robust reason-
ing emerges not just from scaling data, but from achieving
a bidirectional understanding of the multimodal world.

1. Introduction
Multimodal Large Language Models (MLLMs) suffer from
a fundamental modality gap [57], often contradicting them-
selves on visual versus text views of the same input content.
As shown in Figure 1, we show that an MLLM can yield dif-
ferent answers for an identical webpage when presented as
a screenshot versus its raw HTML source. As MLLMs are
widely deployed in domains such as multimodal document
understanding [30, 31], web UI navigation [18], and agentic
systems [32, 48, 51], this lack of robustness and consistency
can be a critical failure.

Most prior work attempts to improve reasoning through
large-scale fine-tuning on meticulously curated datasets,
which are expensive to construct and inherently limited
in their ability to scale model performance [45]. Rein-
forcement learning (RL) [33, 34] offers an alternative, but
hinges on reliable reward signals; unlike math [47, 54] or
code [24, 37], complex multimodal answers are rarely veri-
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Figure 1. Gap in Multimodal Reasoning. Multimodal large
language models (MLLMs) frequently fail the test of modal-
invariance. For example, they produce conflicting answers for
the same webpage when presented as a screenshot versus its raw
HTML source. We introduce a cycle-consistency framework that
directly targets this modality gap, leveraging the inconsistency it-
self as a signal to jointly improve reasoning and alignment.

fiable. Without annotated query-answer pairs, recent self-
improvement methods use majority voting [16, 43, 44].
However, these voting mechanisms suffer from inherent
limitations. As illustrated in Figure 2, the problem is com-
pounded in multimodal settings: when visual and textual
predictions disagree—an extremely common scenario—the
consensus becomes unstable and arbitrary. This leaves the
underlying conflict unresolved and, in “majority-is-wrong”
cases, actually amplifies the error.

Our key insight is that this cross-modal inconsistency is
not a failure but a powerful, untapped resource for self-
reward learning. Instead of relying on flawed voting, we
introduce cross-modal cycle consistency (R-C2), a frame-
work that reframes this gap as a self-supervised reward sig-
nal. R-C2 starts from a candidate answer. Then it performs
backward inference to propose a query that would elicit that
answer, then switches modalities to perform forward infer-
ence and reconstruct the original answer, as shown in Fig-
ure 3. This cycle serves as a dense, label-free reward that
forces the model to resolve its own internal multimodal con-
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Figure 2. Failure of multimodal voting. Left: Consistent Conflict — both text and image modalities produce self-consistent predictions
(mode-stable) but disagree with each other, and only one modality aligns with the ground truth. Right: Unstable Recovery — within a
single modality, some rollouts yield the correct answer, but the majority vote remains wrong, reflecting intra-modal instability. Using
multimodal voting can amplify biases or lose correct signals.

flicts, thus improving the reasoning capability.
Extensive experiments, complemented by a diverse

suite of case-study visualizations that reveal modality con-
flicts and how R-C2 resolves them, demonstrate that R-
C2 significantly improves multimodal reasoning capabil-
ities without human annotations. In 3B and 8B multi-
modal LLMs, our method improves performance by up
to 7.6 points on major multimodal benchmarks, includ-
ing ScienceQA [26], ChartQA [29], InfoVQA [31], Math-
Vista [27], A-OKVQA [35], and Visual Web Arena [18].
Moreover, our method greatly increases the consistency of
cross-modal prediction. We further study the conditions un-
der which our cross-modal cycle consistency approach pro-
vides the greatest benefit, offering insights into the nature
of the modality gap in state-of-the-art models.

2. Related Work

Multimodal Large Language Models. Vision–language
LLMs [23, 25, 39, 50] extend Language Models (LMs) [1–
3, 40] with a vision encoder that maps images into the token
(or embedding) space of the LM. In most systems, the vi-
sion encoder is pretrained separately and then frozen [39],
and the supervision available for image–text is far sparser
than for text-only corpora. These factors contribute to a
modality gap: the same query can yield different answers
depending on whether relevant information is provided as
text or embedded in an image. Recent studies begin to char-
acterize this gap [38, 52], but practical methods to close
it remain limited. A prevailing strategy is to synthesize
additional image–text QA pairs by first captioning images
and then prompting an LM to generate query–answer pairs
from the captions [5, 6, 10, 15, 23, 42, 56]; however, such
pipelines often require nontrivial human curation and can
propagate caption biases [11]. In contrast, we leverage inci-
dental structure in naturally occurring multimodal data to

improve understanding and reasoning without relying on
large volumes of manually curated synthetic QA.
Reward Modeling. Reinforcement learning from human
feedback (RLHF) and its extensions have been central to
aligning LLMs with human preferences [14, 33]. For
verifiable domains such as mathematics and code [19],
outcome-based rewards are sufficient because correctness
can be objectively measured. Beyond outcome-only super-
vision [36], recent work explores rewarding intermediate
reasoning steps [12, 46, 49], often pairing process super-
vision with learned reward models that estimate the quality
of partial solutions rather than final answers [21, 22, 28, 47].
Although these methods are effective in domains with ver-
ifiable feedback, they remain brittle in multimodal reason-
ing, where step-level evaluation is ambiguous, and learned
reward models can inherit modality-specific biases. This
leads to reward misspecification—overfitting to superficial
textual or visual cues rather than genuine semantic correct-
ness.
Label-Free Reinforcement Learning and Self-Evolution.
To mitigate reliance on human or synthetic labels, recent
trends pursue label-free self-improvement paradigms, in-
cluding label-free RL [16], self-play [41], self-instruct [45],
and self-training or self-refinement [13, 17, 58]. These
methods iteratively generate and refine their own data us-
ing internal feedback, sometimes leveraging consistency or
confidence as reward signals [22, 55, 59]. More advanced
frameworks extend this idea to weak-to-strong learning [4,
20] and self-critique mechanisms [7, 8, 53], where models
bootstrap improvement from self-generated critics. How-
ever, many systems still equate consensus with correctness,
optimizing for agreement through majority voting [9]. This
risks amplifying systematic biases, a phenomenon often de-
scribed as a “majority-is-wrong” failure. In multimodal
LLMs, this issue is exacerbated by cross-modality incon-
sistency [57], where visual and textual predictions diverge
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Figure 3. Overview of multimodal cycle consistency. Starting from a potential answer candidate aorig, the model performs backward
inference to reconstruct two latent queries, q̂T from the text view xT and q̂I from the image view xI . Each reconstructed query is then
used for forward inference across both modalities, resulting in four reconstructed answers {att, ati, ait, aii} generated via the paths T→T ,
T→I , I→T , and I→I . Cycle consistency is measured by whether the reconstructed answers remain consistent with the original aorig,
forming a full 4-way cross-modal reasoning cycle.

even when grounded in the same underlying content. Our
method avoids voting through a cycle consistency.

3. Method
Our goal is to improve the multimodal reasoning capabili-
ties of MLLM. We frame this as a reinforcement learning
(RL) problem, where the key challenge is to acquire a re-
ward signal without human labels. We first review self-
rewarding methods based on consensus voting, showing
how they fail in single-modal settings and how this failure is
compounded in multimodal contexts. We then introduce our
solution, R-C2, a self-supervised reward framework that
replaces flawed consensus with cross-modal cycle consis-
tency.

3.1. The Failure of Consensus-Based Rewards
We define our MLLM as a model Fθ that produces an an-
swer â given a multimodal input x and a text query q:
â = Fθ(x,q). The input x can be visual-only xI (e.g., a
screenshot), text-only xT (e.g., HTML), or an interleaved
mix xM .

To improve MLLM’s reasoning capability, we follow the
standard practice and optimize the model with reinforce-
ment learning, a GRPO objective [36]. At each step, Fθ

generates an answer for the query; a reward model assigns
a scalar score, and we update θ to increase the likelihood of
the sampled answer when the reward is high and decrease it
when the reward is low. This aligns Fθ towards responses
that consistently earn a higher reward. Formally, we will
maximize this objective:

LGRPO = E
[
log πθ(âi|xi,qi) · Â(âi,ai)

]
where A(â) is the advantage, which is calculated via

Â(âi,ai) =
ri −mean(r)

std(r)
, (1)

where the advantage is calculated on the basis of its rela-
tive normalized value in the batch. This paradigm, however,
hinges on a reliable reward function ri = R(âi,ai) that re-
quires a ground-truth answer a or an external verifier, both
of which can be expensive to scale for many multimodal
tasks.
Single-Modal Voting and “Majority-is-Wrong”. To re-
move the need for labels, recent “self-improvement” meth-
ods like R0 [16] generate their own rewards without labeled
query-answer pairs. For a given text query, the model gener-
ates k candidate answers {aj}kj=1. Then it applies majority
voting to select the most plausible answer a′, which serves
as a pseudo-label.

a′ = mode({aj}kj=1).

It calculates the reward as ri = R(âi,a
′). The model is

then trained to increase the probability of producing this
majority-voted answer.

This approach suffers from a fundamental “majority-is-
wrong” failure. If the model has a systematic bias, the ma-
jority of its answers will be incorrect. Voting will select an
incorrect pseudo-label, and the RL objective will simply re-
inforce the model’s own mistakes, leading to a collapse in
performance.
Compounded Failure: Multimodal Voting. To extend
voting to multimodal reasoning, we aggregate predictions
from both the image and text modalities. For each query,
the model answers kI times from image views and kT times
from text views, predictions from the text modality {aTt }
and the image modality {aIj} are pooled together, and the
pseudo-label is determined by majority vote:

a′multi = mode
(
{aIj}

kI
j=1 ∪ {aTt }

kT
t=1

)
.

The reward is then computed in the same way as the
single-modal case, ri = R(âi,a

′
multi).
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…HOW TO CHOOSE\nTHE RIGHT 
RACQUET
CONTROL\nWho needs a control 
frame?...
TWEENER\nWho needs a tweener 
frame?...
POWER\nWho needs a power frame?...
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—>Text Query: What are the three types of tennis racquet frames?

—>Image Query: What are the three types of frames?
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A
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A …Number of 

most gold medals in

one Olympics\n(BEIJING, 2008)

Michael Phelps\nSwimmer, USA…

Candidate Answer:    ['michael phelps']

—>Text Query: Who won the most gold medals in Beijing Olympics?

—>Image Query: Who won the most medals at 2008 Summer Olympics?

…candy on a tray.", "Desserts are on 

white paper liners on a silver 

platter.", "There is a piece of fluted 

paper, similar to…

Candidate Answer:    ['wrapping']

—>Text Query:    What tool does the pastry chef use to place the almonds on 
top of the chocolates?

—>Image Query: What is the object being used to wrap the gift?


A-
O

KV
Q

A

Do
cV

Q
A This document appears to be an 

article or report from ITC Limited, 

focusing on their brands 

and their impact on the nation. …

Candidate Answer:    [‘ITC Limited’]

—>Text Query: Which company is the document discussing?

—>Image Query: What is the name of the company?

C
ha

rtQ
A
 …U.S. favorability in Russia\":…

\"2011\": 57,\n\"2013\": 52,

\"2015\": 23\n}\n},\n

\"Russia favorability in U.S.\":...

Candidate Answer:    ['Yes']


—>Text Query: Did US favorability in Russia decrease from 2013 to 2015?


—>Image Query: Did US favorability toward Russia in 2015 fall below 25%?

Sc
ie

nc
eQ

A

U.S. map… 3 states highlighted:

Arizona, Louisiana, & West Virginia

…\"West Virginia\",\n\"count\": 1

…n\”color\”: \"lightgreen\"

Candidate Answer:    [‘West Virginia’]

—>Text Query: Which state is labeled with a green arrow pointing to its 
northeastern border in the image?

—>Image Query: Which U.S. state is the location of the highest elevation point 
shown in the map?

Sc
ie

nc
eQ

A \"Sample A and Sample B\"...
\"Mass of each particle: 28 u\",
\"Average particle speed: 1300m/s\"
\"Mass of each particle: 44 u\"
\"Average particle speed: 1300m/s\"...

Candidate Answer:    [’B’]

—>Text Query:    Which sample has particles with a greater mass, given that 
both samples have the same average particle speed?

—>Image Query: Which sample showed a higher concentration of compound 
X after 24 hours of incubation?

VW
A

…ALPHA BEARD Growth Vitamins | 
Beard and Hair Growth Supplement for 
Men (60 Capsules)
…=“price”>$21.95</div><button>…
..Dcore Olena Natural DHT Blocker (60 
Capsules)
…=“price”>$55.98</div><button>…

Candidate Answer:    [‘ALPHA BEARD Growth Vitamins ... - 60 Capsules’]

—>Text Query: What is the name of the hair growth supplement that costs 
$21.95 and has 12 reviews?

—>Image Query: What is the name of the beard and hair growth supplement 
for men that comes in a 60-capsule bottle?

VW
A

Avocado Oil Natural Carrier Oil – …

Aromatherapy Avacados, 16 oz

Rating:84%/n6 Reviews

$12.49

Candidate Answer:    [‘Avocado Oil Natural Carrier Oil..., 16 oz at $12.49’]

—>Text Query: What is the name, size, and price of the avocado oil product 
shown in the first position on the page?

—>Image Query: What is the name, size, and price of the avocado oil 
product listed under the Skin Care category?

Figure 4. Examples of the backward-inference (Answer→Query) step. Given a Candidate Answer, the model generates distinct,
semantically-grounded queries for both the text and image modalities. This demonstrates the viability of the first step of our cycle-
consistency reward, enabling the model to check its answer in the alternate modality.

However, the problem of voting is compounded when
applied to multimodal reasoning. A naive extension is to
generate answers from different modalities and vote. How-
ever, we find that predictions from different modalities fre-
quently disagree. As shown in Figure 2, when the model
is presented with the same information in different forms
(e.g., a chart image xI vs. its data table xT ), its answers
often conflict. This cross-modal disagreement makes a sim-
ple majority vote unstable or arbitrary. If the visual and tex-
tual predictions differ, there is no clear consensus to follow,
leaving the model without a reliable learning signal.

3.2. R-C2: Self-Reward from Cycle Consistency

To break this cycle of self-reinforcing errors, we propose
the Cross-Modal Cycle Consistency Reward (R-C2). Our
framework replaces flawed, unstable voting with a dense,
self-supervised reward signal derived from the model’s own
internal consistency.

Our key insight is to shift from answer-side voting to
answer-side verification. Instead of starting from a query
to aggregate answers, we begin with a single candidate
answer aorig—which may come from the model’s own
prediction or any available answer source, without rely-
ing on query–answer labels—and assess its logical self-
consistency. To achieve this, MLLM first backward in-
fers the probable queries that could elicit this answer aorig.
This is achieved by conditioning on both aorig and the con-

tent of one modality (e.g., text view xT ), and prompting the
MLLM to predict. This inferred query q̂ is then fed back
into the model, but this time conditioned on the alternate
modality (e.g., image view xI ), to forward infer a recon-
structed answer, â. See Figure 4 for examples of the cycle
consistency data. A binary reward is generated if the recon-
structed â is consistent with the original aorig:

r =

{
1, if â matches aorig,

0, otherwise.

This self-verification design provides a reliable, self-
supervised reward, eliminating the need for labeled query-
answer pairs.

Multimodal Cycle Consistency. As shown in Figure 3,
R-C2 evaluates whether a candidate answer aorig is stable by
running a complete set of backward–forward cycles in both
modalities. Given a sample with synchronized textual (xT )
and visual (xI ) views, we leverage both to form four distinct
reasoning paths. First, in the backward step, the model
infers two types of queries from aorig: q̂T (conditioned on
xT ) and q̂I (conditioned on xI ). Next, in the forward step,
each query is verified against both modalities. This results
in four complete cycle directions:

T→T, T→I, I→T, I→I.
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Qwen2.5-VL-3B-Instruct

Dataset Base Model + Voting (Text) + Voting (Image+Text) + R-C2 (Ours)

Text Acc Vision Acc Text Acc Vision Acc Text Acc Vision Acc Text Acc Vision Acc

ScienceQA 68.9 76.0 70.7 (+1.8) 76.2 (+0.2) 73.1 (+4.2) 78.0 (+2.0) 76.7 (+7.8) 83.3 (+7.3)
ChartQA 71.1 82.8 76.0 (+4.9) 83.6 (+0.8) 76.2 (+5.1) 83.5 (+0.7) 77.2 (+6.1) 84.8 (+2.0)
MathVista 49.8 64.8 50.6 (+0.8) 65.0 (+0.2) 52.1 (+2.3) 65.7 (+0.9) 55.8 (+6.0) 67.6 (+2.8)
VWA 69.0 62.9 74.5 (+5.5) 63.1 (+0.2) 73.3 (+4.3) 64.5 (+1.6) 74.5 (+5.5) 67.1 (+4.2)
A-OKVQA 70.3 86.1 73.9 (+3.6) 87.6 (+1.5) 74.2 (+3.9) 87.7 (+1.6) 75.2 (+4.9) 88.8 (+2.7)
DocVQA 74.7 90.0 76.2 (+1.5) 90.3 (+0.3) 76.4 (+1.7) 90.4 (+0.4) 76.6 (+1.9) 90.3 (+0.3)
InfoVQA 54.9 74.1 55.6 (+0.7) 74.2 (+0.1) 56.1 (+1.2) 74.3 (+0.2) 56.3 (+1.4) 74.3 (+0.2)

Average 65.5 76.7 68.2 (+2.7) 77.1 (+0.4) 68.8 (+3.3) 77.7 (+1.0) 70.3 (+4.8) 79.5 (+2.8)

Qwen3-VL-8B-Instruct

Dataset Base Model + Voting (Text) + Voting (Image+Text) + R-C2 (Ours)

Text Acc Vision Acc Text Acc Vision Acc Text Acc Vision Acc Text Acc Vision Acc

ScienceQA 72.9 90.3 72.6 (-0.3) 90.0 (-0.3) 74.8 (+1.9) 90.0 (-0.3) 75.9 (+3.0) 91.3 (+1.0)
ChartQA 78.8 85.1 80.2 (+1.4) 85.3 (+0.2) 80.2 (+1.4) 85.8 (+0.7) 80.8 (+2.0) 86.0 (+0.9)
MathVista 62.0 73.8 61.8 (-0.2) 73.7 (-0.1) 64.8 (+2.8) 76.5 (+2.7) 66.3 (+4.3) 76.9 (+3.1)
VWA 84.3 81.2 85.1 (+0.8) 81.6 (+0.4) 85.3 (+1.0) 81.0 (-0.2) 85.7 (+1.4) 81.8 (+0.6)
A-OKVQA 72.2 86.4 72.8 (+0.6) 86.8 (+0.4) 73.4 (+1.2) 86.9 (+0.5) 73.5 (+1.3) 87.3 (+0.9)
DocVQA 78.0 92.9 79.2 (+1.2) 93.6 (+0.7) 79.4 (+1.4) 93.8 (+0.9) 79.4 (+1.4) 93.3 (+0.4)
InfoVQA 60.4 82.6 60.7 (+0.3) 82.5 (-0.1) 61.9 (+1.5) 83.1 (+0.5) 62.7 (+2.3) 83.3 (+0.7)

Average 72.7 84.6 73.2 (+0.5) 84.8 (+0.2) 74.3 (+1.6) 85.3 (+0.7) 74.9 (+2.2) 85.7 (+1.1)

Table 1. Multimodal Reasoning Accuracy. We compare the Base Model, Voting (Text-only), Voting (Image+Text), and our R-C2-RL
method on Qwen2.5-VL-3B-Instruct (top) and Qwen3-VL-8B-Instruct (bottom). Each cell reports Text Accuracy (input content in text
format) and Vision Accuracy (input content in image format), with green numbers indicating absolute improvements of R-C2 over the base
model. We bold the best accuracy for each dataset. Multimodal voting consistently outperforms text-only voting and the base model, and
R-C2 achieves the largest gains across nearly all benchmarks.

Dataset Qwen2.5-VL-3B Qwen3-VL-8B

Base Voting (Text) Voting (Image+Text) R-C2 (Ours) Base Voting (Text) Voting (Image+Text) R-C2 (Ours)

ScienceQA 74.9 79.7 (+4.8) 81.7 (+6.8) 84.9 (+10.0) 74.7 75.3 (+0.6) 77.3 (+2.6) 78.3 (+3.6)
ChartQA 73.4 79.2 (+5.8) 78.9 (+5.5) 79.5 (+6.1) 81.4 82.7 (+1.3) 83.2 (+1.8) 83.5 (+2.1)
MathVista 57.3 58.8 (+1.5) 59.2 (+1.9) 61.4 (+4.1) 64.7 64.8 (+0.1) 69.0 (+4.3) 69.2 (+4.5)
VWA 63.9 66.9 (+3.0) 70.0 (+6.1) 67.1 (+3.2) 79.2 80.0 (+0.8) 79.8 (+0.6) 81.2 (+2.0)
A-OKVQA 67.8 80.1 (+12.3) 80.2 (+12.4) 80.3 (+12.5) 70.2 79.3 (+9.1) 80.3 (+10.1) 79.6 (+9.4)
DocVQA 75.2 76.9 (+1.7) 77.1 (+1.9) 76.6 (+1.4) 79.2 79.9 (+0.7) 80.0 (+0.8) 80.0 (+0.8)
InfoVQA 56.5 56.9 (+0.4) 57.8 (+1.3) 58.5 (+2.0) 60.9 61.1 (+0.2) 62.1 (+1.2) 65.8 (+4.9)

Average 67.0 71.2 (+4.2) 72.1 (+5.1) 72.6 (+5.6) 72.9 74.7 (+1.8) 76.0 (+3.1) 76.8(+3.9)

Table 2. Multimodal Consistency Ratio. We compare both Qwen2.5-VL-3B and Qwen3-VL-8B. Each dataset is evaluated under four
supervision settings: Base, +Voting (Text), +Voting (Image+Text), and +R-C2. Values in (green) indicate absolute improvements of R-C2

over the base model. Across most datasets, R-C2 achieves the highest cross-modal agreement.

A reward is generated for each path where every a ∈
{att, aii, ati, ait} matches aorig. Crucially, R-C2 uses all
four cycles. Same-modality cycles (T→T , I→I) enforce
internal stability. Cross-modality cycles (T→I , I→T )
force the model to resolve its modality gap and align se-

mantics. This full 4-way evaluation provides a compre-
hensive signal, demanding both intra-modal robustness and
cross-modal agreement.
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Image / Text Observations Original Query Ans(Voting) Ans(Ours)

Q: Among the 37–75 
inch TV mounts shown, 
which one is cheaper 
on this page?

…FORGING MOUNT TV Wall Mount 

Bracket Full Motion TV Mount for Most

37-75 Inch Flat Screen/Curved TVs …

$42.69
Add to Cart

VW
A

Text: 
❌  Full Motion TV Mount … 

Image: 
✅  FORGING MOUNT…

Text: 
✅  FORGING MOUNT…  

Image: 
✅  FORGING MOUNT…

Ans(Base)

Q: What is the total 
intrinsic value of options 
exercised in 2010?

…The total intrinsic value of options 

exercised was $278 m, $184 m and $506 

m in 2010, 2009 and 2008, respectively….Do
cV

Q
A Text: 

✅   $ 278 m 
Image: 
✅   $ 278 m

Text: 
❌   $ 184 m 
Image: 
❌   $ 184 m

Text: 
❌   $ 184 m 
Image: 
❌   $ 1310

Q: What percent of 
users access Youtube 
daily?

Social Media

Platform\nMore than once a day

Daily\nWeekly\nLessOften

f\n50%\n25%\n13%\n12%

YouTube\n28%\n30%\n25%…

In
fo

VQ
A Text: 

❌   28% 
Image: 
✅   30%

Text: 
✅   30% 
Image: 
✅   30%

Text: 
❌   28% 
Image: 
✅   30%

Text: 
❌  Full Motion TV Mount … 

Image: 
❌  Full Motion TV Mount …

Q: A  square is tangent 
to a line at point P in the 
figure above. What is 
the value of x?  

\"scene_type\": \"geometry-diagram\",

\"visible_texts\": [\n{\"content\": \"x°\", 

\"approx_pos\": \"left of P\"},\n

{\"content\": \"2x°\", 

\"approx_pos\": \"right of P\"}\n  ]M
at

hV
is

ta Text: 
✅   30 
Image: 
✅   30

Text: 
❌   45 
Image: 
❌   45 

Text: 
❌   45 
Image: 
❌   45 

Q: What are the sum 
value of Major, Minor, 
and Not a factor in an 
Athletic ability group?

…factors Americans say should be 

considered in college admissions…

…\"Athletic ability\": 8,…

…\"Athletic ability\": 34,…

…\"Athletic ability\": 57,…C
ha

rtQ
A Text: 

✅   99 
Image: 
✅   99

Text: 
❌   100 
Image: 
❌   49

Text: 
❌   100 
Image: 
❌   49

Q: What is the expected 
ratio of the offspring 
with a woolly fleece to  
the offspring with a 
hairy fleece? Choose 
the most likely ratio.

"Image_captions":…

{\n  \"q\": \"f\",\n  \"c\": 

[\"ff\", \"ff\", \"ff\", \"ff\"],...
\"summary\": \"A table with four

cells, each containing the letter 'f'.\"Sc
ie

nc
eQ

A Text: 
✅   4 : 0 
Image: 
✅   4 : 0

Text: 
❌   4 : 0 
Image: 
✅   2 : 2

Text: 
❌   4 : 0 
Image: 
❌   3 : 1

Q: Birds seen here are 
likely doing what?

"attacking", "flyover", 
"migrating", "landing"

"View of an open book looking from the 

bottom  of the page towards the sky at a 
line of flying birds.", "An open book with 

a flock of birds flying over it.”…A-
O

KV
Q

A Text: 
✅   migrating 
Image: 
✅   migrating

Text: 
❌   flyover 
Image: 
❌   flyover

Text: 
❌   flyover 
Image: 
❌   flyover

Figure 5. Visual comparison among the base model, voting baseline, and R-C2 (ours). For each example, we display the original
multimodal observation, the query, and the predictions from text and image modalities under different methods. The base model and voting
baseline often yield either conflicting answers across modalities or spurious agreements on incorrect predictions, reflecting the modality
gap and unreliable consensus confidence. In contrast, R-C2 enforces cycle-based alignment, producing answers that are both correct and
consistent across modalities.

Training Pipeline. While we can do this cross-modal cy-
cle consistency online, which means we dynamically gener-
ate new cycle data using the model updated from the previ-
ous step, we adopt an offline strategy, which pre-generates
the entire synthetic cycle dataset before training begins.
While the online method allows the data to co-evolve with
the model, we find the offline version is substantially more
training-efficient, as it permits the pre-computation and
batching of all cycle data. Our full pipeline proceeds in
three stages: (0) an optional step for multimodal data prepa-
ration, followed by our core two-stage algorithm: (1) con-
structing cycles from candidate answers and (2) reinforce-
ment learning with cycle rewards.

(0) Multimodal data preparation. Each training sample pro-
vides semantically aligned visual and textual views. For
datasets that naturally contain both modalities (e.g., web-
pages and their corresponding HTML), we directly use the
paired image-text inputs. For image-only datasets, we ob-
tain the textual view by prompting the MLLM we use to
generate a reliable semantic description. This ensures that
every sample contains a coherent multimodal representation
suitable for cross-modal cycles.
(1) Constructing cycles from candidate answers. Training
begins by sampling one or more candidate answers from
the model’s current policy using either the image or the text
modality. Each candidate answer is then used to infer a
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backward query through the same MLLM model. The re-
sulting (q̂, aorig) pair forms a synthetic query–answer pair
that reflects the model’s internal reasoning. These pairs
serve as the data for cycle verification and provide self-
generated supervision without requiring labeled QA data.
(2) Reinforcement learning with cycle rewards. Given the
backward query, the model performs a forward pass (in the
same or alternate modality) to obtain a reconstructed an-
swer. Comparing this answer with the original one yields
the binary cycle-consistency reward for GRPO training.

4. Experiments

4.1. Baselines

We use Qwen2.5-VL-3B-Instruct and Qwen3-VL-8B-
Instruct as the baseline. We also adopt R0’s [16] majority
voting as our baseline: for each query, the model generates
multiple rollouts and adopts the most frequent answer as the
pseudo-label. In the text-only case, voting is applied over
textual rollouts, while in the multimodal setting, predictions
from image and text rollouts are pooled together and voted
jointly. Unless otherwise stated, we set the number of roll-
outs to 4 per modality in all voting-based experiments. See
Sec. 3.1 for procedural details.

4.2. Implementation Details

We train all models using the GRPO objective with a learn-
ing rate of 1e − 6. Experiments are conducted on 4
Blackwell 6000 Pro GPUs with mixed-precision training.
For each update step, the model samples four rollouts per
modality using a temperature of 1.0 and a top-p of 0.95.
We use an effective batch size of 256 for VWA, InfoVQA,
and DocVQA (long-input datasets), and 1024 for all other
datasets, via gradient accumulation. Larger batch sizes are
adopted when GPU memory permits, and training is run for
up to 100 steps. We use a validation set for model selection
and early stopping.

4.3. Datasets

We evaluate R-C2 across six multimodal reasoning bench-
marks spanning diverse visual–textual understanding tasks.
ScienceQA [26] covers general visual question answering;
ChartQA [29] focuses on reasoning over data visualiza-
tions; DocVQA [30], InfoVQA [31] emphasize OCR-based
reasoning in infographic-style images; A-OKVQA [35] ex-
tends VQA into open-domain reasoning over natural im-
ages, requiring commonsense and factual knowledge be-
yond visual perception; and MathVista [27] evaluates visual
mathematical reasoning grounded in figures and quantita-
tive relations. We additionally repurpose the VWA bench-
mark [18] to assess reasoning in complex web environ-
ments. Specifically, we use its shopping website subset and

Cycle Type ScienceQA ChartQA

Text Vision Cons. Text Vision Cons.

Single 74.0 81.7 81.2 76.2 83.7 77.3
Cross 75.8 80.1 83.1 76.5 83.8 78.4
Mixed 76.7 83.3 84.9 77.2 84.8 79.5

Table 3. Ablation of cycle path configurations in R-C2 on Sci-
enceQA and ChartQA using Qwen2.5-VL-3B-Instruct. Single
uses intra-modal cycles (I→I, T→T); Cross uses cross-modal cy-
cles (I→T, T→I); Mixed combines all four paths. The mixed con-
figuration yields the highest accuracy and consistency.

use multiple-choice question–answer pairs to enable consis-
tent and straightforward evaluation.

4.4. Main Results
Table 1 and Table 2 summarize the overall performance of
R-C2 across six multimodal reasoning benchmarks using
the Qwen2.5-VL-3B-Instruct and Qwen3-VL-8B-Instruct
models. We compare our method against the majority
vote–based self-improvement method, which for single-
modality voting we denote as Voting (Text-only), and for
multimodal voting we denote as Voting (Image+Text).

As shown in Table 1, R-C2 consistently outperforms
all voting baselines across datasets and model scales. On
ScienceQA, our method improves text and vision accu-
racy by up to (+7.8/+7.3) points (Qwen2.5-VL-3B) and
(+3.0/+1.0) points (Qwen3-VL-8B). Comparable gains ap-
pear on ChartQA (+6.1/+2.0) points, MathVista (+6.0/+2.8)
points and A-OKVQA (+4.9/+2.7) points, while the com-
plex VWA benchmark sees substantial improvements of
(+5.5/+4.2) points. This trend holds on DocVQA and In-
foVQA, confirming the cross-modal reward benefits for
both modalities.

Our accuracy gain stems from addressing a fundamental
flaw in voting baselines. While single modal aggregation
improves on the baseline, it fails to model inter-modal rela-
tionships. An erroneous rollout can dominate the vote, and
even multimodal voting is insufficient in fixing it: it is com-
mon that modalities disagree, and the vote simply collapses
to the dominant modality. This leaves the underlying con-
flict unresolved and injects substantial noise into the train-
ing signal, limiting accuracy. In contrast, R-C2 enforces
both finer-grained within-modality and cross-modal consis-
tency. The cycles stabilize unstable reasoning steps and,
crucially, resolve inter-modal conflicts, leading to a direct
and significant improvement in reasoning capability.

Moreover, Table 2 reports the Consistency Ratio—the
proportion of samples for which image- and text-based pre-
dictions agree. R-C2 substantially increases agreement
across all benchmarks, reaching up to +12.5 points on A-
OKVQA, +10.0 points on ScienceQA and +6.1 points on
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Figure 6. Importance of cross modal in cycle consistency path.
We show ScienceQA results under R-C2 training with nine differ-
ent forward–backward cycle paths. Backward denotes answer →
query and forward denotes query → answer The heatmaps show
(a) average accuracy and (b) cross-modal consistency across all
modality configurations. Using both image and text modalities for
backward query generation consistently leads to higher accuracy
and stronger cross-modal agreement, suggesting that multimodal
grounding provides a more reliable signal for cycle-consistent rea-
soning.
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Figure 7. Effect of cross-modal inconsistency ratio on Sci-
enceQA performance. We fine-tune Qwen2.5-VL-3B-Instruct
on ScienceQA with varying fractions of cross-modal inconsistent
training samples. As the inconsistency ratio increases from 0% to
50%, both answer accuracy and cross-modal consistency system-
atically improve. This suggests that exposing the model to more
modality conflicts provides a useful structural signal for the RL
objective, enabling it to better resolve cross-modal disagreements
and yielding more stable multimodal reasoning.

ChartQA with Qwen2.5-VL-3B. For the larger Qwen3-VL-
8B model, consistency continues to improve (+3–5) points,
indicating that R-C2 complements model scaling and re-
mains effective even as baseline accuracy increases. The
gains suggest that enforcing cross-modal cycle consistency
not only improves accuracy but also stabilizes multimodal
reasoning by aligning both modalities toward a shared se-
mantic interpretation, making the model more robust.

4.5. Analysis
We conduct a series of ablation studies to better understand
how each design choice affects the performance of R-C2.
Our analyses cover cycle path strategies, how multi-modal
inconsistency data affects model reasoning ability, and how
to retrieve candidate answers.
Importance of Multimodal Interaction. We conduct an
ablation study to isolate the impact of multimodal inter-
action. In Table 3, we compare three training configu-
rations: 1) single-modality cycle consistency (Single), 2)
cross-modality cycle consistency (Cross), and 3) a com-
bination of both (Mixed). Our results show that introduc-
ing cross-modal interaction consistently outperforms the
single-modality baseline. Moreover, the two objectives
prove to be complementary: the Mixed variant yields a sig-
nificant accuracy gain over using either in isolation. Con-
sequently, we adopt the Mixed configuration for all subse-
quent experiments.
Ablation Study of Cycle Paths. We analyze the con-
tribution of specific cycle paths in Figure 6. We report
accuracy and consistency across a grid where rows indi-
cate the query-generation modality and columns indicate
the answer-prediction modality. The “Image + Text” en-
tries represent the joint use of both modalities. We ob-
serve that single-path supervision is insufficient; configu-
rations restricted to one path (e.g., only Image→Image)
result in the lowest performance. In contrast, incorporat-
ing cross-modal paths (e.g., Text→Image) significantly im-
proves consistency by forcing the model to align semantic
representations across modalities. Ultimately, the best per-
formance is achieved by the full union of all paths (bottom-
right cell). This confirms that maximizing the diversity of
cycle constraints provides the most robust supervision, ef-
fectively mitigating shortcuts and grounding the model’s
reasoning.
The Importance of Cross-Modal Disagreement Data for
Training. We investigate whether training on conflicting
data helps or hinders learning. We construct controlled Sci-
enceQA subsets (3.2k samples) with fixed size but varying
rates of cross-modal inconsistency ({0%, . . . , 50%}). Fig-
ure 7 shows that as the inconsistency ratio increases, both
accuracy and consistency improve. This indicates that con-
flicting samples serve as effective “hard examples.” By
forcing the model to resolve these disagreements via the
cycle reward, the RL process achieves tighter cross-modal
alignment and more robust reasoning than when training on
easy, consistent data.
Source of Candidate Answers. We further study how the
choice of candidate answers used to start the cycle affects
final performance. We compare two ways of obtaining the
candidate answer: (1) Self-generated answer, where the
MLLM predicts an initial answer from the input (fully self-
supervised), and (2) Training-set answer, where we directly
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Source of Candidate A-OKVQA VWA

Vision Acc Text Acc Cons. Vision Acc Text Acc Cons.

Base model 86.1 70.3 67.8 69.0 62.9 63.9
Self-generated answer 87.3 71.6 77.6 74.9 65.3 68.2
Training set answer 88.8 75.2 80.3 74.5 67.1 67.1

Table 4. Effect of candidate answer source for initiating the cycle. We compare using the model’s own predicted answer (Self-generated)
versus using the reference answer from the dataset (Training-set answer). Results show comparable or better performance without requiring
annotated QA pairs, highlighting the self-bootstrapping capability of R-C2.

use the reference answer from the dataset (without relying
on a labeled query–answer pair). Both settings are scalable
because neither requires human annotation of queries nor
majority-vote pseudo labels.

As shown in Table 4, the self-generated setting achieves
performance nearly identical to the training-set answer set-
ting on web understanding tasks. This demonstrates that
R-C2 can reliably bootstrap its own supervision without ex-
ternally provided answers, highlighting strong potential for
scalable, label-free multimodal reinforcement learning.

5. Conclusion
Our work shows that robust multimodal reasoning requires
models to achieve a rigorous, bidirectional alignment be-
tween modalities. We start from a key failure in this area—
a modality gap where MLLMs contradict themselves on vi-
sual versus textual views of the same content. Instead of
merely aggregating conflicting votes, our framework, R-C2,
exploits this gap via a cross-modal cycle, which is a pow-
erful untapped resource for self-reward learning. R-C2 per-
forms backward inference to hypothesize a query, switches
modalities, and performs forward inference to reconstruct
the answer. By teaching the model to resolve its own in-
ternal conflicts, R-C2 leads to substantial improvements in
both reasoning accuracy and cross-modal alignment. Our
work suggests that the next generation of robust multimodal
reasoning will emerge not just from scaling data, but from
enforcing a more rigorous, bidirectional understanding of
the world.
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R-C2: Cross-Modal Cycle Consistency Rewards Improve Multimodal Reasoning

Supplementary Material

A. Training Hyperparameters
The key global hyperparameters used throughout all experi-
ments in this paper are listed in Table A1. Unless explicitly
stated otherwise, all models were trained under this shared
configuration.

Parameter Value

Global Batch Size (256, 1024)
Learning Rate 1× 10−6

Weight Decay 1× 10−2

KL Penalty Coefficient (λKL) 1× 10−2

Max Steps 100
Number of Rollouts 4
Temperature 1.0
Top-p 0.95

Table A1. Key global hyperparameters used throughout our ex-
periments. Larger batch sizes are adopted when GPU memory
permits.

B. Reproposed VWA Task
To enable a more straightforward evaluation of multimodal
web understanding, we redesign the VWA dataset into a
multiple-choice question answering (MC-QA) task based
on shopping-website pages. For each webpage, we auto-
matically generate question–answer pairs using GPT-5, fol-
lowed by human verification to ensure correctness and qual-
ity. Each page contains 10 questions, and each question pro-
vides 6 candidate choices, with 1 correct answer. Visualized
examples are provided in Figures 8 and 9.

C. Prompt Templates
We list the prompt templates used during training and eval-
uation in Table A3.
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QUESTION: Which item is an energy drink? 

(Answer - B)

A) Q Mixers Premium Ginger Ale: Real 

Ingredients & Less Sweet, 6.7 Fl Oz (24 

Bottles)

B) V8 +Energy, Healthy Energy Drink, 

Steady Energy from Black and Green Tea, 

Pomegranate Blueberry, 8 Ounce Can ,Pack 

of 24

C) Elmwood Inn Fine Teas, Orange Vanilla 

Caffeine-free Fruit Infusion, 16-Ounce Pouch

D) So Delicious Dairy Free CocoWhip Light, 

Vegan, Non-GMO Project Verified, 9 oz. Tub

E) Briess DME - Pilsen Light - 1 lb Bag

F) Cheongeun Sweet Potato Starch Powder 

500g, 2ea(Sweet Potato 55%, Corn 45%)

QUESTION: Which product is the most 

expensive on the page? (Answer - C)

A) Pre-baked Gingerbread House Kit Value 

Pack, 17 oz., Pack of 2, Total 34 oz.

B) Q Mixers Premium Ginger Ale: Real 

Ingredients & Less Sweet, 6.7 Fl Oz (24 

Bottles)

C) Lobster Cobbler Pot Pie - Gourmet 

Frozen Seafood Appetizers (Set of 8 Trays)

D) Tony Chachere's More Spice Creole 

Seasoning - 14 oz

E) Stove Top Turkey Stuffing Mix (12 oz 

Boxes, Pack of 2)

F) So Delicious Dairy Free CocoWhip Light, 

Vegan, Non-GMO Project Verified, 9 oz. Tub

QUESTION : Which product is a tea infusion 

sold in a 16-ounce pouch? (Answer - A)

A) Elmwood Inn Fine Teas, Orange Vanilla 

Caffeine-free Fruit Infusion, 16-Ounce 

Pouch

B) V8 +Energy, Healthy Energy Drink, Steady 

Energy from Black and Green Tea, 

Pomegranate Blueberry, 8 Ounce Can ,Pack of 

24

C) So Delicious Dairy Free CocoWhip Light, 

Vegan, Non-GMO Project Verified, 9 oz. Tub

D) Crunchy Rice Rollers - Gluten Free - Vegan 

- 3.5 oz Individual Packs (4 Packs of 8 Rollers)

E) Q Mixers Premium Ginger Ale: Real 

Ingredients & Less Sweet, 6.7 Fl Oz (24 

Bottles)

F) Tony Chachere's More Spice Creole 

Seasoning - 14 oz

QUESTION : Which product shows the 

highest customer rating percentage? (Answer 

- B)

A) V8 +Energy, Healthy Energy Drink, Steady 

Energy from Black and Green Tea, 

Pomegranate Blueberry, 8 Ounce Can ,Pack of 

24

B) Elmwood Inn Fine Teas, Orange Vanilla 

Caffeine-free Fruit Infusion, 16-Ounce 

Pouch

C) Q Mixers Premium Ginger Ale: Real 

Ingredients & Less Sweet, 6.7 Fl Oz (24 

Bottles)

D) Stove Top Turkey Stuffing Mix (12 oz 

Boxes, Pack of 2)

E) Crunchy Rice Rollers - Gluten Free - Vegan 

- 3.5 oz Individual Packs (4 Packs of 8 Rollers)

F) Tony Chachere's More Spice Creole 

Seasoning - 14 oz

Figure 8. Examples from the reproposed VWA multiple-choice dataset constructed on shopping webpages. For each webpage, we generate
10 questions with 6 answer choices, among which 1 is correct. The questions cover diverse reasoning types, including product category
recognition, price comparison, customer rating analysis, and attribute identification.
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QUESTION : What number of items per 

page is currently selected?

(Answer - A)

A) 12 B) 24

C) 36 D) 1

E) 2 F) 5

QUESTION : Which Sort By option is 

selected by default?

(Answer - A)

A) Position   B) Product Name

 C) Price    D) Grid

 E) List    F) Next

QUESTION : From the Shop By price 

filter, how many items are in the $100.00 

- $199.99 range? (Answer - B)

A) 238 B) 20

C) 4 D) 2

E) 12 F) 265

QUESTION : In the pagination, what is 

the last page number shown?

(Answer - E)

 A) 1      B) 2

  C) 3      D) 4

  E) 5      F) Next

QUESTION : According to the toolbar, 

how many total items are in this category?

(Answer - A)

A) 265 B) 12

C) 238 D) 20

E) 4 F) 2

QUESTION : Which view mode is 

currently active on the page?

(Answer - A)

 A) Grid     B) List

  C) Position    D) Price

  E) Men’s    F) My Cart

Figure 9. Examples from the reproposed VWA multiple-choice dataset constructed on shopping webpages.
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Dataset Prompt Template
DocVQA

&
InfoVQA

BACKWARD QUERY GENERATION

System Message:
You are a question generator. Given an observation of a document (infographic) and the correct Answer,
produce a single, concise, unambiguous question whose answer is exactly the given Answer and should be
asking about the information provided by the observation; when grounded ONLY on the observation provided.
Rules: (1) Return ONLY the question text. (2) Avoid ambiguous wording; ensure a 1-to-1 mapping, this
means the query should not have answers to it other than the correct Answer provided to you. (3) No extra
commentary, quotes, or prefixes. (4) Make sure that the question is asking about the observed document
(infographic), don’t propose random answers to fit the answer.

User Message:
Base rule: You need to generate a question. Here is the structure of the examples:

few shot examples:

Example i
OBS: [TEXT OBS] or [IMAGE OBS]
Answer: [ANS]
Given the observation of the document (infographic), I will come up with a document (infographic) facts based
Query that can be answered by the given answer. Query is: [QUESTION]

The remaining examples follow the same structure.

Visual focus: In this task, the OBS is an image version of the document (infographic). You must generate the
question based solely on visible information in the image, without assuming or inferring any unseen text or
external knowledge.
Textual focus: In this task, the OBS is ocr and captioning of an document (infographic) image.
OBS: [TEXT OBS] or [IMAGE OBS]
Answer: [ANS]
Given the observation of the document (infographic), I will come up with a document (infographic) facts based
Query that can be answered by the given answer. Query is:

Assistant Message: (Generated response)

CYCLE VERIFICATION

User Message:
You are a helpful assistant for document VQA. Answer with the exact final answer only.
OBS: [TEXT OBS] or [IMAGE OBS]
Query: [QUESTION]
Answer concisely with only the final answer.

Assistant Message: (Generated response)

Table A2. Prompt templates for each dataset and prompt type. The BACKWARD QUERY GENERATION prompt infers plausible
multimodal queries conditioned on each candidate answer; and the CYCLE VERIFICATION prompt assesses whether forward inference
from these queries reconstructs the original answer, providing the cycle-consistency supervision signal.
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Dataset Prompt Template

ChartQA BACKWARD QUERY GENERATION

Image-specific part:
[IMAGE OBS]
You are writing ONE short, clear, self-contained question about a chart image such that the answer equals a
GIVEN TARGET ANSWER.

Text-specific part:
You are writing ONE short, clear, self-contained question about a chart based ONLY on the following caption
text. The question must have the GIVEN TARGET ANSWER. [TEXT OBS]:

Shared rules and ending: Rules:
- Must be answerable using chart visual information only.
- Must not reveal or restate the answer.
- Avoid yes/no, multiple choice, multi-part questions.
- Include necessary qualifiers (series, category, unit, timestamp).
- Length: 1–2 sentences, no explanation.
Target Answer: [ANSWER]. Write the question now. Return only the question string.

CYCLE VERIFICATION

Image-based QA Prompt:
[IMAGE OBS]
You are given a chart image and a question. Use ONLY the information that is explicitly visible in the chart
(titles, labels, legends, tick marks, data labels, notes).
Question:
[QUESTION]
Answer concisely with plain or numeric text only (no reasoning, no steps, no formatting).

Text-based QA Prompt:
You are given a chart description in JSON extracted from an image. Answer the user’s question using ONLY
the information contained in the JSON.
JSON:
[TEXT OBS]
Question:
[QUESTION]
Answer concisely with plain or numeric text only (no reasoning, no steps, no formatting).

Table A3. Prompt templates for each dataset and prompt type. The BACKWARD QUERY GENERATION prompt infers plausible
multimodal queries conditioned on each candidate answer; and the CYCLE VERIFICATION prompt assesses whether forward inference
from these queries reconstructs the original answer, providing the cycle-consistency supervision signal.
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