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Abstract

Multimodal Large Language Models (MLLMs) have
achieved impressive performance across a variety of vi-
sion–language tasks. However, their internal working
mechanisms remain largely underexplored. In this work,
we introduce FG-TRACER, a framework designed to ana-
lyze the information flow between visual and textual modal-
ities in MLLMs in free-form generation. Notably, our nu-
merically stabilized computational method enables the first
systematic analysis of multimodal information flow in un-
derexplored domains such as image captioning and chain-
of-thought (CoT) reasoning. We apply FG-TRACER to
three state-of-the-art MLLMs—LLaVA 1.5, LLaMA 3.2-
Vision, and Qwen 2.5-VL—across three vision–language
benchmarks—TextVQA, COCO 2014, and ChartQA—and
we conduct a word-level analysis of multimodal integra-
tion. Our findings uncover distinct patterns of multimodal
fusion across models and tasks, demonstrating that fusion
dynamics are both model- and task-dependent. Overall,
FG-TRACER offers a robust methodology for probing the
internal mechanisms of MLLMs in free-form settings, pro-
viding new insights into their multimodal reasoning strate-
gies. Our source code is publicly available at https:
//github.com/AImageLab-zip/FG-TRACER

1. Introduction
Multimodal Large Language Models (MLLMs) [2, 14, 27,
44, 45] represent a significant advancement in artificial in-
telligence, as they extend the capabilities of traditional lan-
guage models [3, 10, 33, 34] to support reasoning over non-
textual modalities [8, 15, 37, 46]. Typically, they com-
prise a vision encoder [12, 13, 29, 39] for extracting visual
features, a fusion module that integrates visual and textual
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We look at the chart…
FINAL ANSWER: Yes

User: Is the value of 
Gabon more than Tonga?
Let’s think step by step.
Assistant:

Figure 1. Illustration of the inner mechanism of MLLMs in chain-
of-thought reasoning, with L indicating the answer length. The
model first interprets the prompt and fuses visual and textual infor-
mation, then propagates it to the final position for answer predic-
tion. Words expressing temporal, spatial or procedural relations–
—such as look and final—exhibit strong visual grounding.

information into a shared representation space, and a lan-
guage model backbone. This multimodal fusion enables
MLLMs to perform more complex reasoning and exhibit
capabilities that are essential for a wide range of real-world
vision-language tasks, including text understanding [4, 21],
image captioning [7, 35], and chart understanding [1]. De-
spite their impressive performance, the internal mechanisms
of MLLMs remain insufficiently understood, particularly in
complex free-form generation settings.

Recent studies have investigated the inner mechanisms



of MLLMs by analyzing information storage in model pa-
rameters [6], knowledge encoding [22], object-level visual
grounding [24, 25], visual signal decay across layers [38],
token-level redundancy [42], and the dynamics of cross-
modal interactions [30, 43]. Basu et al. [6] reveal that spe-
cific visual tokens are responsible for transferring informa-
tion from the image to causal blocks within the architec-
ture. Zhang et al. [43] investigate the internal mechanisms
of multimodal integration in the LLaVA model series for vi-
sual question answering (VQA) [17] tasks involving single-
token answers. However, the dynamics of multimodal in-
formation flow in MLLMs during complex, free-form tasks
remain largely underexplored.

In this paper, we address this gap by introducing FG-
TRACER, a framework for analyzing visual–textual inter-
actions in MLLMs in free-form generation. FG-TRACER
employs an attention masking mechanism and a novel nu-
merically stabilized formulation that enables reliable quan-
tification of the information flow between visual and textual
modalities in tasks requiring long-answer generation, such
as chain-of-thought (CoT) reasoning and image captioning.
A visualization of the internal mechanism underlying CoT
reasoning is presented in Fig. 1.

Leveraging the capabilities of FG-TRACER, we ex-
amine three state-of-the-art MLLMs—LLaVA 1.5 [16],
LLaMA 3.2-Vision [14], and Qwen 2.5-VL [5]—which
employ different strategies for multimodal integration.
LLaMA 3.2-Vision exploits a cross-attention mechanism
to integrate visual features into the language model’s in-
ternal representations, while LLaVA 1.5 and Qwen 2.5-
VL concatenate visual and textual embeddings and rely
on self-attention to achieve fusion. These distinctions
make them well-suited for studying how different architec-
tural designs influence visual–textual interactions in mul-
timodal reasoning. Moreover, we study the information
flow on three distinct visual-language tasks: text under-
standing on TextVQA [4] dataset, image captioning on
COCO 2014 [35], and chart understanding on ChartQA [1].
TextVQA is a benchmark for text-based VQA, which re-
quires Optical Character Recognition (OCR) capabilities to
reason over textual context embedded in the image. COCO
2014 is a widely used dataset to evaluate models’ ability
to generate descriptive, free-form captions. ChartQA is a
benchmark designed to assess a model’s ability to answer
questions about chart images, where the questions typically
require multi-step, chain-of-thought reasoning to infer in-
formation from visual data. Our analysis yields several
key findings: (i) multimodal fusion predominantly occurs
in early-to-mid layers, but how visual and textual informa-
tion are fused is model- and task-dependent; (ii) in OCR-
based VQA tasks, visual information directly influences re-
sponse generation, as the model requires fine-grained vi-
sual features during decoding to interpret structured tex-

tual elements embedded within the image; (iii) in image
captioning, MLLMs directly rely on the visual input after
multimodal integration, reflecting the need for persistent vi-
sual access for generating accurate descriptions; and (iv) in
CoT reasoning, visual information contributes throughout
the step-by-step reasoning process, while the final answer
is derived primarily from the generated linguistic chain,
demonstrating that MLLMs utilize intermediate reasoning
steps to encode the necessary information for answer gener-
ation. Furthermore, our word-level analysis of multimodal
integration reveals that terms associated with spatial, tem-
poral, compositional, or procedural semantics demonstrate
strong visual grounding, whereas structural words—such
as pronouns, articles, and prepositions—do not rely on vi-
sual information and are instead driven by linguistic pri-
ors. To the best of our knowledge, FG-TRACER is the first
methodology capable of tracing and quantifying the infor-
mation flow between visual and textual modalities in long,
free-form generation tasks, such as image captioning and
CoT reasoning, thereby offering novel insights into the in-
ner mechanisms of MLLMs.

Contributions. The contributions of the paper can be sum-
marized as follows:
• We introduce FG-TRACER, a novel framework that com-

bines attention masking with a new reliable quantification
of the information flow between visual and textual modal-
ities in MLLMs in free-form generation;

• Our approach enables analysis of the cross-modal infor-
mation flow in MLLMs in complex tasks—such as CoT
reasoning and image captioning—that were previously
inaccessible using existing methods;

• We apply the methodology to three state-of-the-
art MLLMs—LLaVA 1.5, LLaMA 3.2-Vision, and
Qwen 2.5-VL—spanning three distinct vision–language
tasks—text-based VQA, image captioning, and chart
VQA, which involves CoT reasoning—uncovering that
multimodal fusion dynamics are both model- and task-
dependent;

• We perform a word-level analysis in image captioning
and CoT reasoning, showing that terms expressing spa-
tial, temporal, contextual, or procedural relations exhibit
strong visual grounding.

2. Related Work

Multimodal Large Language Models (MLLMs).
MLLMs [2, 14, 44, 45] represent a major advancement in
artificial intelligence by integrating the reasoning capabil-
ities of Large Language Models (LLMs) [3, 10, 33, 34]
with the ability to process and generate content across
multiple modalities [8, 15, 37, 46]. These models typically
comprise modality-specific encoders—such as vision
encoders [12, 13, 29]—paired with a large language
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Figure 2. Overview of the FG-TRACER framework. For each output token, FG-TRACER computes the probabilities of the correct answer
tokens with and without attention masking applied—p̂1, . . . , p̂L and p1, . . . , pL, respectively—between selected token groups across a
window of layers. The token-level probabilities [p1, . . . , pL] and [p̂1, . . . , p̂L] are then multiplied, and normalized via the L-th root, where
L is the answer token length, to avoid length-induced distortions. The information flow between the selected token groups is then quantified
as the relative change in output probabilities (∆) between the normalized probabilities computed with and without the attention masking.

model backbone, enabling cross-modal understanding and
generation. Prominent examples include Flamingo [2],
BLIP-2 [19], MiniGPT-4 [45], and the more recent
LLaVA 1.5 [20], LLaMA 3.2-Vision [14], and Qwen 2.5-
VL [5]. However, the internal working mechanisms of
MLLMs remain poorly understood.

Analyzing Internal Mechanisms of MLLMs. While sig-
nificant progress has been made in interpreting the inter-
nal behavior of large language models [11, 23, 26, 41], the
multimodal domain remains underexplored. Recent stud-
ies have begun to investigate the internal states of MLLMs
by examining information storage [6], knowledge encod-
ing [22], object-level visual grounding [24, 25, 31], visual
signal degradation across layers [38], token-level redun-
dancy [42], and cross-modal interaction dynamics [30, 43].
Basu et al. [6] analyze how visual information is stored and
transferred within MLLM architectures. Yin et al. [38] in-
vestigates how visual signals shift across layers to enable
more efficient inference. Palit et al. [25] demonstrates that
representations in later layers of the model have a causal
impact on the generated VQA token outputs, offering a
visualization-based tool for tracing how visual input influ-
ences language generation in a multimodal model. More
recently, Tao et al. [32] characterizes how global and local
semantic representations are encoded across layers. Jiahao
et al. [18] reveals how individual neurons contribute to ei-
ther visual, textual, or cross-modal understanding. Zhang
et al. [43] examine the dynamics of multimodal integra-
tion in the LLaVA model series on VQA tasks involving
single-token answers [17]. Despite recent advances, the dy-
namics of multimodal information flow in MLLMs in com-
plex, free-form tasks—such as image captioning and CoT
reasoning—remain underexplored. Hence, this work intro-
duces a framework capable to analyze multimodal informa-
tion flow in these tasks, overcoming the limitations of pre-
vious approaches.

3. Method
In this work, we present FG-TRACER, a methodology that
combines attention masking with a novel formulation for
quantifying cross-modal information flow between visual
and textual modalities in MLLMs in free-form generation.
The approach iteratively masks attention between specific
target and source token groups across selected layers, and
computes the probability of generating the correct answer
token. To account for multi-token outputs, we multiply the
individual token probabilities and normalize them by the se-
quence length to mitigate distortions from long responses.
The information flow is then quantified as the change in out-
put probability, where significant deviations indicate that
the intervention disrupted a critical information pathway,
thus revealing the contribution of each source token group.

3.1. Preliminaries

MLLMs. MLLMs are designed to process and reason over
visual and textual inputs within a unified architecture. A
visual encoder extracts high-level features from the input
image, which are then projected into the language model’s
embedding space, allowing the LLM backbone to integrate
and reason over visual and textual information. Specifically,
the LLM backbone is a stack of NL transformer layers,
each comprising a masked multi-head attention (MHA) [36]
module and a feed-forward network (FFN). The hidden rep-
resentation at layer l, denoted as H l = [hl

i]
N
i=1 ∈ RN×d,

where N is the total number of input tokens, is defined as
follows:

H l = FFN(Zl)+Zl, Zl = MHA(H l−1)+H l−1, (1)

where H l−1 represents the hidden representation of the pre-
vious layer and Zl denotes the vector obtained by adding
the MHA output at layer l to the residual input H l−1. The
MHA module projects H l−1 into query (Ql), key (Kl), and



value (V l) matrices using learned weights W l
Q,W

l
K ,W l

V ∈
Rd×d, and partitions them across NH heads, {Ql,j}NH

j=1,

{Kl,j}NH
j=1, and {V l,j}NH

j=1, each of dimension RN× d
NH .

The MHA output is computed as:

MHA(Ql,Kl, V l) = [headl1, . . . , head
l
NH

]W l
O, (2)

headlj = softmax

(
Ql,j(Kl,j)T√

d/NH

+M l,j

)
V l,j , (3)

where [·] denotes concatenation, W l
O ∈ Rd×d is the output

projection matrix, and M l,j is the attention mask, indexed
by layer l and head j, controlling token-to-token visibility.
The FFN component computes the layer output via:

FFN(Zl) = σ
(
ZlW l

B

)
W l

U , (4)

where W l
U ,W

l
B ∈ Rd×dff , dff is the inner hidden dimen-

sion, and σ is a nonlinear activation function.
MLLMs typically employ one of two main strategies

for integrating visual and textual information within the
LLM backbone: (i) self-attention-based fusion or (ii) cross-
attention-based fusion. Initially, the input image x is di-
vided into fixed-size patches and passed through a vision
encoder to produce a sequence of visual embeddings V =
[vi]

NV
i=1, where NV is the number of visual tokens and each

vi ∈ Rd is a d-dimensional feature vector corresponding to
a specific image patch. Simultaneously, a text sequence t,
composed of NT tokens, is embedded using a learned word
embedding table, yielding T = [ti]

NT
i=1, ti ∈ Rd. In the

self-attention paradigm, visual and textual tokens are con-
catenated into a sequence H0 = [V, T ] ∈ R(Nv+NT )×d and
jointly processed by the NL transformer layers. In this case,
the attention mask is strictly upper triangular, preventing
each token from attending to future positions. In the cross-
attention paradigm, the MLLM receives as input the textual
sequence T , and multimodal fusion is performed using ad-
ditional multi-head cross-attention layers, in which textual
hidden states H l serve as queries, while visual embeddings
V act as keys and values. In the cross-attention layers, a
fully permissive attention mask is employed, enabling all
textual tokens to attend to all visual tokens w/o restriction.
Autoregressive Decoding. The hidden representation hNL

N

corresponding to the final position N in the input sequence
at the top transformer layer NL is projected through an out-
put embedding matrix E ∈ R|V|×d, where |V| denotes the
vocabulary. The resulting probability distribution over vo-
cabulary tokens is given by:

PN = softmax
(
hL
NET

)
, (5)

where the token with the highest probability in PN is se-
lected as the predicted output. For multi-token responses
(e.g., phrases or full sentences), decoding proceeds in an

autoregressive manner: the predicted token is appended to
the input sequence, and the model reprocesses the extended
sequence to generate the next token. This iterative process
continues until an end-of-sequence token is produced or a
maximum length is reached.

3.2. FG-TRACER

In this work, we introduce FG-TRACER, a framework for
quantifying multimodal information flow between visual
and textual modalities in MLLMs in free-form generation.
An overview of the method is presented in Fig. 2. FG-
TRACER comprises two components: an attention masking
mechanism that selectively blocks attention between spe-
cific token groups, and a novel information flow formu-
lation designed to enable reliable analysis in long, free-
form answers by addressing the challenges posed by se-
quence length in probability computations. Unlike prior
work [43], which is restricted to single-token answers and
does not generalize to free-form outputs, FG-TRACER sup-
ports tasks such as image captioning and chain-of-thought
(CoT) reasoning by accurately quantifying information flow
across multi-token sequences. We analyze two types of in-
formation flow: (i) from each modality (text or image) to
the last input token, responsible for the prediction, captur-
ing direct modality influence; and (ii) from visual to textual
tokens (excluding the last input token), to examine the mul-
timodal integration process.

Attention Masking Mechanism. The multi-head atten-
tion is the only module that enables communication across
different groups of tokens, thus integrating contextual in-
formation. To investigate the aforementioned information
flows, we intervene in each layer l by selectively preventing
the last token from attending to preceding textual tokens
(text-to-last flow), visual tokens (image-to-last flow), or it-
self (last-to-last flow) and by blocking the attention from
textual tokens (excluding the last token) to the visual tokens
(image-to-text flow). Each intervention is applied within
a local window of k = 9 layers centered around layer l.
Results with other window sizes are reported in the sup-
plementary material. To block the information flow from a
source token group (i.e., text, image, or last token) to a tar-
get group (i.e., text, or last token), we set the corresponding
entries in the self- or cross-attention mask to −∞.

Information Flow Quantification. We propose a novel
formulation to quantify the information flow between
source and target token groups. Given an image-question
pair, the model generates the i-th answer token with prob-
ability pi. After masking the attention between the source
and target groups, the model generates the same token with
probability p̂i. Since free-form answers typically consist of
multiple tokens, the overall sequence probability—denoted
as p without masking and p̂ with masking—is computed as



the product of individual token probabilities:

p =
∏

pi = p1 · p2 · . . . · pL, (6)

p̂ =
∏

p̂i = p̂1 · p̂2 · . . . · p̂L, (7)

where L is the number of tokens in the generated response
and each pi, p̂i ∈ [0, 1]. Then, we quantify the informa-
tion flow between the source and target token groups as the
relative change in output probability. Specifically, we first
normalize the output probabilities p and p̂ by computing the
L-th root of the probabilities, and then we calculate the rel-
ative change ∆ as:

∆ =

(
p̂

1
L − p

1
L

p
1
L

)
· 100. (8)

By accounting for sequence length, this formulation en-
ables the detection of patterns in long answers. Normalizing
probabilities via L-th root 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.

Consider a scenario in which the probability of each to-
ken undergoes a small relative change δ, such that p̂i =
(1 − δ) · pi for i = 1, . . . , L. Under this perturbation, the
probability of the entire sequence becomes p̂ = (1−δ)L ·p,
and the relative change in sequence-level probability is
given by ∆ =

(
p̂−p
p

)
· 100 = ((1 − δ)L − 1) · 100. This

relative change decreases exponentially with increasing L
and asymptotically approaches −100%. For instance, in the
ChartQA dataset, the average answer length is 125 tokens.
If each token’s probability decreases by 5% (i.e., δ = 0.05),
the resulting relative change in sequence-level probabil-
ity is

(
(1− 0.05)125 − 1

)
· 100 = −99.84%. However,

if the probabilities are normalized—specifically by taking
the L-th root—the relative change in probability becomes
((1− 0.05)− 1) · 100 = −5%. This example shows that,
in long answers, without normalization, even minor pertur-
bations at the token-level probabilities can result in expo-
nentially large and misleading relative changes in sequence-
level probability. To mitigate this effect and ensure compa-
rability across different sequence lengths, we normalize by
the number of tokens L.

4. Experimental Results

Multimodal Backbone. In our analysis, we study three
state-of-the-art MLLM backbones: LLaVA 1.5–13B [16],
LLaMA 3.2-11B-Vision [14], and Qwen 2.5-VL-7B [5].
LLaVA 1.5 builds upon the Vicuna-13B [9] language
model and employs a pre-trained CLIP [29] visual en-
coder to extract visual embeddings, and a linear projec-
tion layer to align image and textual features. It follows

the self-attention paradigm to fuse modalities. Qwen 2.5-
VL augments the Qwen 2.5 [28] language backbone with
a dynamic-resolution Vision Transformer [12] enhanced
by windowed attention, and leverages the self-attention
paradigm to integrate visual and textual modalities. In con-
trast, LLaMA 3.2–11B-Vision, based on the LLaMA 3.2
language backbone, employs the cross-attention paradigm
to fuse modalities, inserting cross-attention layers at fixed
intervals. These distinctions enable us to investigate how
different architectural design choices influence cross-modal
information flow within MLLMs.

Datasets. We evaluate our framework on three distinct vi-
sion–language tasks: text understanding on TextVQA [4],
image captioning on COCO 2014 [35], and chart under-
standing on ChartQA [1]. TextVQA is an open-ended VQA
dataset that requires reasoning over text embedded within
natural images. This task poses significant challenges due
to its reliance on accurate OCR capabilities. COCO 2014
is a widely used benchmark for image captioning, consist-
ing of high-quality natural images annotated with free-form
descriptive captions. ChartQA is a representative bench-
mark for chart understanding that involves reasoning over
charts. Due to the inherent complexity of interpreting charts
and performing quantitative reasoning, we employ Chain-
of-Thought (CoT) prompting to support multi-step infer-
ence. To ensure a reliable analysis, we restrict our study
to correctly answered samples, thereby avoiding noise in-
troduced by disrupted or irrelevant attention pathways as-
sociated with incorrect predictions. Additional experiments
on incorrect samples are reported in the supplementary ma-
terials. For the COCO 2014 dataset, we randomly sample
2,000 image–question pairs that were accurately answered.
For TextVQA and ChartQA, we include all correctly an-
swered instances—yielding approximately 2,000 samples
for TextVQA in all MLLMs, 400 samples for ChartQA in
LLaVA 1.5, and 2,000 samples in LLaMA 3.2-Vision and
Qwen 2.5-VL. The data is sourced from the validation sets
of TextVQA and COCO 2014, and the test set of ChartQA.

4.1. Results
In our analysis, we examine whether each modality directly
contributes to the prediction and how the model integrates
visual and textual representations. To this end, we mask
attention from a target token group to a source group at
each layer l, within a sliding window of k = 9 layers,
and we quantify the information flow as the relative change
in the answer probability with the formulation described
in Eq. (8). We apply this methodology to LLaVA 1.5,
LLaMA 3.2-Vision, and Qwen 2.5-VL on the TextVQA,
COCO 2014, and ChartQA datasets. The results are pre-
sented in Fig. 3, which illustrates the patterns of the differ-
ent information flows—namely last-to-last, image-to-last,
text-to-last, and image-to-text—across the datasets. The
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Figure 3. Relative changes in answer probability for LLaVA 1.5, LLaMA 3.2-Vision, and Qwen 2.5-VL across TextVQA, COCO 2014,
and ChartQA datasets. ChartQA is analyzed under two settings: complete chain-of-thought responses—ChartQA: Complete CoT—and
final answer generation given the reasoning chain as input—ChartQA: Final Answer. Dotted blue lines indicate cross-attention layers.

x-axis denotes the layer index, while the y-axis represents
the resulting relative change in the answer probability. Val-
ues near zero suggest minimal information flow, whereas
larger negative values indicate a stronger dependence on the
masked interaction. Additionally, we conduct a word-level
analysis in long, free-form generation tasks—specifically,
image captioning and CoT reasoning—to identify which
words in the generated responses exhibit the highest depen-
dency on the visual input and which are instead driven by
linguistic context.

General Information Flow Patterns. As shown in Fig. 3,
the substantial image-to-text information flow is present in
the early to mid layers, suggesting that multimodal fusion
occurs early in the MLLMs. Nevertheless, distinct patterns
of multimodal fusion emerge across models and datasets,
indicating that visual–linguistic integration is both task- and
model-dependent. In LLaVA-1.5, fusion begins in the ear-
liest layers and unfolds in two stages—consistent with the
findings of Zhang et al. [43] on the GQA dataset [17]. In
contrast, LLaMA-3.2-Vision exhibits a single-stage fusion
that begins in the first cross-attention layers, whereas in
Qwen-2.5-VL fusion is delayed until the mid layers and
likewise occurs in a single stage. In addition, we observe
that in LLaMA 3.2-Vision and LLaVA 1.5, the last-to-last
information flow is negligible across all datasets, i.e., the
last token does not integrate information from its own hid-
den representation during answer prediction. Instead, in

Qwen 2.5-VL the flow is strong in the earliest layers, sug-
gesting that the final token primarily integrates information
from itself in the first layers. Moreover, Qwen-2.5-VL ex-
hibits stronger image-to-last information flow in the final
layers across all datasets, indicating a greater reliance on di-
rect visual information for generating the answer. Further-
more, all MLLMs exhibit a two-stage text-to-last informa-
tion flow. The first stage emerges in the early layers, where
a strong flow indicates that they are initially interpreting the
semantic content of the prompt. The second stage arises
after multimodal integration is largely complete, likely cor-
responding to a task-specific reasoning phase during which
the grounded multimodal representation is utilized to infer
the answer. In the final layers, this information flow de-
creases, marking the concluding phase of answer genera-
tion. This reasoning process is consistent across all three
datasets.

Results on Text Understanding. With respect to the text
understanding task, we observe in Fig. 3 a stronger image-
to-text information flow compared to the other datasets, in-
dicating that the models rely more heavily on the visual
input. This behavior is likely caused by the nature of the
task, which requires the extraction of fine-grained visual
features to accurately recognize and understand text em-
bedded within the image. Additionally, we observe a rel-
evant image-to-last information flow after multimodal inte-
gration, suggesting that MLLMs directly draw information



from the image to answer the question, likely due to the
task’s dependence on OCR-specific content.
Results on Image Captioning. In the context of image cap-
tioning, as shown in Fig. 3, we observe a substantial image-
to-last information flow following multimodal integration
in all models. This result indicates that MLLMs require
direct access to visual features during decoding to gener-
ate coherent and semantically accurate captions. While in
LLaMA 3.2-Vision and in Qwen 2.5-VL, the image-to-last
information flow remains consistent throughout the answer
generation phase, in LLaVA 1.5, it decreases in the last lay-
ers, suggesting that the model has already integrated all nec-
essary information.
Results on CoT Reasoning. We analyze multimodal infor-
mation flow during CoT reasoning on the ChartQA dataset.
CoT prompting enables MLLMs to decompose complex vi-
sual questions into a sequence of reasoning steps, thus fa-
cilitating the inference of the final answer. Examples of
complete CoT responses are reported in the supplementary
material. We perform the analysis under two settings: (i)
by examining the information flow across the entire chain-
of-thought response, and (ii) by assessing the information
flow in the concise final answer, while providing the whole
reasoning chain as input to the MLLM. The corresponding
results are shown in the third and fourth columns of Fig. 3,
respectively. In the first scenario, we observe a strong text-
to-last information flow across all MLLMs, as the models
heavily rely on the textual modality to guide the reasoning
process. In LLaVA 1.5, the image-to-text information flow
is comparatively stronger than in the other MLLMs, sug-
gesting a greater dependence on visual input during reason-
ing. This difference may reflect its limited capabilities in
CoT reasoning, as demonstrated also by Zeng et al. in [40].
In the other setting, we observe a marked reduction in the
image-to-text information flow across all MLLMs. This de-
cline indicates that all necessary information to answer the
question is contained within the provided reasoning chain.
In the case of LLaMA 3.2-Vision and Qwen 2.5-VL, the
minimal image-to-text flow suggests that the models rely al-
most entirely on textual representations to infer the final an-
swer. In contrast, LLaVA exhibits a residual degree of mul-
timodal fusion, indicating that the model retains a limited
reliance on visual input—likely due to its comparatively
weaker capacity to generate an effective reasoning chain,
as previously discussed. Overall, these findings highlight
the effectiveness of CoT reasoning in decomposing com-
plex visual questions into sequential steps that encapsulate
the necessary information for accurate answer prediction.
Word-Level Analysis. Within the contexts of image cap-
tioning and CoT reasoning, which require long answers,
we investigate which words rely most heavily on visual
input and which can instead be inferred from linguistic
context alone, without depending on multimodal integra-

Table 1. Results of the word-level analysis on LLaVA 1.5,
LLaMA 3.2-Vision and Qwen 2.5-VL on ChartQA and COCO
2014. For each MLLM and dataset, the top five words are the most
frequently generated terms with the highest image-to-text drop
value—denoted as Drop—while the bottom five are the most fre-
quently generated words with the lowest image-to-text drop value.

LLaVA 1.5 LLaMA 3.2-Vision Qwen 2.5-VL
Word Drop Word Drop Word Drop

C
ha

rt
Q

A

first -66.20 examine -76.91 examine -62.22
corresponding -62.30 look -69.93 following -38.59

shown -60.43 arrange -64.44 find -37.14
since -53.73 subtract -57.71 section -34.20

identify -50.09 final -57.04 associated -34.03

need -2.03 need -2.61 the -3.13
a -2.95 of -3.15 of -3.75

we -3.85 at -5.21 to -5.73
to -4.85 we -6.68 need -5.80
of -5.57 the -7.12 in -8.96

C
O

C
O

20
14

that -81.77 showcasing -79.46 while -65.50
another -70.15 setting -79.21 setting -64.82

using -59.67 features -65.01 enjoying -56.08
near -55.39 situated -63.75 another -54.52

while -50.14 featuring -50.80 next -53.39

food -1.25 image -0.34 image -0.60
of -2.48 of -3.53 by -3.48
to -4.84 depicts -4.65 of -4.90

his -6.42 to -9.07 are -7.41
a -9.98 a -9.72 to -7.53

tion. The results of this word-level analysis on LLaVA 1.5,
LLaMA 3.2-Vision and Qwen 2.5-VL are presented in
Tab. 1. We quantify word-level information flow by apply-
ing Eq. (8), where, in this analysis, L denotes the number
of tokens in each word, and p and p̂ are computed by mul-
tiplying the probabilities of the word’s constituent tokens.
Specifically, for each dataset, the table lists at the top the
most frequently generated words with the highest image-
to-text drop value (denoted as Drop)—corresponding to
the minimum relative change in the answer probability at-
tributed to the image-to-text information flow—and at the
bottom the most frequently generated words with the lowest
drop value. We select the most frequently generated words
by retaining words whose occurrence across the dataset ex-
ceeds the 90th-percentile frequency, thereby ensuring that
our analysis accurately reflects the models’ generation be-
havior. In both datasets, the words requiring more visual
grounding differ between the MLLMs. Nonetheless, these
words exhibit shared characteristics. In ChartQA, they
are typically action verbs that describe cognitive or pro-
cedural steps in the reasoning process—such as examine,
look, arrange, identify, subtract, corresponding, find, as-
sociated—or words that organize the steps temporally or
logically—such as first, shown, since, final, following, sec-
tion. We report examples of CoT responses containing these
words in the supplementary material to illustrate their us-
age in context. In COCO 2014, they typically serve to de-
scribe relationships—such as near, situated, another, next—
provide contextual details—such as showcasing, setting,
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Figure 4. Relative changes in prediction probability for LLaMA 3.2-Vision across TextVQA, COCO 2014, and ChartQA datasets, com-
puted with and without the L-th root normalization in Eq. (8). Dotted blue lines indicate cross-attention layers.

features, featuring, enjoying—or link elements within the
image—such as that, using, while. In contrast, words that
do not rely on visual input are typically structural words—
such as pronouns, articles, and prepositions—which sup-
port the syntactic structure of the sentence rather than con-
tributing to substantive reasoning or conveying multimodal
content. The word “need” does not depend on visual in-
put, as it functions to organize reasoning rather than to ref-
erence or interpret visual elements. In LLaMA 3.2-Vision
and in Qwen 2.5-VL, the words “image” and “depicts” fre-
quently appear at the beginning of captions—i.e. “The im-
age depicts . . . ”— indicating that their occurrence is struc-
turally driven rather than visually informed. Similarly, in
LLaVA 1.5, the word ‘food” is usually generated in phrases
such as “a plate of food” or “a bowl of food”, indicating
that its generation is driven by captioning patterns rather
than by explicit visual identification. Overall, our findings
suggest that content words that convey spatial, temporal,
procedural, or contextual relationships are typically visu-
ally grounded words. In contrast, structural words such as
pronouns, articles, and prepositions, as well as terms com-
monly used in template-based expressions, exhibit minimal
visual dependence, indicating that they are primarily gen-
erated from linguistic priors rather than visual content. Vi-
sualizations of the information flows previously analyzed—
text-to-image, text-to-last, image-to-last, and last-to-last—
for both highly and minimally visually grounded words are
provided in the supplementary materials.

4.2. Ablation

Effectiveness of the Normalization. We demonstrate the
effectiveness of our formulation defined in Eq. (8) for long,
free-form answers by quantifying the information flows
with and without the normalization factor, i.e. the L-th root

operator. This analysis is conducted on LLaMA 3.2-Vision
across the TextVQA, COCO 2014, and ChartQA datasets,
with ChartQA evaluated under the two previously described
settings. Results are presented in Fig. 4. In TextVQA and
in the final answer generation setting of ChartQA—both
involving short answers—the previously observed patterns
remain evident even without normalization, as the informa-
tion flows are less affected by length-induced distortion. In
contrast, in image captioning and CoT reasoning, which re-
quire longer responses, the information flow patterns be-
come obscured without normalization as the unnormalized
sequence probabilities induce length distortion in the infor-
mation flows by diminishing exponentially with increasing
output length. These findings highlight that normalization
is particularly critical in long answers, as it enables fair
and interpretable comparisons of multimodal information
flows across tasks with varying output lengths, by prevent-
ing length-induced distortions.

5. Conclusion

We introduced FG-TRACER, a new framework that com-
bines attention masking with a novel stable quantification
of the information flow enabling the analysis of cross-
modal information flow in MLLMs in free-form genera-
tion tasks. Our experiments on TextVQA, COCO 2014, and
ChartQA reveal that multimodal fusion is both model- and
task-dependent, uncovering distinct reasoning patterns in
MLLMs. Our word-level analysis further indicates that pro-
cedural and relational terms are typically visually grounded
words, whereas structural words are usually linguistically
driven. Overall, FG-TRACER provides a robust approach
for investigating reasoning dynamics in MLLMs and con-
tributes to advancing multimodal interpretability.
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FG-TRACER: Tracing Information Flow in Multimodal Large Language
Models in Free-Form Generation - Supplementary Material

1. ChartQA: Word Information Flows

We analyze the information flows—last-to-last, image-to-
last, text-to-last, and image-to-text—related to the content
words (examine, look, arrange, subtract, final) and struc-
tural words (need, of, at, we, the) of ChartQA [1] dataset,
using LLaMA 3.2-Vision [4]. The results are presented
in Fig. 5. We observe that content words exhibit a strong
image-to-text information flow, with multimodal fusion oc-
curring primarily in the early to mid layers. These results
demonstrate the strong coupling between these words and
visual input. In contrast, for structural words, the image-
to-text flow is negligible, while the text-to-last flow remains
strong, indicating that their activation is driven more by lin-
guistic priors rather than visual context.

2. ChartQA: Responses with CoT Reasoning

Additionally, we provide four examples of question–answer
pairs from the ChartQA dataset, generated using chain-of-
thought (CoT) prompting with LLaMA3.2-Vision, to illus-
trate the structure of the model’s reasoning process and con-
textualize the content words (highlighted in bold).

Question 1: What’s the value of the largest yellow bar?
Response 1: To determine the value of the largest yellow
bar, we must examine the chart and locate the bar with the
highest percentage. The chart displays the share of repre-
sentatives among each group who have served 1-3 terms in
the House (114th Congress).
The yellow bars represent the percentage of representatives
in each group.
Key information from the chart: the largest yellow bar cor-
responds to “Freedom Republicans” with a value of 72.
FINAL ANSWER: 72.

Question 2: What is the number of deaths per 100,000 in
2002 in Colombia?
Response 2: To find the number of deaths per 100,000 in
2002 in Colombia, we can look at the bar graph provided.
The x-axis lists the countries, and the y-axis represents the
number of deaths per 100,000 persons.
Looking at the bar for Colombia, we can see that it is the
second bar from the left.
The y-axis starts at 0 and increases in increments of 50%,

with labels at 50, 100, 150, 200, and 250.
Given the scale, the bar for Colombia appears to be slightly
below the 175 mark. Therefore, based on the bar graph,
the number of deaths per 100,000 in 2002 in Colombia is
approximately 175.
FINAL ANSWER: 175.

Question 3: Is the median value of the light green bars
greater than 45?
Response 3: To determine the median value of the light
green bars, we need to identify the values represented by
these bars in the chart. The light green bars correspond
to the percentage of people who trust information from the
Chinese government regarding the coronavirus outbreak.
To find the median, we arrange these values in ascending
order: 13%, 40%, 51%. Since there are an odd number of
values (three), the middle value is the median. In this case,
the median value is 40%.
Comparing this median value to 45%, we can see that the
median value of the light green bars (40%) is less than 45%.
FINAL ANSWER: No.

Question 4: What is the difference in the value of High
blood sugar and High blood pressure?
Response 4: To determine the difference between High
blood sugar and High Blood pressure, we subtract the
value of High Blood pressure from the value of High blood
sugar. Values:
High blood sugar: 879
High Blood pressure: 676
Calculation: Difference = High blood sugar - High Blood
pressure = 879 - 676 = 203
FINAL ANSWER: 203.

3. COCO 2014: Word Information Flows
We also analyze the information flows—last-to-last, image-
to-last, text-to-last, and image-to-text—associated with the
content words (showcasing, setting, features, situated, fea-
turing) and the structural words (image, of, depicts, to, a)
of COCO 2014 [6] dataset (Tab. 1 of the main paper), using
LLaMA 3.2-Vision. The results are presented in Fig. 6. For
the content words, a consistent image-to-text information
flow is observed across all terms, suggesting a close asso-
ciation between these words and visual input. Conversely,
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Figure 5. Information flow patterns—last-to-last, image-to-last, text-to-last, and image-to-text—for LLaMA 3.2-Vision on the ChartQA
dataset, analyzed for content and structural words. Dotted blue lines indicate cross-attention layers.

100

80

60

40

20

0

Pr
ob

ab
ilit

y 
Ch

an
ge

 (%
) showcasing

Co
nt

en
t W

or
ds

setting features situated featuring

0 10 20 30 40
Layer

100

80

60

40

20

0

Pr
ob

ab
ilit

y 
Ch

an
ge

 (%
) image

St
ru

ct
ur

al
 W

or
ds

0 10 20 30 40
Layer

of

0 10 20 30 40
Layer

depicts

0 10 20 30 40
Layer

to

0 10 20 30 40
Layer

a

Last  Last Image  Last Text  Last Image  Text CA Layers

Figure 6. Information flow patterns—last-to-last, image-to-last, text-to-last, and image-to-text—for LLaMA 3.2-Vision on the COCO 2014
dataset, analyzed for content and structural words. Dotted blue lines indicate cross-attention layers.

structural words exhibit negligible image-to-text informa-
tion flow, but show a strong text-to-last information flow,
indicating that their activation is largely influenced by lin-
guistic structure rather than visual cues.

4. COCO 2014: Image Captions
Furthermore, we present four representative COCO cap-
tions processed by LLaMA 3.2-Vision to illustrate the con-
textual usage of the content words (highlighted in bold) re-
ported in Tab. 1 of the main paper.

Caption 1. This image is a close-up photograph of a toucan
in a cage, showcasing its vibrant colors and unique beak.

Caption 2. The image features a plate of food, a bottle of
wine, and a plant on a table in an outdoor setting.

Caption 3. The image depicts a traffic light with a green
smiley face on it, situated in a suburban area.

Caption 4. The image depicts a fire hydrant spraying wa-
ter into the air on a city street, with a brick building in the
background featuring graffiti and a sign indicating a park-
ing restriction.

Caption 5. The image depicts a Starbucks coffee cup, a
muffin, and a banana on a table, showcasing a casual break-
fast or snack setting.
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Figure 7. Relative changes in prediction probabilities for LLaMA 3.2-Vision on the TextVQA dataset across different window sizes.
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Figure 8. Relative changes in prediction probabilities for LLaMA 3.2-Vision on the COCO 2014 dataset across different window sizes.

5. Information Flows for Different Window
Sizes

In the experiments reported in the main paper, we em-
ployed a window size of k = 9. To evaluate the effect
of window size on model behavior, we analyze the relative
change in answer probabilities in LLaMA 3.2-Vision on the
TextVQA [2] and COCO 2014 [6] datasets across a range
of window sizes: k = 3, 5, 7, 9, 11, 15. The results are pre-
sented in Fig. 7 and Fig. 8. Overall, the patterns of the
information flows—last-to-last, image-to-last, text-to-last,
and image-to-text—remain consistent across different val-
ues of k in both datasets, with multimodal integration occur-
ring primarily in the early to mid layers. However, the mag-

nitude of change in output probability increases with larger
window sizes. This trend is expected, as more restrictive at-
tention windows reduce the number of accessible attention
edges, thereby limiting the model’s capacity to contextual-
ize the input effectively. Notably, with small k (e.g., 3 or
5), masking applies only to a few layers, and we mainly ob-
serve local information flow patterns, which limits our abil-
ity to study broader multimodal dynamics. Instead, with
large k (e.g., 11, 15), masking spans many layers, overly
suppressing cross-modal interactions. The choice of using
k=9 provides a balanced setting: it is large enough to reveal
meaningful effects beyond local patterns, yet not so large
that it disrupts information flow excessively.
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Figure 9. Relative changes in prediction probabilities for LLaVA 1.5, LLaMA 3.2-Vision, and Qwen 2.5-VL on the TextVQA dataset using
only correct or wrong samples.

6. Information Flows for Wrong Samples

In the main paper, we reported results based exclusively on
correctly answered samples for each model and dataset, in
order to minimize potential noise introduced by incorrect
predictions. To examine whether errors might reveal dis-
tinct patterns of multimodal fusion, we conducted an addi-
tional analysis on the subset of incorrect samples from the
TextVQA dataset—i.e., cases where the models produced
wrong predictions—on LLaVA 1.5 [5], LLaMA 3.2-Vision,
and Qwen 2.5-VL [3]. The experimental methodology was
identical to that employed in the main study on correct
samples. Specifically, we computed the same information
flows—last-to-last, image-to-last, text-to-last, and image-
to-text—thereby enabling a direct comparison between cor-
rect and incorrect subsets. The corresponding results are
shown in Fig. 9. Notably, across all three MLLMs, the
results obtained for incorrect predictions remain consistent
with those observed for the correct subset: the same pat-
terns of information flow emerge. These findings indicate
that the underlying reasoning dynamics are a general prop-
erty of model behavior, and that failures are not attributable
to disruptions or breakdowns in multimodal fusion. These
results highlight the robustness of information flow patterns

across both successful and unsuccessful predictions.
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