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Motivation

We look at the chart...

» Despite their impressive performance, how FINAL ANSWER: Yo
MLLMSs integrate vision and language remains .

largely unexplored.

* Previous works investigate cross-modal
information flow in constrained settings, such as
single-token VQA answers.

» We present the first systematic investigation of OO0 [‘j 0000000
the internal mechanisms of MLLMs during free- Sole T

x L

User: Is the value of Gabon

form generation in underexplored domains such I ot it e by st
as image captioning and chain-of-thought : y o
reasoning.
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FG-TRACER
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We present a novel framework that selectively blocks communication
between token groups to isolate their individual contributions. Information
flow is defined as the change in output probability, normalized by sequence

length to enable robust estimation in long, free-form outputs. A’Wﬁ
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Normalization Factor

The overall sequence probability is computed as:

P = HiL=0Pi» p= zL=013i
where L is the number of tokens in the generated response, p andp are the

output sequence probabilities without and with masking. We then normalize
the probabilities by computing the L-th root of the probabilities:

1 1
)L — pL
A [PETP

e~ =

p

This normalization is crucial for long-form answers, as otherwise small
changes in individual token probabilities would result in exponentially large
changes in the overall answer probability when the number of tokens L

increases. WACV -,
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Normalization Factor: demonstration

Consider a scenario in which the probability of each token undergoes a small
relative change & such that:

p; = (1 —90)p;

Under this perturbation, the relative change in sequence-level probability is
given by:

A= <ﬁf‘pz> x 100 = ((1 =&)L — 1) x 100
p

R

This relative change decreases exponentially with increasing L and
asymptotically approaches -100%.
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Multimodal Backbones and Datasets

 In our analysis, we study three state-of-the-art MLLM backbones: LLaVA
1.5-13B, LLaMA 3.2-11B-Vision, and Qwen 2.5-VL-7B which employ different
strategies for multimodal integration. .

« We evaluate our framework on three distinct vision—language tasks:

« TextVQA is a benchmark for text-based VQA, which requires Optical
Character Recognition capabilities.

« COCO 2014 is a widely used dataset for captioning.

« ChartQA is a benchmark of chart understanding, where the questions
typically require multi-step, chain-of-thought reasoning to infer
information from visual data.
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Insights from Information Flow Dynamics

Our analysis yields several key e et ot o

TextVQA COCO 2014 ChartQA: Complete CoT ChartQA: Final Answer

findings: : NUPARERY|aFuaan =g
1. Multimodal fusion occurs early K/ MM
in the MLLMs. However, distinct L2/

patterns of multimodal fusion ;- ﬁﬂ\‘f 7 ”W WV
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emerge across models and /
datasets, indicating that visual—= ~f-bo il A Bl L L =

linguistic integration is both W |
task- and model-dependent.
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Insights from Information Flow Dynamics

» In OCR-based VQA tasks, visual . it i
information directly influences
generation, as fine-grained
visual features are required to -
interpret embedded text. B v 7“
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» Inimage captioning, MLLMSs rely _f \/\M f

on visual input after multimodal = e
fusion to generate accurate W W :E/C\ / W

descriptions.
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Insights from Information Flow Dynamics

* |[n Col reasoning, visual

—— Last» Last - —_— » —_—

COCO 2014 ChartQA: Complete CoT ChartQA: Final Answer

information contributes RS Sae—— i
throughout the step-by-step K/ % M
reasoning process, while the RN

final answer is derived primarily  ,: frsg =
from the generated linguistic 7“
chain, demonstrating that

MLLMs utilize intermediate e e e e
reasoning to encode the W W W W

necessary information for
answer generation. L e e e

o
3
3
o]
|
%
e
57
|
G
]
=
wl
G
|
S

)

| —
i
2}}
SR
>s
-
etz
=
S
D;\
[
=
=
//
L
>
o
%
7
o=
s
7’
\

2

Q

1
YN
W =
eV =1y
2OV
. 7

&5 315.-310




Word-Level Anlysis

« Within the contexts of image captioning thavAly  LLaA32Akion Quen25WL
. . . . or rop or rop or rop
and COT reasonlng; We InveStlgate WhICh ﬁrst -66.20 examine -76.91 exam_ine -62.22
words rely most heavily on visual input O own 043 amange et fing 3714
and which can instead be inferred from S identty 00 hnal 9704 associated 3405
linguistic context alone, without 5 need -2.03 need 261 the 3.13
depending on multimodal integration. “,f% e \fg 36 need S0
of -5.57 the -7.12 in -8.96
- The table lists at the top the most it $177 showeasing 7946 whie 6530
frequent words with the highest image-to- = using 59,67 E‘f?&;‘f:é padl] eﬁi%)ﬁ%% 00
text drop value and at the bottom the § while -50.14 feajturing -50.80 next -53.39
most frequently generated words withthe  § O6F 2w e 53 M 5%
to -4.84 depicts  -4.65 of -4.90
lowest drop value. his -6.42 o 907 arc 741
a -9.98 a -9.72 to -7.53
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Word-Level Anlysis

Our flndlngs Suggest tha-t LLaVA 1.5 LLaMA 3.2-Vision Qwen 2.5-VL
Word Drop Word Drop Word Drop
1. Content words that convey spatial, comesponain o3y e 7091 poamine 222
temporal, procedural, or contextual < S s submt 5771 section 3420
relationships are typically visually P il

@) nee -2, nee -2, e -a.
grounded words. A
to -4.85 we -6.68 nee -5.80
2. Structural words such as pronouns, of 557 the 7.1 in_$.9
articles, and prepositions, as well as another 70,13 Sh"‘f"fé‘{iiﬁ‘g’ To%  setting o182
. <t using -59.67 eatures -65.01 enjoying -56.08
terms commonly used in template-based = near :25'?2 fs.i?ia_ted 075 “another 3452
expressions, exhibit minimal visual S fod 125 imase 03 imase 060
dependence, indicating that they are c T a8 depicw 4ot oF %0
primarily generated from linguistic M 55 9 oM o 753

priors rather than visual content.
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Insights from Information Flow Dynamics

* |[n Col reasoning, visual
information Contri bUteS —— Last=» Last Image Last —— Text» Last — Image» Text ----- CA Layers
throughout 'the Ste p—by—Step - TextVQA . COCO 2014 ChartQA: Complete CoT ChartQA: Final Answer

reasoning process, while the A LIS iy E\T”‘i N _7% Wi
final answer is derived primarily ~ :- 7{,\ fk/ LMJ Dﬂ L pf \f
from the generated linguistic el e Al
chain, demonstrating that [7{“ / >g i) ™ f\”/
MLLMs utilize intermediate J q\ f\ ﬂ / ﬁﬁ\ fn/ f[ \
reasoning to encode the I S NIRRT LRI S4B

necessary information for
answer generation.
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Ablation: Effectiveness of Normalization

—— Last=» Last Image Last —— Text» Last —— Image» Text
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The information flow patterns become obscured without
normalization as the unnormalized sequence probabilities induce
length distortion in the information flows by diminishing exponenUalIy

with increasing output length. —
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