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Abstract

Large vision-language models (LVLMs) have demonstrated
remarkable capabilities by integrating pre-trained vision
encoders with large language models (LLMs). Similar to
single-modal LLMs, chain-of-thought (CoT) prompting has
been adapted for LVLMs to enhance multi-modal reasoning
by generating intermediate rationales based on visual and
textual inputs. While CoT is assumed to improve ground-
ing and accuracy in LVLMs, our experiments reveal a key
challenge: existing LVLMs often ignore the contents of gen-
erated rationales in CoT reasoning. To address this, we re-
formulate multi-modal CoT reasoning as a KL-constrained
reward maximization focused on rationale-conditional log-
likelihood. As the optimal solution, we propose rationale-
enhanced decoding (RED), a novel plug-and-play inference-
time decoding strategy. RED harmonizes visual and ratio-
nale information by multiplying distinct image-conditional
and rationale-conditional next token distributions. Extensive
experiments show that RED consistently and significantly
improves reasoning over standard CoT and other decoding
methods across multiple benchmarks and LVLMs. Our work
offers a practical and effective approach to improve both
the faithfulness and accuracy of CoT reasoning in LVLMs,
paving the way for more reliable rationale-grounded multi-
modal systems.

1. Introduction

Recent large language model (LLM) advancements exhibit
impressive complex reasoning capabilities [1, 4, 52]. This
progress now extends beyond single-modal text-to-text rea-
soning. The integration of pre-trained vision encoders, like
CLIP [42], with LLMs has led to the development of large
vision-language models (LVLMs) [3, 8, 10, 31, 74], enabling
more complex multi-modal reasoning.

Chain-of-thought (CoT) prompting is a key factor in LLM
reasoning abilities [23, 58]. CoT-prompted models first gen-
erate intermediate reasoning steps, termed rationales, then in-
corporate them into the context to produce the final query re-
sponse. CoT facilitates models to understand queries deeply
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Figure 1. Rationale-Enhanced Decoding (RED). Existing multi-
modal chain-of-thought (CoT) prompting by large vision language
models (LVLMs) is a two-step generation of rationale and final
output. It often focuses on input images and overlooks intermediate
rationales in the final output generation. Our rationale-enhanced
decoding (RED) addresses this issue by decoupling the image and
rationale in decoding, and combining them at the logit level to
provably ensure grounding outputs on the rationale.

and promotes logical and coherent responses [44, 54, 57].
This principle has also been applied to multi-modal reason-
ing in LVLMs [16, 33, 36, 37, 69-72]. In CoT for LVLMs,
models generate intermediate rationales from the input im-
age and the text query. These rationales, with the original
inputs, are then used for grounded image-text-to-text rea-
soning. Recent research also explores generating structured
rationales (e.g., scene graphs) to enhance LVLMs’ capabil-
ities like spatial reasoning [36, 70]. Thus, CoT in LVLMs
is widely assumed to be beneficial, offering multi-modally
grounded understanding for more accurate responses.
However, our empirical results show that this assumption
does not always hold. Our preliminary experiments, includ-
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ing (i) measuring input token contributions and (ii) swapping
rationales, reveal a critical CoT limitation: existing LVLMs
often ignore the contents of generated rationales. Indeed,
CoT reasoning with rationales can even degrade performance
compared to direct answering without CoT. Moreover, re-
placing a rationale with an irrelevant one often does not
change model performance, implying LVLMs largely ignore
rationale semantics in such cases. These findings suggest
that the current CoT mechanism in LVLMs does not effec-
tively ground the final prediction on the information captured
by the intermediate rationale.

A straightforward solution to make models force ratio-
nale grounding would be to fine-tune LVLMs on datasets
containing image-query-rationale-answer tuples, as in [69,
71]. However, this approach demands expensive annotated
datasets and additional training costs. Therefore, we focus
on developing a plug-and-play decoding strategy for pre-
trained LVLMs. We address the following primary research
question: Can we enhance the LVLMs’ grounding capability
on the rationales in CoT and improve performance by solely
modifying the decoding strategy without additional training?

In this paper, we propose rationale-enhanced decoding
(RED), a novel decoding strategy designed to harmonize
information from visual and rationale tokens in LVLMs with-
out additional training. Our core idea is decoupling the next
token probability into distinct image-conditional p(y|z, q)
and rationale-conditional p(y|r, ¢) and separately enhancing
rationale grounding (z: image, r: rationale, g: query, and
y: output). Based on this idea, we re-formulate multi-modal
CoT prompting as a KL-constrained reward maximiza-
tion [45, 46]. This aims to maximize policy regarding the
rationale-conditional log-likelihood log p(y|r, ) as the re-
ward while staying close to the image-conditional likelihood
p(y|z,q). Solving this problem makes LVLMs explicitly
ground on both image and rationale information in the next
token prediction. Without additional training, RED provably
yields the optimal solution of this maximization by com-
posing the next-token distribution as p(y|x, q) x p(y|r, ¢)*.
Practically, RED is implemented as a simple weighted sum
of the log-softmax logits of p(y|z, ¢) and p(y|r, q), allow-
ing easy, training-free, and plug-and-play integration with
existing LVLMs without architecture modification.

We conduct extensive experiments comparing RED
against standard CoT prompting and plug-and-play decoding
methods for off-the-shelf LVLMs across multiple benchmark
datasets and backbone LVLMs. Our results demonstrate
that RED consistently and significantly improves reason-
ing performance. Furthermore, RED’s advantages are am-
plified with high-quality rationales (e.g., intervening with
GPT-4[1]). Our findings validate the effectiveness and prac-
ticality of RED for enhancing CoT reasoning faithfulness
and accuracy in LVLMs, opening avenues for more reliable,
interpretable, rationale-grounded multi-modal systems.

2. Related Work

Large Vision Language Models (LVLMs). Large vision
language models (LVLMs) integrate visual encoders with
LLMs, often via alignment training to represent images in
the LLM input space [8, 10, 31, 74]. Despite remarkable
multi-modal capabilities [25, 38, 40], LVLMs face chal-
lenges like poor visual recognition [67], object hallucina-
tion [14, 30, 60], and misalignment between image and
text tokens [0, 55, 64]. Furthermore, as our preliminary
experiments (Section 3.3) highlight, LVLMs also struggle
to effectively leverage rationales in CoT reasoning. Previ-
ous solutions include preference/reward tuning [51, 73], im-
proved visual instruction tuning [7, 9, 39, 47, 49], auxiliary
model-enhanced decoding [50, 62, 65], plug-and-play decod-
ing [12, 26, 35, 56], and CoT prompting [16, 36, 37, 69, 71,
72]. Our RED is categorized into a plug-and-play decoding
for improving CoT prompting. While many CoT prompting
methods focus on improving rationale generation via specific
prompting or auxiliary model training (see Section 3.2), they
often still rely on standard decoding with pg (y;|y<i, z, 7, q)
that may not leverage rationales. Our work diverges with a
novel plug-and-play decoding strategy designed to enhance
rationale utilization in CoT reasoning, without additional
training or auxiliary models.

Plug-and-play Decoding Strategies for LVLMs. Plug-
and-play decoding strategies [12, 21, 26, 35, 56] are relevant
as they operate at inference time without additional training
like RED. These decoding strategies are mainly focused
on mitigating object hallucination by contrastive decod-
ing [29]. For instance, LCD [35] contrasts pg (y;|Y<i, T, q)
with pg(y;|y<i,q) to mitigate the language prior effects;
VCD [26] subtracts hallucinated predictions by contrasting
Po(Yily<i, =, q) with pe(yi|y<i, ', q) (¢’ is the corrupted
image). Thus, these decoding strategies basically aim to
modulate image-conditional probability pg (y;|y<i, z, q) to
mitigate object hallucination. However, these methods do
not ensure LVLMs faithfully use CoT rationales; they refine
image-conditional output, not harmonize it for CoT reason-
ing. Therefore, RED is complementary to these decoding
strategies because it grounds predictions by multiplying dis-
tinct image-conditional py(y;|y <, x, ¢), which is potentially
pre-modulated by other methods, and rationale-conditional
po(yily<i, 7, q). This allows combining RED with other
plug-and-play methods for synergistic benefits of better hal-
lucination mitigation and rationale grounding.

3. Preliminaries

This section introduces LVLM and CoT prompting prin-
ciples, then presents preliminary experiments highlighting
existing LVLMs’ suboptimal rationale utilization in multi-
modal CoT.
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3.1. Next-token Prediction in LVLMs

Consider an auto-regressive LVLM, parameterized by 6,
which is trained on large-scale image-text datasets to process
images as input for its backbone LLM. Given an input image
x and query ¢, an LVLM generates an output token sequence

y=(y1,...,yr) € VX following:
L
pylz,q) = [[ po(wily<i, =, q), (1
=1

where L is token length, V is token vocabulary, and y;
are preceding output tokens. As in auto-regressive LLMs,
po(yily<i, x, q) over V is the softmax of the model’s output
logitsy (vily<i, z, q):

Po(Yily<i, z, q) = softmax(logitsy (yi|y<i, z,q)) (2)
7 exp(logitsy (vily<i, =, 9))
= - — . 3)
ZwGV eXp(logltSO (yl - w|y<i, xZ, Q))

Each token y; is generated from pg(y;|y<i,x,q) via a
decoding strategy such as greedy decoding, i.e., y; =

arg max po(y;|Y<i, x, q). We define generate(-) as a utility
weV
function for an arbitrary decoding strategy:

y = generatey(z, q). ()

3.2. Multi-modal Chain-of-Thought Prompting

Inspired by single modal CoT prompting [58], multi-modal
CoT aims to enhance LVLM reasoning by incorporat-
ing the intermediate rationale generation during decod-
ing [36, 37, 69, 71]. In general, multi-modal CoT in-
volves two reasoning steps: (i) rationale generation and
(ii) output generation. First, LVLMs generate a rationale
r from input image x, query prompt ¢ with instruction
prompt, e.g., “Given the image, generate the
rationale for answering the question”, as
follows.

r = generatey(x, q). 5)

By using r, LVLMs generate the final output by the next-
token prediction, similar to Eq. (4) :

y = generatey(z,7,q). 6)

In this line of work, MM-CoT [69] and UnifiedQA [33]
are the pioneering works introducing the concept of CoT
prompting into the multi-modal reasoning of LVLMs.
Successor works focus on improving the quality of r
via auxiliary VQA models [71] and knowledge base
retrieval [37]. Although these works successfully elicited
LVLM reasoning, their reliance on additional training and/or
auxiliary resources (e.g., VQA models and knowledge
bases) limits broader applicability. To address this limitation,

CCoT [36] enhanced rationale quality via structured scene
graphs in JSON format generated from LVLMs’ zero-shot
reasoning without additional training. Most existing works
focus on improving r in Eq. (5) and assume that accurate r
ensures better next token prediction with pg (y;|y<:, z, 7, q).
In this regard, our work is orthogonal to them because we
investigate the reliability of pg(y;|y<i, x,r, q) as discussed
in the next section. This work focuses on training-free CoT
reasoning for maintaining simplicity and generalization of
pre-trained LVLMs, but our findings can extend to any CoT
methods in a plug-and-play manner.

3.3. Motivating Experiments

We show our motivation through preliminary experiments
asking a simple question: Do LVLMs perform CoT reason-
ing grounded on intermediate rationales? Specifically, we
assess how much 7 and its contents contribute to the output
sequence decoded by pg (y;|y<i, x, r, ¢) through two prelim-
inary experiments: (i) measuring the contribution scores to
output token predictions for input token groups correspond-
ing to the image x, rationale r, and query ¢, and (ii) replacing
rationale r with v’ from another (2', ¢") pair. Experiment (i)
aims to evaluate how much r contributes to output y, and
(i1) checks if LVLMs leverage the content of r associated
with (z, ¢). We used Gemma-3-4B/12B [53] as the LVLM
and GQA [18] as the evaluation dataset. For the rationale
generation, we queried LVLMs with Eq. (5) to generate text
description rationales and scene graphs with the prompts of
CCoT [36]; hereinafter, we refer to the reasoning with text
descriptions as CoT and that with scene graphs as CCoT. See
Appendix for details.

Weakened influence of rationales. Here, we measure atten-
tion contribution scores [5, 20, 22] to quantify input token
(z, 7, q) contributions to output y. Ideally, CoT prediction
should derive substantial contributions from both image and
rationale tokens. The contribution score from ¢-th token to
7-th token at the [-th layer and h-th head is computed by
||ai’7?zé-*1 é(j”, where ai? is attention score, zj-*l is the
output of the previous layer, and W(l)‘}} is the output pro-
jection matrix in transformer-based LVLMs. We describe
more details of the evaluation protocol in Appendix. Fig-
ure 2 shows the attention contributions in the middle layer
of Gemma-3-12B for each case of input for decoding, where
the scores are computed for each token corresponding to x, 7,
and g, respectively, and displayed as percentages of the over-
all contribution score for each input type '. While image and
rationales contribute largely when conditioned individually
(i.e., (z,q), (rcoT, q), and (rccoT, ¢)), in multi-modal CoT

'We analyzed a middle layer because prior work shows it is where
LVLMs primarily perform multi-modal fusion to integrate vision and lan-
guage [38]. This allows us to observe the model’s attention balance between
the image and rationale during this crucial integration process, before the
representation becomes overly specialized for the final output task.
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Figure 2. Percentage of attention contributions by input token
types for different decoding strategies (Gemma-3-12B). Ratio-
nale tokens contribute less to outputs than image tokens.

(i.e., (z,7cor, q), and (z, rccoT, q)), image tokens domi-
nate and rationale contribution is remarkably reduced.
Lack of grounding on rationale contents. Next, we ana-
lyze rationale content effects by replacing original rationale
r with an irrelevant rationale 7’ generated from another ran-
dom (z’,q’) pair. We expect that intervening by r’ will
largely degrade the performance. Table | shows the test
accuracy on GQA for the combinations of decoding strategy
and input for decoding. While CoT and CCoT with (x, r, q)
improved the baseline performance with Gemma-3-4B, they
degraded the performance with Gemma-3-12B. More impor-
tantly, in Table 1, CoT/CCoT with the irrelevant rationale '
via (x,r’, q) performed similarity to using original r, indi-
cating that LVLMs ignore the contents of r and the perfor-
mance gain comes from other causes. Conversely, decoding
with (1, q) largely dropped the scores from that with (7, ¢),
implying that LVLMs use r when x is absent. This phe-
nomenon could potentially be attributed to several factors,
including position bias in the LLM backbones [66, 68], atten-
tion sink [13, 20, 61], and/or overfitting to visual instruction
tuning [15, 30]. Since our focus is training-free CoT in off-
the-shelf LVLMs, we leave a deeper analysis for future work.
In summary, the two experiments demonstrate that
LVLMs are less likely to leverage rationale r mechanistically
and semantically in the multi-modal CoT prompting. This
challenge is important because CoT prompting is generally
expected to enhance not only task performance but also
faithfulness and interpretability [19, 24, 41]. This motivates
our new decoding strategy to ground the inference on r.

4. Method

To address the previously identified challenges, we pro-
pose rationale-enhanced decoding (RED). Our approach
begins by re-formulating multi-modal CoT prompting as
a KL-constrained reward maximization focused on rationale-
conditional probability. RED solves this without addi-
tional training by multiplying distinct image- and rationale-
conditional token probabilities for predicting the next to-

Input for Decoding Gemma-3-4B  Gemma-3-12B
(z,q) 40.00 45.34
(z,7coT, q) 41.08 (+1.08) 41.76 (-3.58)
(@, reors ) 41.88 (+1.88)  41.75(-3.59)
(x,7ccoT, q) 4454 (+4.54)  44.50 (-0.84)
(, 7600 ) 4435 (+435)  44.30 (-1.04)
(rcor, q) 40.15 (+0.15)  37.87 (-7.47)
(reor>q) 7.40 (-32.60)  16.21 (-29.13)
(rccors q) 4335 (+3.35) 4423 (-1.11)
(reors @) 19.05 (-20.95)  10.25 (-35.09)

Table 1. Test accuracy (%) on GQA. Contrary to intuition, irrele-
vant rationale r’ maintains the model performance in decoding with
(z,7',q), indicating the ignorance of rationales in LVLMs.

ken. We prove that this formulation is equivalent to the
optimal solution of the KL-constrained reward maximiza-
tion, demonstrating its theoretically sound background. RED
is implemented by a weighted sum of the log-softmax logits,
allowing for its plug-and-play adaptation to any LVLMs.

4.1. Multi-modal CoT as a Reward Maximization
on Rationale

As shown in Section 3.3, conventional multi-modal CoT
prompting via pg(y;|y<i, z,T,q) often fails to effectively
leverage rationale r for output predictions. We also ob-
served that the prediction with pg(y;|y<;, T, ) relies on r,
but the performance is suboptimal. We aim for a next to-
ken distribution more effective than both p(y;|y<;,z,r, q)
and p(y;|y<q,, q). To this end, our core idea is decoupling
the next token probability into distinct image-conditional
po(Yi|y<i, x,q) and rationale-conditional pg(y;|y<q, 7, q)
and separately enhancing rationale grounding. Enhanc-
ing rationale grounding indeed corresponds to maximizing
the log-likelihood of py(y;|y<:, T, q); we refer to this log-
likelihood as rationale-grounding reward. Therefore, instead
of po(yi|y<i, ©, , q), we introduce a new next token distribu-
tion 7 maximizing the rationale-grounding reward based on
a KL-constrained reward maximization [45, 46] as follows:

max E.[R] — ADkL[7||7ret]s (7

where R = log po(y; ~ 7|Yy<i,7,q), [ is a hyperparameter
to balance the KL penalty term, and 7ot = po(yi|Y<i, 2, q).
Intuitively, this maximizes expected rationale-grounding re-
ward E,, - [log pg(y;|y<i, r, ¢)], which strongly relies on
r as shown in Section 3.3. The KL-constraint between
and p(y;|y<i, x, ¢) incorporates visual information from x.
This formulation naturally makes the next token prediction
ground on both x and r without using the problematic condi-
tional probability pg (v;|y<i, x, 7, q).

4.2, Rationale-Enhanced Decoding (RED)

We derive rationale-enhanced decoding (RED) to maximize
Eq. (7) without additional training. RED’s next token distri-
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bution pp(y;) is formed by multiplying distinct distributions
as follows:

) 1
Do(y:) := Zpe(yi|y<i»I7Q) x po(yily<i,ma)*,  (8)

where Zp = > cypo(yi = wly<i,z,q) X po(yi =
w|y<i,7,q)" is the normalization constant, and \ is a hyper-
parameter for modulating the influence of pg(y;|y<i, 7, q)-
Intuitively, Eq. (8) is a power-of-experts [17] emphasizing
overlap between image- and rationale conditional probabili-
ties. Indeed, Eq. (8) is the closed-form solution maximizing
Eq. (7) as follows.

Theorem 4.1. Let the reference policy wwer be
po(Yily<i,x,q), and the reward function R(-) be
log po(yi|ly<i,r,q). Sampling by Eq. (8) is equivalent to
sampling from the optimal policy ©* for Eq. (7).

Proof. Consider the KL-constrained reward maximization
objective [43, 45, 46]:

maxE [R(s, )] — A r(als)l[mer(als)],  ©)

where R is a reward function, s is a state (input context), and
a is an action (output). Obviously, Eq. (7) is a special case
of Eq. (9). From Appendix A.1 of [43], the optimal policy
7*(a|s) for this objective is given by

7w (als) = %mcf(a\s) exp (;R(s,a)> , (10)

where Z(s) = >, met(d']s) exp(%R(&a’)) is the par-
tition function. In the maximization of Eq. (7), given
a = y; and s = (Yi<,x,7,q), we can set each compo-
nent in Eq. (9) as mef(als) = po(vily<i, x, q), R(s,a) =
log po (yi|y<i,7,q), and § = 1/A. Substituting them into
the optimal policy of Eq. (10) yields

. 1
7 (als) = Zpe(yilya,xﬂ) x exp (Alog po (vily<i, 7, q))

1
= ZoPoWily<i:.0) X Po(yily<i,74)* = Ea. (®).
Therefore, sampling by Eq. (8) is indeed equivalent to sam-
pling from the optimal policy 7*(a|s) for the KL-constrained
reward maximization in Eq. (7). O]

Theorem 4.1 shows that sampling by Eq. (8) yields the
optimal distribution maximizing pg (y;|y<;, 7, ¢) at decoding
time without any auxiliary reward models. This theoretical
property supports the reliability of RED as a method for
improving LVLMs in the multi-modal CoT. We also show
a comparison to other possible alternatives to validate the
efficacy of Eq. (8) in Appendix.

Algorithm 1 Rationale-Enhanced Decoding (RED)

Require: Input image x, query ¢, LVLM parameterized by
0, hyper-parameter A
Ensure: Decoded output sequence y
1: < generatey(z,q) # Generate arbitrary rationales
2 Y < 0
3: for |y| < L do
4 logitsy(y) < logsoftmax(logits,(y|y,z,q)) +
Alog softmax(logitsy (y|y, 7, q))
50y ~ softmax(logitsy(y))
6: y.append(y) # Add last token
7: end for

4.3. Algorithm

Practically, we generate the next token by combining
logitsy (yily<i, x, ¢) and logits, (yily<i, 7 ¢):

po(y:) = softmax(logits, (1)), (11)
logitsy (y;) := log softmax (logitsy (yi|y<s, 2, q))
+ X log softmax (logitsy (yi|y<i, v, q))- (12)

Egs. (11) and (12) are derived from Eq. (8) by

Po(ys) = explog(pe(yi))

= exp(log(po (yi|y<i, z,q)) +log(pe (yily<i, 7, ¢)*) —log Zy)

o softmax(log(pe (Y| Y<i,.q) X Po (yi|y<i,.q)™)). (13)

Thus, we can implement RED by computing the weighted
sum of the log-softmax logits as the new logits for the next
token prediction. To avoid the latency overhead, we simulta-
neously compute logits, (y|y, «, q) and logits, (y|y, r, ¢) by
batch parallel inference. We show the overall procedures of
RED in Algorithm 1.

5. Experiments

We validate the efficacy of RED via comprehensive evalu-
ation on multiple multi-modal reasoning datasets with pre-
trained LVLMs, comparing to existing multi-modal CoT
methods and plug-and-play decoding baselines. We also
analyze interventions on the rationale quality.

5.1. Settings

Baselines. The baselines include: Baseline (standard
inference with pg(y;|y<:, z,q)), CoT [58, 69] (prompting
to generate text rationales), and CCoT [36] (a state-of-
the-art training-free method generating JSON-formatted
scene graph rationales). Other plug-and-play decoding
baselines are: VCD [26], contrasting pg (y;|y<i, x, q) with
po(Yily<i, x’, q), where 2’ is a corrupted input image by
adding Gaussian noise, and VCD + ICD [56], improving
VCD using a variant query ¢’ modified by adversarial
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Table 2. Performance comparison on general visual reasoning benchmarks across various LVLMs. RED is applied to both CoT and
CCoT. Values in parentheses indicate the relative delta from Baseline (direct decoding without CoT). Best scores for each LVLM-benchmark

pair are bolded.
MME .
GQA LLaVA-Bench MM Vet SEED-I TextVQA MathVista
Perception Cognition

Gemma-3-4B
Baseline 40.00 73.20 1211.34 370.00 44.00 65.39 63.95 41.40
VCD 38.74 (-1.26) 75.70 (+2.50) 1184.11 (-27.23) 338.57 (-31.43) 44.80 (+0.80) 65.19 (-0.20) 64.02 (+0.07)  39.30 (-2.10)
VCD + ICD 38.62 (-1.33)  73.30 (+0.10) 118229 (-29.05)  340.71(-29.29)  46.70 (+2.70)  65.20 (-0.19)  64.03 (+0.08)  40.40 (-1.00)
CoT 41.08 (+1.08) 72.90 (-0.30) 1254.77 (+43.43)  341.07 (-28.93)  46.20 (+2.20)  65.90 (+0.51)  60.62 (-3.33)  40.10 (-1.30)
CCoT 44.54 (+4.54)  73.60 (+0.40) 1294.46 (+83.12)  396.43 (+26.43)  46.50 (+2.50)  66.63 (+1.24)  63.23 (-0.72)  41.10 (-0.30)
CoT + RED 42.19 (+2.19) 76.30 (+3.10) 1325.77 (+114.43)  645.35 (+275.35) 46.60 (+2.60)  66.89 (+1.50) 65.13 (+1.18)  43.50 (+2.10)
CCoT +RED  45.87 (+5.87)  76.90 (+3.70)  1330.07 (+118.73) 611.43 (+241.43) 49.10 (+5.10) 66.73 (+1.34)  65.54 (+1.59)  42.00 (+0.60)
Gemma-3-12B
Baseline 45.34 79.00 1171.37 545.71 57.70 71.01 69.81 52.10
VCD 44.11 (-1.23) 78.40 (-0.60) 1152.02 (-19.34) 54393 (-1.79)  58.30 (+0.60)  70.96 (-0.05)  69.40 (-0.51)  51.50 (-0.60)
VCD + ICD 44.16 (-1.18) 79.70 (+0.70) 1153.86 (-17.50) 651.79 (+106.07)  57.40 (-0.30) 71.01 (+0.00) 69.50 (-0.41)  51.80 (-0.30)
CoT 41.76 (-3.58) 78.90 (-0.10)  1507.67 (+336.30)  661.07 (+115.36)  57.50 (-0.20)  70.75 (-0.26)  66.23 (-:3.58)  53.50 (+1.40)
CCoT 4450 (-0.84)  79.00 (+0.00)  1289.67 (+118.30)  604.29 (+58.58)  53.00 (-4.70)  71.69 (+0.68)  69.70 (-0.11)  51.20 (-0.90)
CoT+RED  46.07 (+0.73)  81.00 (+2.00)  1574.52 (+403.15) 695.36 (+149.65) 59.50 (+1.80) 72.15 (+1.14)  70.73 (+0.92) 54.80 (+2.70)
CCoT +RED  47.50 (+2.16) 80.60 (+1.60)  1359.28 (+187.91)  642.50 (+96.79)  58.40 (+0.70)  72.76 (+1.75)  71.09 (+1.28)  53.50 (+1.40)
Qwen2.5-VL-7B
Baseline 60.88 82.10 1665.22 621.07 56.70 58.13 77.76 64.70
VCD 59.34 (-1.54)  82.20 (+0.10) 1650.80 (-34.42)  631.07 (+10.00)  58.30 (-0.40)  60.32 (+2.19)  77.53 (-0.23)  64.50 (-0.20)
VCD + ICD 59.40 (-1.48) 82.40 (+0.30) 1584.17 (-101.04) ~ 651.79 (+30.71) ~ 57.50 (-1.20)  60.71 (+2.58)  75.45 (-2.31)  64.80(+0.10)
CoT 46.70 (-14.18)  81.80(-0.30)  1555.52(-109.70)  705.00 (+83.93)  56.80 (+0.10)  60.49 (+2.36)  70.32 (-7.44)  61.30 (-3.40)
CCoT 46.69 (-14.19)  81.00 (-1.10)  1559.71 (-105.51)  634.29 (+13.22)  52.90 (-3.80)  73.18 (+15.05) 74.60 (-3.16)  61.30 (-3.40)
CoT + RED 61.06 (+0.18) 82.20 (+0.10) 1706.25 (+41.03)  706.79 (+86.72)  60.70 (+4.00) 76.50 (+18.37) 77.98 (+0.22)  70.60 (+5.90)
CCoT +RED  61.92 (+1.04)  84.60 (+2.50) 1704.83 (+39.61)  648.21 (+27.14)  56.80 (+0.10)  78.37 (+20.24) 78.61 (+0.85)  68.10 (+3.40)
Llama3-LLaVA-Next-8B
Baseline 65.22 65.60 1583.67 332.14 37.70 72.57 65.01 37.70
VCD 63.60 (-1.62) 67.60 (+2.00) 1512.10 (-71.57) 341.79 (+9.64) 40.50 (+2.80)  71.93 (-0.64) 63.51 (-1.50)  35.90 (-1.80)
VCD + ICD 63.88 (-1.34)  70.50 (+4.90) 1485.12 (-98.55)  317.50 (+14.64)  40.30 (+2.60)  71.71 (-0.86)  62.97 (-2.03)  36.20 (-1.50)
CoT 61.82 (-3.40) 65.60 (+0.00) 1462.63 (-121.04) 415.71 (+83.57)  42.10 (+4.40) 72.38 (-0.19) 64.05 (-0.96)  36.50 (-1.20)
CCoT 60.43 (-4.79) 63.50 (-2.10)  1424.86 (-158.81)  343.57 (+11.43)  35.80 (-1.90)  72.74 (+0.17)  64.18 (-0.83)  36.70 (-1.00)
CoT + RED 65.48 (+0.26) 74.10 (+8.50) 1583.56 (-0.11) 410.36 (+78.22)  40.60 (+2.90)  73.19 (+0.62)  66.66 (+1.65) 39.10 (+1.40)
CCoT +RED  65.91 (+0.69)  76.50 (+10.90) 1562.72 (-20.95)  441.79 (+109.65) 42.10 (+4.40)  73.22 (+0.65)  66.04 (+1.03) 38.80 (+1.10)

instruction. While they were proposed for object halluci-
nation in LVLMs, comparing RED with them helps validate
the practicality because they reportedly improved general
performance [26, 56].

Benchmark Datasets. We used six diverse visual rea-
soning benchmark datasets: GQA [18], TextVQA [48],
MME [11], SEED-I [27], LLaVA-Bench [32], MM-Vet [63],
and MathVista [34]. These benchmarks are generally used
for evaluating various types of multi-modal capabilities,
including general question answering, visual recognition,
OCR, mathematical reasoning, multi-modal comprehension,
and spatial understanding.

Models. We used publicly available LVLMs on Hugging-
Face [59]: Gemma-3 (4B, 12B, 27B) [53], Qwen-2.5-VL
(7B, 32B, 72B) [3], and Llama3-LLaVA-Next (8B) [28].

Evaluation Protocols. We used greedy decoding. A for
RED was chosen from {0.1, 0.3, 0.5, 1.0, 10.0} using scores
on validation or development sets; We discuss the effect
of X\ in Appendix. Tables show scores with parenthesized

relative improvement or degradation from Baseline.

5.2. Evaluation on General Visual Reasoning Tasks

Table 2 shows RED’s general visual reasoning improve-
ments. While CoT/CCoT sometimes outperformed Baseline,
they were inconsistent, with large drops on some LVLM-
benchmark pairs, especially TextVQA, which requires under-
standing texts in images. In contrast, RED consistently im-
proved CoT/CCoT and outperformed all baselines in nearly
all cases, even on TextVQA. RED thus successfully ad-
dresses the issues of the existing multi-modal CoT using
po(yily<i, x,r, q) in terms of performance. The consistent
improvements offered by RED highlight the potential value
of intermediate rationales generated in multi-modal CoT and
its practicality for leveraging in diverse domains.

5.3. Detailed Analysis for Multi-modal Capabilities

Table 3 summarizes the detailed performance analysis with
respect to nine multi-modal capabilities of LVLMs provided
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Table 3. Detailed performance analysis on SEED-I for different CoT strategies. RED’s outputs evolve in accordance with the
characteristics of specified CoT strategies. For example, CoT with natural text rationales enhances text understanding, while CCoT with
structured scene graph rationales improves visual reasoning capability.

4? 4?
§ ¢ ¢ ¢ £ N oy & §
£ $3 § §S §§ S $$ £ &F
S ~ @ ~ V':' ~N \)0 ~ Qe é) ~ & 49 QQ
Gemma-3-4B
Baseline 75.14 70.18 69.22 55.11 56.63 44.14 72.16 76.74 45.88
CoT 72.99 (-2.15) 70.02 (-0.16) 68.51 (-0.71)  57.41 (+2.30) 55.21 (-1.42) 49.92 (+5.78) 65.98 (-6.18) 72.21 (-4.53) 51.76 (+5.88)
CCoT 74.89 (-2.25)  70.84 (+0.66) 70.23 (+1.01) 57.87 (+2.76) 54.68 (-1.95) 44.81 (+0.67) 67.01 (-5.15) 75.23 (-1.51) 43.53 (-2.35)
CoT+RED  75.14 (+0.00)  70.84 (+0.66) 69.89 (+0.67) 57.46 (+2.35) 5521 (-1.42) 50.68 (+6.54) 67.01 (-5.15) 74.62 (-2.12) 52.94 (+7.06)
CCoT +RED 7593 (+0.79) 70.19 (+0.01)  71.52 (+2.30) 57.87 (+2.76) 56.86 (+0.23) 45.66 (+1.52) 67.01 (-5.15) 77.34 (+0.60) 43.53 (-2.35)
Gemma-4-12B
Baseline 77.45 75.15 72.60 66.56 62.08 57.53 74.23 77.95 37.65
CoT 76.25 (-1.20) 7411 (-1.04)  72.51 (-0.09) 63.80 (-2.76)  62.61 (+0.53) 61.04 (+3.51) 73.20(-1.03) 76.74 (-1.21) 61.18 (+23.53)
CCoT 77.58 (+0.13) 7542 (+0.27) 72.75 (+0.15)  65.85 (-0.71)  64.98 (+2.90) 56.62 (-0.91) 74.23 (+0.00) 79.15 (+1.20) 60.00 (+22.35)
CoT+RED  77.64 (+0.19)  75.20 (+0.05) 74.25 (+1.65) 64.93 (-1.63) 63.38 (+1.30)  63.01 (+5.48) 76.29 (+2.06) 78.55 (+0.60) 63.53 (+25.88)
CCoT +RED 78.28 (+0.83)  75.97 (+0.82) 74.79 (+2.19) 68.10 (+1.54) 64.53 (+2.45) 59.82 (+2.29) 75.26 (+1.03) 79.15 (+1.20) 60.59 (+22.94)
Qwen2.5-VL-7B
Baseline 66.37 61.11 68.85 40.18 32.04 49.16 72.16 74.92 45.88
CoT 69.06 (+2.69)  62.37 (+1.26) 71.26 (+2.41) 45.19 (+5.01) 33.76 (+1.72)  51.29 (+2.13) 73.20 (+1.04) 77.04 (+2.12) 50.59 (+4.71)
CCoT 73.34 (+6.97) 6521 (+4.10) 74.70 (+5.85) 54.29 (+14.11) 38.08 (+6.04) 54.49 (+5.33) 74.23 (+2.07) 77.95 (+3.03) 54.12 (+8.24)
CoT+RED  80.34 (+13.97) 81.21 (+20.10) 81.33 (+12.48) 72.70 (+32.52) 73.80 (+41.76) 66.97 (+17.81) 74.23 (+2.07) 80.66 (+5.74) 84.71 (+38.83)
CCoT + RED  80.37 (+14.00) 81.70 (+20.59) 81.05 (+12.20) 73.11 (+32.93) 73.64 (+41.60) 64.99 (+15.83) 76.29 (+4.13) 81.27 (+6.35) 77.65 (+31.77)
Llama3-LLaVA-Next-8B
Baseline 71.77 76.52 76.23 65.24 64.36 52.21 75.26 76.13 55.29
CoT 77.23 (-0.54) 75.42 (-1.10) 77.16 (+0.93)  66.97 (+1.73) 61.10 (-3.26)  55.71 (+3.50) 72.16 (-3.10) 73.41 (-2.72) 56.65 (+1.36)
CCoT 76.88 (-0.89)  76.95 (+0.43)  77.35 (+1.12) 67.08 (+1.84) 63.10 (-1.26)  54.34 (+2.13) 70.10 (-5.16) 75.83 (-0.30)  51.76 (-3.53)
CoT+RED  78.75 (+0.98) 77.06 (+0.54) 77.69 (+1.46) 66.67 (+1.43) 64.12 (-0.24) 54.79 (+2.58) 73.20 (-2.06) 78.25 (+2.12) 64.71 (+9.42)
CCoT + RED  78.28 (+0.51)  77.50 (+0.98) 78.55 (+2.32) 67.08 (+1.84) 64.94 (+0.58) 53.27 (+1.06) 74.23 (-1.03) 77.04 (+0.91) 57.65 (+2.36)

by the SEED-I benchmark. Notably, RED amplified multi-
modal capabilities depending on the nature of the given
rationale, i.e., detailed textual descriptions in CoT and JSON-
formatted scene graphs in CCoT. On the one hand, CoT +
RED significantly enhanced text understanding and spatial
relation capabilities, which require detailed information to
be accurate. On the other hand, CCoT + RED remarkably im-
proved instance attributes and instance localization, which
can be clearly described using semi-structured data such
as JSON. These observations indicate that RED can appro-
priately condition the rationale content to the final output
and assign different capabilities to LVLMs according to the
characteristics of a given rational format.

5.4. Intervention Analysis

We examine whether RED can overcome the issue of multi-
modal CoT not being able to leverage rationale, as described
in Section 3.3. We hypothesized that the performance should
improve with higher-quality rationales and degrade with ir-
relevant ones. To evaluate this, we conduct intervention anal-
ysis using GPT-4 [1] generated rationales as the high-quality
rationale, and the randomly swapped irrelevant rationales in
the same way as Section 3.3. Table 4 shows the results of

this intervention analysis on GQA with CCoT, where Self
denotes using the rationales generated from the backbone
LVLM itself, GPT-4 denotes using high-quality rationales
generated by GPT-4, and Random denotes using irrelevant
rationales swapped from other instances. Note that we used
the same A tuned with the Self rationales across all cases.
CCoT + RED with GPT-4 rationales greatly improved per-
formance, Random rationales degraded it. The substantial
performance gains observed with CCoT + RED using GPT-4
rationales, exceeding the CCoT counterparts, indicate that
RED effectively leverages improved rationale content for
multi-modal reasoning. These results indicate not only that
RED can overcome the issue of conventional multi-modal
CoT reasoning but also that RED offers some interpretability
in the reasoning process, which is dependent on the rationale.

5.5. Scalability for Larger LVLMs

We test RED on LVLMs with a larger parameter size for eval-
uating the scalability. We additionally utilized Gemma-3-
27B, Qwen2.5-VL-32B/-72B. These are increased language
model sizes, and the vision encoders remain unchanged. Fig-
ure 3 shows the scalability on larger LVLMs. Contrary to
intuition, neither Baseline nor CCoT consistently improved
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Self (1) GPT-4 (1) Random (])
Gemma-3-4B
CCoT 44.54 (+4.54) 45.79 (+5.79) 44.35 (+4.35)
CCoT +RED 45.87 (+5.87) 48.93 (+8.93)  39.36 (-0.64)
Gemma-12-4B
CCoT 44.50 (-0.84)  45.61 (+0.27)  44.30 (-1.04)
CCoT +RED  47.50 (+2.16)  50.04 (+4.70)  43.29 (-2.05)
Qwen2.5-VL-7B
CCoT 46.69 (-14.19)  50.85 (-10.03)  51.76 (-9.12)
CCoT+RED  61.92 (+1.04) 63.11 (+2.23) 41.74 (-19.14)
Llama3-LLaVA-Next-8B
CCoT 60.43 (-4.79) 57.84 (-7.38) 60.91 (-4.31)
CCoT +RED 6591 (+0.69) 67.88 (+2.66) 58.70 (-6.52)

Table 4. Intervention analysis on GQA with CCoT. Performance
is shown when using self-generated rationales (Self), rationales
generated by GPT-4 (GPT-4), and randomly swapped irrelevant
rationales (Random). RED can be improved by a higher-quality
rationale and degraded by a lower-quality one, demonstrating its
faithfulness in grounding on rationales.

65
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Figure 3. Performance trends on GQA accuracy with increas-
ing LVLM parameter sizes (Baseline, CCoT, CCoT + RED for
Gemma-3 and Qwen2.5-VL families). RED can consistently im-
prove Baseline and CCoT in any models, and can unlock further
performance scalability according to model sizes.

performance with model size. This is potentially because,
as shown in Section 3.3, the decoding process often over-
relies on visual input tokens at the expense of rationales; a
similar observation is found in [2]. In contrast, our RED
consistently improved performance in proportion to model
size, indicating that RED can leverage sophisticated ratio-
nales from larger language models. This implies that RED
could be a key factor in unlocking the full potential of larger
LVLMs by enabling more effective multi-modal CoT.

5.6. Qualitative Evaluation

Figure 4 shows qualitative examples from GQA; we per-
formed reasoning with CoT and CCoT at the top and bottom

[Q] Where is that fire hydrant?

[R] Here's a description of how to locate the fire hydrant in the image:

+ Foreground: The image's foreground features a patch of green grass.

« Fire Hydrant: A bright orange fire hydrant is prominently positioned on
the grass in the lower-left corner of the image.

+ Road: The fire hydrant is next to a paved road.

Therefore, the fire hydrant is located on the grass.

[A] Baseline: foreground, CoT: lower-left corner, Ours: grass

[Q] Is the fence made of cement or aluminum?
[R] json
{"scene": {
"objects": [{
"id": "fence", "attributes": ["chain-link"],
"relationships": [{"type": "material","target": "alminium”}]

.

[A] Baseline: metal, CCoT: metal, Ours: alminium

Figure 4. Qualitative examples of CoT reasoning on GQA
(Gemma-3-12B). For each example, the input image (left), the
query [Q], the generated rationale [R] (text for CoT and JSON
for CCoT), and the answers from Baseline, CoT/CCoT, and our
method (RED) [A] are shown. RED successfully leverages the
rationale to produce the correct answer.

of the figure, respectively. While generated rationales point
to the correct answer, naive CoT/CCoT produce incorrect
responses, highlighting their failure to leverage the rationales
by pe(yi|y<i, x,r, q). In contrast, RED extracts the conclu-
sion and related attributes from the rationales in both cases.

5.7. Inference Efficiency

We evaluate the inference efficiency of RED. The inference
steps are decomposed into (i) rationale generation by Eq. (5)
and (ii) answer generation by Eq. (8). The former is the same
as the existing CoT, and the latter requires a dual-forward
pass, which we implemented using batch-parallel decoding.
To assess the latency, we measured the average inference
time for each query across all benchmarks with Gemma-
3-12B on Baseline, CoT, and RED. The results were 3.01,
5.27, and 5.05 for Baseline, CoT, and RED, respectively.
RED was faster than CoT because the contexts of (x, ¢) and
(r, q) of the batch-parallel decoding were shorter than the
full context (x, r, q) of CoT, emphasizing the efficiency of
our method. Nonetheless, slightly increasing GPU memory
consumption due to parallel RED is a limitation that should
be resolved in future work.

6. Conclusion

This paper addressed the challenge of LVLMs ineffectively
using rationales in CoT reasoning. We proposed Rationale-
Enhanced Decoding (RED), an optimal, plug-and-play so-
lution derived from KL-constrained reward maximization,
which harmonizes visual and rationale inputs by multiply-
ing their distinct conditional distributions. Extensive ex-
periments demonstrated RED’s consistent and significant
reasoning improvements over existing methods.

A notable limitation is the increased inference overhead,
a common trade-off for plug-and-play decoding strategies.
Future efforts could focus on mitigating this cost. Despite
this, RED offers a significant step towards more reliable,
interpretable, and rationale-grounded multi-modal systems.
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