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Abstract
Large vision-language models (LVLMs)
demonstrate strong performance on diagram
understanding benchmarks, yet they still
struggle to understand relationships between
elements, particularly those represented by
directed edges between nodes. To investigate
the causes of this limitation, we probe the
internal representations of LVLMs using a
synthetic diagram dataset based on directed
graphs. Our linear probing experiments reveal
that signals about nodes and edges are linearly
decodable from the hidden states of LVLMs,
even for aspects that LVLMs struggle with in
VQA, such as edge direction and connectivity
between nodes. These results reveal a gap
between internal signals and model outputs.
We further perform causal interventions on
the model’s hidden states, showing that, for
some aspects, the signals identified through
probing causally contribute to the model’s
final predictions. These findings also hold on
flowcharts, not only on synthetic diagrams.

1 Introduction

Diagrams convey complex information through vi-
sual layouts that people can grasp quickly, making
them an important communication medium across
various domains, including academic research (Hsu
et al., 2021; Kohn and Aladjem, 2006) and busi-
ness (Jošt et al., 2017; Kernbach and Eppler, 2010).
Accordingly, various systems for diagram under-
standing have been studied (Kembhavi et al., 2016;
Li et al., 2025).

Large vision-language models (LVLMs) (Bai
et al., 2025a,b; Liu et al., 2024; Team, 2025) have
shown strong performance on diagram understand-
ing benchmarks (Zhang et al., 2025; Lu et al.,
2024). However, prior studies report that LVLMs
still struggle to understand certain visual elements
in diagrams, such as relational information indi-
cated by arrows and lines (Hou et al., 2025; Zhu
et al., 2025; Pan et al., 2024). To better understand

A à B or B à A?

Language Model
Layer

Vision Encoder
Layer

Projector

an image patch
a text token

B
A

E

V
P

B A

A à B
Linearly decodable?

Edge directionLinear
Classifier

Node color

Node count
⋮

In the language model

Edge direction

Node color

Node count

Linear
Classifier

⋮

In the vision encoder

Figure 1: Overview of this study. We analyze the in-
ternal representations of LVLMs using linear probing
and causal interventions on a synthetic diagram dataset.
Even for aspects that LVLMs fail to answer in the VQA
setting, the corresponding signals remain linearly decod-
able from their hidden states, revealing a gap between
internal signals and model outputs.

the causes of these limitations, it is important to
examine how LVLMs internally represent diagram
information, yet how they represent basic visual
elements such as nodes, edges, and global structure
remains underexplored.

To fill this gap, we comprehensively investigate
how diagram-specific visual elements are internally
distinguished in LVLMs. We focus on whether in-
formation about nodes, edges, and global structure
is represented internally in the vision encoder and
the language model. In contrast to prior analyses
that focus on natural images (Gandelsman et al.,
2024; Tao et al., 2024), we target diagrams, which
rely on symbolic representations to illustrate struc-
tured relationships. To enable controlled analysis,
we construct a synthetic diagram dataset. We ap-
ply probing (Alain and Bengio, 2017) to examine
the linear decodability of node, edge, and global
information, and causal interventions (Zhang and
Nanda, 2024) to assess whether the detected signals
contribute to model predictions.

Our contributions are threefold. First, we intro-
duce a synthetic diagram dataset with controllable
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Category Aspect a Label set Y

Single

Node Color
{red, green, yellow, blue,
brown, orange, pink, purple}

Node Shape
{circle, square, pentagon,
hexagon, septagon}

In-deg. {0, 1, 2, 3, 4}
Out-deg. {0, 1, 2, 3, 4}

Multiple

Edge Color
{red, green, yellow, blue,
brown, orange, pink, purple}

Edge Style {solid, dashed}
Edge Exist. {exist, not exist}
Edge Direct. {forward, backward}
Multi-hop Path {exist, not exist}

Global Node Count {1, 2, 3, 4, 5}
Edge Count {1, 2, 3, 4, 5}

Table 1: The 3 categories, 11 aspects, and their corre-
sponding label sets Y .

visual elements, enabling systematic analysis while
reducing the influence of domain-specific knowl-
edge. Second, our probing analysis shows that
signals about nodes and edges are linearly decod-
able from the hidden states of either the vision
encoder or the language model. Importantly, these
signals remain linearly decodable even for aspects
that the model struggles with in VQA, revealing
a gap between internal signals and model outputs.
This suggests that the difficulty may lie not in the
absence of relevant signals, but in the model’s abil-
ity to use them. Third, our causal interventions
show that, for several aspects, the signals identified
through probing causally contribute to the model’s
predictions. We further confirm that these find-
ings hold on flowcharts, indicating that they are not
specific to our synthetic diagrams. These findings
provide insight into how diagram information is
represented and used within LVLMs.

2 Task and Model Setup

As a testbed for our analysis, we evaluate the VQA
task on synthetically created simple diagram im-
ages (graphs). This VQA task can be solved as
a classification task. As shown in Figure 1, the
LVLM takes as input a synthetically created simple
diagram image x and a question q, and outputs the
answer y ∈ Y (where Y is the set of answer labels)
to the question as text.

In our experiments, we primarily focus on
Qwen3-VL-8B-Instruct (Bai et al., 2025a) as the
main target of analysis. In addition, we conduct
the same experiments on Qwen2.5-VL 7B (Bai
et al., 2025b), LLaVA1.5 7B (Liu et al., 2024), and
Gemma3-4B-IT (Team, 2025). These results are
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Two variants for Node A Color

Figure 2: Examples of synthetic diagrams. Each di-
agram contains five nodes, and we control evaluation
aspects such as node color, shape, and edge connectivity.
We provide two variants: Drand, which uses random
node layouts (left part), and Dfix, which uses fixed lay-
outs (right part).

reported in Appendix D and E.

3 Dataset Construction

To investigate how LVLMs perceive basic visual
elements in diagrams, we construct a synthetic
dataset of directed-graph diagrams. The diagrams
consist of nodes and edges and serve as a simpli-
fied approximation of real-world diagrams, retain-
ing only their core visual elements. This setup
allows precise control over evaluation factors such
as node color and edge direction. Moreover, syn-
thetic data helps reduce biases and shortcuts in-
herited from natural-image and natural-language
datasets (Kafle and Kanan, 2017; Gururangan et al.,
2018; Dancette et al., 2021; Healey et al., 2024),
enabling fine-grained analysis and evaluation.

3.1 Diagram Specification
Following prior work on diagram understand-
ing (Zhu et al., 2025; Sartori et al., 2025), each dia-
gram satisfies the following properties: (1) Nodes
and edges are colored using one of eight colors:
red, green, yellow, blue, brown, orange, pink, or
purple. (2) Each diagram contains 5 nodes. (3)
Node shapes are one of circle, square, pentagon,
hexagon, or septagon. (4) Each node is labeled
with a single alphabetic character as an identifier.
(5) Edge styles are either solid or dashed. Further
details are provided in Appendix B.1.

3.2 Evaluation Aspects
We define 11 aspects as basic visual information in
diagrams, as shown in Table 1. These aspects are
based on visual information emphasized in prior
works (Silva et al., 2011; Pan et al., 2024; Sterzik
et al., 2024; Tseng et al., 2025; Hou et al., 2025;
Zhu et al., 2025).
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Diagram understanding fundamentally requires
composing multiple visual components, primarily
through binding visual features with objects and
aggregating information across components. These
operations apply at different spatial scopes, based
on which we classify the 11 aspects into the follow-
ing three categories:

• Single: Visual information localized around a
single node.

• Multiple: Combinations of multiple localized
pieces of visual information. Since edges are
defined between two nodes, their recognition
requires a multi-step process: first identifying
the endpoint nodes, then recognizing the edge
attributes between them.

• Global: Visual information that cannot be
determined without considering all nodes and
edges in the diagram.

In analyzing each aspect, we focus on attributes of
the node with identifier A (node A) and the edge
connecting nodes A and B (edge AB) as representa-
tives1. For example, in the Node Color aspect, we
evaluate whether the color of node A is represented
(i.e., linearly decodable) in the model. The Node
Count aspect is an exception: multiple nodes share
the identifier A and the task is to count them, since
the total number of nodes is fixed at five.

3.3 Dataset Definition
For each aspect a, we define a dataset D to verify
whether it can be recognized as follows:

D = {(xi, yi)}Ni=1. (1)

Here, xi is the i-th diagram image and yi is its label.
Specifically, this is a dataset containing labels yi
for each aspect as shown in Table 1.

In this study, we train probes to analyze the in-
ternal representations of an LVLM. To train and
evaluate these probes, for each aspect, we construct
two variants with different node layouts:

• Drand: For each diagram in the dataset, the
node layout is determined independently at
random.

• Dfix: For all diagrams in the dataset, nodes
with each identifier are placed at the same
spatial position.

1The choice of identifiers is arbitrary, and the same analysis
can be applied to others such as node C.

Figure 2 shows examples of each variant. For each
aspect, both Drand and Dfix consist of 100 data
points per classification class.

Training dataset for probing. We construct the
diagram dataset with random node layouts, Dtrain,
as the base for the probe training dataset. In pilot
experiments, we observed that the probe achieved
near-perfect accuracy on certain patches by exploit-
ing shortcuts, such as predicting based on colors
present in the input patch without identifying the
target node or edge (see Appendix D.1 for details).
To prevent this, we prepare an additional dataset
D⊥

rand, which consists of diagrams in which the tar-
get node or edge does not exist, with the gold label
y = ⊥ (e.g., the question asks about node A, but
node A does not exist in the image). This forces the
probe to verify target existence before predicting
its attributes, which resolved the shortcut issue in
our experiments. D⊥

rand contains the same number
of samples as Drand. Using D⊥

rand, we define the
probe training dataset as Dtrain = Drand ∪ D⊥

rand.

Evaluation dataset for probing. We prepare the
evaluation dataset by constructing M variants of
Dfix. Formally, denoting the j-th evaluation subset
as Dj

fix, the entire evaluation dataset is expressed as
Dtest = {D0

fix,D1
fix, · · · ,DM−1

fix }. The fixed node
layout, which is not seen during probe training, al-
lows us to analyze the model’s internal representa-
tions in a controlled manner, and evaluating across
M variants ensures that the observed behaviors are
not artifacts of a specific spatial configuration.

4 Preliminary Experiment: VQA

As a preliminary experiment, we evaluate the VQA
performance of LVLMs on synthetic diagrams to
confirm above-chance-level performance. Specifi-
cally, we assess whether the models can correctly
predict the gold label y given a diagram x and
question q in a simple VQA setting. The ques-
tion q includes the label set Y as answer choices.
For example, for the Node Color aspect, the ques-
tion is “What color is node A?” with choices
Y = {red, green, . . .}. The same input format is
used in the probing and causal intervention experi-
ments. The full list of questions for each aspect is
provided in Table 6.

4.1 Evaluation Metric

We define the final score as the mean accuracy
across all evaluation data subsets. Formally, it is
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Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Chance level 12.5 20.0 20.0 20.0 12.5 50.0 50.0 50.0 50.0 20.0 20.0
Qwen3-VL 8B 95.5 78.4 53.7 40.6 80.6 85.7 81.2 53.9 55.9 78.7 83.8

Table 2: AccVQA for Qwen3-VL 8B. Accuracy exceeded chance level for all aspects, but Edge Direction and
Multi-hop Path remained near chance, while other aspects achieved substantially higher accuracy.

defined as:

AccVQA(q,Dtest)= mean
dfix∈Dtest

accVQA(q, dfix). (2)

Here, accVQA is the accuracy of the LVLM on the
VQA task for dataset dfix ∈ Dtest, and means∈S(·)
denotes the element-wise arithmetic mean of the
values associated with each s ∈ S. We judge a
prediction as correct if the LVLM’s output text
contains the label y as a substring.

4.2 Experimental Results

Table 2 summarizes the AccVQA of Qwen3-VL 8B.
The model achieved high accuracy on aspects such
as Node Color and Edge Style, while accuracy on
Edge Direction and Multi-hop Path remained
near chance level. This suggests that Qwen3-VL
recognizes basic visual attributes but struggles with
relational properties that require identifying edge
directions or tracing multi-step paths. See Ap-
pendix A for additional discussion.

5 Probing

We investigate whether visual information in di-
agrams is linearly encoded within LVLMs. To
this end, we perform linear probing on the hid-
den states of each layer and patch in both the vi-
sion encoder and the language model, and examine
whether there are hidden states from which such
signals can be captured. Linear probing is an effec-
tive method for identifying which parts of a model
contain signals corresponding to specific informa-
tion (Alain and Bengio, 2017).

5.1 Probe Definition

Let hl,t denote the hidden state at layer l and po-
sition t of the vision encoder or language model
given diagram x and question q. The probe f that
predicts the VQA task answer or ⊥ from the hidden
state is defined as a single-layer linear classifier:

ŷ = f(hl,t) = argmax
Y∪{⊥}

Whl,t + b, (3)
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Figure 3: MaxAccl per layer in the vision encoder of
Qwen3-VL 8B. The x-axis shows relative layer posi-
tion (0 is the input layer, 1 is the final layer), and the
y-axis shows accuracy. The black dash-dot line in each
panel indicates the threshold τ . Accuracy for Single-
and Global-category aspects rose with depth, whereas
Multiple-category aspects stayed near the threshold
throughout.

where ŷ ∈ Y ∪ {⊥} denotes the predicted answer
label, W ∈ R(|Y|+1)×|hl,t| is the weight matrix
and b ∈ R(|Y|+1) is the bias term.

We train probes for three components using the
training dataset Dtrain described in § 3.3: (i) the
vision encoder and (ii) the image-input part of the
language model, for which we train a per-layer
probe fl from image-patch hidden states hl,t at all
patch positions t; and (iii) the text-input part of
the language model, for which we train a separate
probe fl,t for each layer l and each token position
t in question q. Training details, including hyper-
parameters and how we address shortcut learning
of probes, are provided in Appendix D.

5.2 Evaluation Metric
Let accl,t(dfix) denote the accuracy of probe f (the
match rate between ŷ and y) when using the hidden
state at layer l and position t on evaluation data
subset dfix ∈ Dtest. The final evaluation score is
the mean accuracy across all subsets:

Accl,t(Dtest) = mean
dfix∈Dtest

accl,t(dfix). (4)

To obtain a per-layer score of how linearly encoded
the target information is, we define the maximum
probing accuracy MaxAccl at layer l:

MaxAccl(Dtest)= mean
dfix∈Dtest

(max
t

accl,t(dfix)). (5)
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Figure 4: Position-wise accuracy in the vision encoder of Qwen3-VL 8B. Each heatmap shows accuracy by patch
position for a specific layer and aspect. The evaluation diagrams use the node layout shown in the right part of
Figure 2. Single-category aspects localized near node positions (bottom-right), Global-category aspects spread
across background patches, and Multiple-category aspects showed few high-accuracy patches.
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Figure 5: MaxAccl per layer in the image-input part of
the language model in Qwen3-VL 8B. The x-axis shows
relative layer position (0 is the input layer, 1 is the
final layer), and the y-axis shows accuracy. The black
dash-dot line in each panel indicates the threshold τ .
Compared with the final vision encoder layer, accuracy
showed little change overall.

That is, MaxAccl takes the maximum over posi-
tions and averages across subsets. We introduce
a threshold τ = 1/|Y| (chance-level accuracy ex-
cluding ⊥), and consider probing successful when
Accl,t > τ .

5.3 Experimental Results

Signals for Single (node) and Global (counting)
aspects become linearly decodable in the vision
encoder. Figure 3 reports MaxAccl at each layer
of the vision encoder. For aspects in the Single and
Global categories, accuracy increased with depth,
suggesting that the linear decodability of signals for
these aspects increases in deeper layers. In contrast,
accuracies for aspects in the Multiple category re-
mained lower than those for the other categories
even in the final layers, suggesting that signals for
these aspects are more difficult to decode linearly
from individual hidden states of the vision encoder.

Signals for Single (node) aspects are local-
ized near node positions, while those for
Global (counting) aspects are broadly dis-
tributed across patch positions. Figure 4 visual-
izes accl,t(dfix) as heatmaps across vision encoder
layers and patch positions. We use the subset dfix
as the examples shown in the right part of Fig-
ure 2 (i.e., diagrams sharing the same node layout).
For aspects in the Single category, high-accuracy
patches were concentrated around the target node
A in the bottom-right region. For aspects in the
Global category, accuracy exceeded the threshold
at almost all positions in later layers, suggesting
that signals for these aspects are broadly distributed
across patch positions, including background re-
gions. This high accuracy on background patches
suggests that hidden states corresponding to back-
ground positions may serve as storage or aggre-
gation points for global information. Prior work
on register tokens (Darcet et al., 2024) in Vision
Transformers (Dosovitskiy et al., 2021) reports that
global information is concentrated in a small sub-
set (around 2%) of background tokens. In contrast,
our results suggest that signals for aspects in the
Global category are distributed across nearly all
background patches in our diagram setting.

Signals remain linearly decodable in the image-
input part of the language model. Figure 5
shows MaxAccl across language model layers.
MaxAccl at layer 0 was nearly identical to that
at the final vision encoder layer, suggesting that
linearly decodable signals are largely preserved
through the adapter. MaxAccl then changed only
slightly across language model layers for all as-
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Figure 6: accl,t(dfix) in the language model of Qwen3-VL 8B for a representative subset dfix. The node layout of
the evaluation diagrams is the same as that of the diagrams in the right part of Figure 2. The spatial distribution of
high-accuracy patches remained largely unchanged across language model layers.
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Figure 7: Probing results for text tokens in Qwen3-VL 8B. The x- and y-axes indicate token position in the question
and model layer, respectively. Accuracy increased sharply at tokens specifying the target node or edge.

pects, indicating that these signals remain linearly
decodable throughout image-input processing. The
position-wise analysis (Figure 6) also showed lit-
tle change across layers in the number or spatial
distribution of high-accuracy positions.

Aspect-specific signals become linearly decod-
able through text conditioning. Figure 7 shows
accl,t across layers and token positions in the text-
input part of the language model. Results for as-
pects other than Node Color, Edge Direction,
Multi-hop Path, and Node Count are provided
in Appendix D.3. For most aspects, accuracy
increased sharply at tokens specifying the target
nodes or edges. This suggests that the language
model selectively aggregates information from
image-position hidden states into text-position hid-
den states according to the target specified by the
text. In contrast, aspects in the Global category
showed relatively high accuracy from the first text
token, suggesting that signals for these aspects are
already linearly decodable before explicit target
specification. For Multi-hop Path, although ac-
curacy was relatively low compared with other as-
pects, it slightly exceeded the threshold across a
wide range of layers in the text-input part, suggest-
ing that signals for this aspect are linearly decod-
able, albeit weakly.

In summary, these results show that signals re-
lated to node and edge information are linearly
decodable from hidden states in either the vision
encoder or the language model. The layers and
positions at which these signals are most linearly
decodable vary across aspects. In particular, for
Edge Direction and Multi-hop Path, the corre-
sponding signals remain linearly decodable despite
low VQA accuracy, revealing a gap between inter-
nal signals and model outputs.

6 Causal Intervention

In § 5, we found that signals for various diagram
aspects are linearly decodable from the hidden
states of the vision encoder and the language model.
However, it remains unclear whether these signals
causally contribute to the model’s predictions. To
test this, we selectively corrupt hidden states with
high probing accuracy in both the vision encoder
and the language model. We then measure the re-
sulting change in VQA performance.

6.1 Method

As shown in Figure 8, our procedure is to: (1)
identify the target layers and positions, (2) replace
the selected hidden states with an uninformative
hidden state averaged over the evaluation dataset,

61165



What color is
node A?

Red

Vision Encoder

Layer 𝑖

Projector

<latexit sha1_base64="OnbMkXTscNnvXhdqlLKR3ADWp8M=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBhZREpLqSohuXFewDmhAm02k7dPJg5kYoIeDGX3HjQhG3/oQ7/8ZJm4W2HrhwOOde7r3HjwVXYFnfRmlpeWV1rbxe2djc2t4xd/faKkokZS0aiUh2faKY4CFrAQfBurFkJPAF6/jjm9zvPDCpeBTewyRmbkCGIR9wSkBLnnngBARGMkgJpZmXilMMGb7CDpDEM6tWzZoCLxK7IFVUoOmZX04/oknAQqCCKNWzrRjclEjgVLCs4iSKxYSOyZD1NA1JwJSbTn/I8LFW+ngQSV0h4Kn6eyIlgVKTwNed+cVq3svF/7xeAoNLN+VhnAAL6WzRIBEYIpwHgvtcMgpiogmhkutbMR0RSSjo2Co6BHv+5UXSPqvZ9Vr97rzauC7iKKNDdIROkI0uUAPdoiZqIYoe0TN6RW/Gk/FivBsfs9aSUczsoz8wPn8AcR+XZQ==</latexit>

accl,t > ω
<latexit sha1_base64="pHLQ26WsMOuAFrik9JtzygXva/0=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgQkoiUl0W3bisYB/QhDCZTtqhk4czN0IJWbnxV9y4UMSt3+DOv3HSdqGtBy4czrmXe+/xE8EVWNa3UVpaXlldK69XNja3tnfM3b22ilNJWYvGIpZdnygmeMRawEGwbiIZCX3BOv7ouvA7D0wqHkd3ME6YG5JBxANOCWjJMw+dkMBQhhmhNPcycYohx45g99gBknpm1apZE+BFYs9IFc3Q9Mwvpx/TNGQRUEGU6tlWAm5GJHAqWF5xUsUSQkdkwHqaRiRkys0mb+T4WCt9HMRSVwR4ov6eyEio1Dj0dWdxtJr3CvE/r5dCcOlmPEpSYBGdLgpSgSHGRSa4zyWjIMaaECq5vhXTIZGEgk6uokOw519eJO2zml2v1W/Pq42rWRxldICO0Amy0QVqoBvURC1E0SN6Rq/ozXgyXox342PaWjJmM/voD4zPHxaXmOM=</latexit>

accl,t → ω

What color is
node A?

Blue

Vision Encoder

Layer 𝑖

Projector

mean vector
(over entire dataset)

Language Model Language Model

B
A

P

B
A

P

Figure 8: Overview of the causal intervention. Hidden
states at patch positions whose probing accuracy ex-
ceeds the threshold are replaced with the uninformative
hidden state computed over all images and positions in
the evaluation dataset.

and (3) compare VQA accuracy (§ 4.1) between
interventions on high-probing-accuracy positions
and random positions.

Target layers. We apply interventions at early,
middle, and late layers of both the vision encoder
(layers 1, 14, and 27) and the language model (lay-
ers 0, 18, and 35)2.

Target positions. We intervene at positions
where the probing accuracy exceeds the threshold τ .
We replace all such target positions simultaneously
in a single intervention. For dataset dfix ∈ Dtest

and layer l, the set of target positions for interven-
tion is defined as:

S l
dfix

= {t ∈ {1, . . . , T} | accl,t(dfix) > τ}, (6)

where T is the total number of positions.

Intervention operation. Following prior
work (Neo et al., 2025), we use the dataset-mean
hidden state as an uninformative reference. For
each dfix ∈ Dtest, we compute µl,dfix at layer l as:

µl,dfix = mean
xi∈dfix, t∈{1,...,T}

hi,l,t. (7)

By averaging over all images and positions, the
mean hidden state retains the general activation
statistics of the layer but removes information spe-
cific to any particular image or position. For each
input xi, we replace the hidden states at interven-
tion target positions t ∈ S l

dfix
with this vector:

h̃i,l,t =

{
µl,dfix (t ∈ S l

dfix
),

hi,l,t (t ̸∈ S l
dfix

)
. (8)

We compute AccVQA under this intervention set-
ting. We refer to this setting as accuracy-based.

2We exclude vision encoder layer 0, which contains only
patch embeddings, and language model layer 36, whose hid-
den states, except at the final position, do not affect the output.

Control experiment. To verify that the inter-
vention effect truly comes from targeting high-
probing-accuracy positions, we conduct a control
experiment that intervenes at randomly selected
positions instead. Specifically, we sample a set
Rl

dfix
⊂ {1, . . . , T} with |Rl

dfix
| = |S l

dfix
| and per-

form replacement as:

h̃i,l,t =

{
µl,dfix (t ∈ Rl

dfix
),

hi,l,t (t ̸∈ Rl
dfix

)
. (9)

We compute AccVQA under this intervention set-
ting. We refer to this setting as controlled.

Evaluation criteria. We compute the accuracy
difference as accuracy-based − controlled. Be-
cause both settings use the same mean-vector re-
placement procedure, taking the difference controls
for generic effects of replacement, allowing us to
assess the contribution of signals at the targeted po-
sitions. Therefore, a negative difference indicates
that these signals causally contribute to the model’s
predictions.

6.2 Results

Table 3 reports the accuracy difference between
the accuracy-based and controlled settings at each
layer of Qwen3-VL 8B. For the Single category
and the Edge Color, Edge Style, and Node
Count aspects, we observed a relatively large drop
in accuracy compared with the controlled setting.
This indicates that, for these aspects, the hidden
states of both the vision encoder and the language
model contain representations that contribute to
the model’s predictions. For Edge Direction and
Multi-hop Path, the model’s VQA accuracy was
already close to chance level (§ 4.2), and thus, little
change is expected regardless of the intervention.
Exceptionally, for Edge Count, probing accuracy
exceeded τ at all positions in most layers, so all
patches are replaced with µl,dfix in both settings,
making the two conditions equivalent (±0.0); thus,
we cannot determine its causal contribution under
our intervention design.

7 Generalization to Flowcharts

To examine whether our findings generalize be-
yond synthetic graphs, we conduct VQA, probing,
and causal intervention experiments with Qwen3-
VL 8B on flowcharts. We construct a dataset for
each aspect in § 3.2 by editing and extending Mer-
maid code sampled from FlowVQA (Singh et al.,
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Layer Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Vision
encoder

1 −6.0 ±0.0 ±0.0 ±0.0 ±0.0 −1.1 ±0.0 ±0.0 ±0.0 −5.5 −6.0
14 −77.4 −46.7 −24.0 −3.6 −4.8 −0.8 −0.8 +0.2 −0.8 −24.4 ±0.0
27 −78.2 −55.7 −17.5 −11.1 −32.9 −8.3 +0.1 −0.6 +0.6 −5.8 ±0.0

Language
model

0 −74.5 −52.0 −19.7 −8.5 −28.8 −9.1 −2.5 −0.5 −0.3 −3.7 ±0.0
18 −16.5 −10.4 −3.9 +0.1 −30.7 −4.5 −0.5 +1.8 −1.8 −0.8 ±0.0
35 −0.1 +0.0 ±0.0 +0.1 +0.0 ±0.0 ±0.0 −0.2 +0.1 +0.1 ±0.0

Table 3: Accuracy difference between the accuracy-based and controlled settings (accuracy-based − controlled).
More negative values (bold) indicate a larger accuracy decrease under the accuracy-based intervention than under
the controlled intervention. For Edge Count, probing accuracy exceeded τ at all positions in most layers, making
the accuracy-based and controlled settings equivalent (±0.0), precluding causal assessment for this aspect.

2024). We exclude Node Shape because vary-
ing node shapes changes the image size, prevent-
ing consistent patch-wise evaluation across images.
Unlike the synthetic graphs, these flowcharts con-
tain characteristics commonly found in real-world
flowcharts, such as textual labels and conventional
layouts. We follow the experimental setup used
for the synthetic graphs, with modifications where
necessary for the flowchart setting. Detailed setup
and results are provided in Appendix F.

VQA trends are largely consistent with those
observed on synthetic graphs. Table 4 reports
VQA accuracy for all aspects. Accuracy on
Out-degree, Edge Existence, Edge Direction,
and Multi-hop Path remained near chance level,
while accuracy on the other six aspects was
clearly above chance level. This is largely con-
sistent with the results on synthetic graphs, except
that Out-degree and Edge Existence exceeded
chance level there.

Signals for all aspects are linearly decodable
within the model. Figures 9 and 10 show
MaxAccl per layer in the vision encoder and the
language model, respectively. Signals for all as-
pects, including aspects in the Multiple category
that the model struggles with in VQA, were linearly
decodable from these hidden states. Consistent
with the results on synthetic graphs, this reveals
a similar gap between internal signals and model
outputs on flowcharts.

Signals identified through probing causally con-
tribute to the model’s predictions on flowcharts.
Table 5 reports the difference in VQA accuracy
between the accuracy-based and controlled set-
tings. For the six aspects with above-chance VQA
accuracy, intervening on patches with high prob-
ing accuracy decreased VQA accuracy for at least
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Figure 9: MaxAccl per layer in the vision encoder of
Qwen3-VL 8B on flowcharts. Axes and the threshold
line follow Figure 3. All aspects exceeded the threshold,
including Multiple-category aspects.

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.125

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.250

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.500

Node Color
In-degree
Out-degree
Edge Color

Edge Style
Edge Existence
Edge Direction

Multi-hop Path
Node Count
Edge Count

Figure 10: MaxAccl per layer in the image-input part
of the language model in Qwen3-VL 8B on flowcharts.
Axes and the threshold line follow Figure 3. All aspects
maintained accuracy above the threshold.

one layer. This indicates that the signals identified
through probing causally contribute to the model’s
predictions on flowcharts, showing that our finding
is not limited to synthetic graphs. For the remaining
aspects, VQA accuracy was already close to chance
level, leaving little room for further decreases.

8 Related Work

Diagram understanding. Prior work on dia-
gram understanding has addressed tasks such as
VQA (Lu et al., 2024; Wang et al., 2024) and
image captioning (Hsu et al., 2021; Huang et al.,
2023). While classical approaches relied on rule-
based methods such as pattern matching and prede-
fined schemas (Blostein, 1996; Song et al., 2017),
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Node
Color

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Chance level 12.5 25.0 25.0 12.5 50.0 50.0 50.0 50.0 25.0 25.0
Qwen3-VL 8B 95.3 46.8 25.0 78.6 98.5 53.0 50.0 50.0 45.8 45.5

Table 4: AccVQA for Qwen3-VL 8B on flowcharts.

Layer Node
Color

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Vision
encoder

1 +0.6 ±0.0 ±0.0 −7.4 −23.5 −5.0 −0.5 ±0.0 −3.0 −19.2
14 −76.8 −0.5 ±0.0 −69.5 +5.0 −4.5 ±0.0 ±0.0 −32.5 +1.3
27 −75.4 −0.8 ±0.0 −58.6 −1.0 ±0.0 ±0.0 −1.5 −23.3 −1.5

Language
model

0 −44.0 −17.0 ±0.0 +2.4 −47.5 −17.5 ±0.0 ±0.0 −15.5 −2.5
18 −29.8 −14.8 ±0.0 −26.9 −37.0 +11.5 ±0.0 +0.5 −7.3 −2.5
35 −0.1 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 +0.3 +0.3

Table 5: Causal intervention results on flowcharts, where more negative values indicate a larger decrease in VQA
accuracy relative to the controlled setting.

LVLM-based approaches have recently become
prevalent. Understanding diagrams requires rec-
ognizing visual elements such as symbols and
shapes, as well as capturing their relationships.
Studies (Pan et al., 2024; Zhu et al., 2025; Hou
et al., 2025) show that LVLMs adequately recog-
nize individual elements but struggle to capture
their relationships. However, the underlying cause
of this limitation remains underexplored. Our work
investigates this limitation from the perspective of
internal representations by analyzing how LVLMs
represent diagram elements and their relationships.

Internal analysis of LVLMs. Prior work has ex-
amined the internal representations of LVLMs to
understand how they process visual information.
Gandelsman et al. (2024) analyzed how natural im-
ages are represented within CLIP (Radford et al.,
2021), whose vision encoder is widely used in
LVLMs. They found that multiple attention heads
capture specific properties such as color, shape, and
number, and that visual information is localized to
patches corresponding to specific image regions.
Tao et al. (2024) examined how global and local in-
formation from natural images is represented in the
language model of LVLMs. They found that mid-
dle layers encode global information, while later
layers encode local information. In contrast, we an-
alyze internal representations for diagrams, where
information is conveyed symbolically through text
and shapes and structurally through relationships
such as edge connectivity.

Gap between internal signals and outputs.
Prior work has shown a gap between information

detectable within LVLMs and their outputs. Pro-
jecting internal representations of LVLMs into the
language model’s vocabulary space reveals that ob-
jects present in the image receive higher confidence
than hallucinated ones, even when the model’s
outputs contain hallucinations (Jiang et al., 2025).
Similarly, another study found that linear probes on
hidden states substantially outperform generation-
based predictions of object presence, with this gap
primarily originating from the language model’s
output head (Li et al., 2026). Both studies focus
on object presence in natural images. We show
that a similar gap arises for relational aspects of
diagrams, such as edge direction and the existence
of multi-hop paths.

9 Conclusion

We constructed a synthetic diagram dataset and
applied probing and causal interventions to inves-
tigate how LVLMs represent visual information
in diagrams. Our probing analysis shows that sig-
nals about nodes and edges are linearly decodable
from the hidden states of either the vision encoder
or the language model. Notably, these signals re-
main linearly decodable even for aspects that the
model struggles with in VQA, revealing a gap be-
tween internal signals and model outputs. Causal
interventions further show that, for several aspects,
the signals identified through probing causally con-
tribute to the model’s predictions. These findings
also hold on flowcharts, indicating that they are not
specific to our synthetic diagrams. These findings
provide insight into how LVLMs represent and use
diagram information.
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Limitations

Coverage of real-world diagrams. We use syn-
thetic diagrams to minimize the influence of dataset
biases and shortcut learning that can arise from
natural-language and natural-image data. Although
using a synthetic dataset enables well-controlled
and fine-grained analysis, our setup does not nec-
essarily capture all complex situations found in
real-world diagrams. To partly address this, we
additionally evaluate on flowcharts derived from
FlowVQA (Singh et al., 2024) (§ 7), which con-
tain features characteristic of real-world flowcharts,
such as textual labels and conventional layouts.
This evaluation is nevertheless limited in two re-
spects. First, the flowcharts are still produced by
controlled editing and augmentation of node and
edge attributes, and are therefore not fully natural.
Second, flowcharts are only one of many diagram
formats, and diagrams in other domains may rely
on different visual conventions. We therefore do
not claim that our findings extend to real-world
diagrams in general, and evaluating a wider range
of diagram formats remains future work.

In addition, we focus on basic visual information,
such as node color and shape, and edge direction.
Although complex information may be represented
by combining these cues, how the model repre-
sents composite visual patterns and higher-order
structures remains unexamined.

Probing methods. Probing has been widely used
to analyze internal representations in language
models (Conneau et al., 2018; Tenney et al., 2019;
Campbell et al., 2023; Li et al., 2023), but its va-
lidity as an interpretability method has also been
questioned (Liu et al., 2023; Burns et al., 2023).
Our analysis relies on linear probes and therefore
measures only linear decodability. A lack of linear
decodability does not imply that the corresponding
signal is absent; it may be encoded nonlinearly or
distributed across multiple positions. Future work
could examine these possibilities using a broader
range of probing methods (Gurnee et al., 2023;
Bricken et al., 2023).

Ethics Statement

We do not anticipate any significant ethical con-
cerns because (i) we conducted no human-subject
experiments, and (ii) our tasks involve only sim-
ple, synthetically generated diagrams and do not
address ethically sensitive topics.
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A Details of VQA Experiment

Evaluation setup. Table 6 shows the questions
used to evaluate each aspect in our experiments.

Additional discussion. Table 2 shows that ac-
curacy varies substantially within the Multiple
category: Edge Color, Edge Style, and Edge
Existence are answered with high accuracy,
whereas Edge Direction and Multi-hop Path
remain near chance. This trend suggests a grada-
tion in the degree and type of integration required.
Edge Color and Edge Style can be determined
by inspecting any local part of the edge, and Edge
Existence can often be determined by detecting
whether a visible connection between the queried
nodes is present. In contrast, Edge Direction re-
quires identifying the two queried endpoint nodes
and then locating and interpreting the arrowhead
between them. Multi-hop Path further requires
composing directional relations across multiple
edges. These latter aspects impose stronger de-
mands on compositional integration, which may
contribute to the observed accuracy gap.

B Dataset

B.1 Detailed Dataset Specification
We select node and edge colors from the 11 Basic
Color Terms of Berlin and Kay (1999), excluding
white, black, and gray, which leaves eight colors.
For node shapes, we use simple geometric figures
without strong semantic associations, including cir-
cles and regular polygons. We exclude equilateral
triangles because they resemble arrowheads and
may therefore blur the distinction between nodes
and edges. For Multi-hop Path, we exclude direct
edges between nodes A and B and place exactly
one intermediate node between them, so a positive
label always corresponds to a two-edge path.

C Preliminary Experiment: VQA

Table 7 reports the VQA accuracy of all mod-
els evaluated in this study. Across all models,
Node Color achieved relatively high accuracy,
while In-degree and Out-degree were consis-
tently lower than the other aspects in the Single
category, approaching chance level for LLaVA1.5
7B. Within the Multiple category, Edge Color and
Edge Existence were answered above chance by
most models, whereas Edge Direction stayed
near chance for all models and Multi-hop Path
for most models. These trends are consistent with

the results for Qwen3-VL reported in § 4.2 and sug-
gest that recognizing edge directions and multi-step
relational structure is difficult across models.

D Probing

D.1 Shortcut Learning of Probes

In the probing experiments, we observed shortcuts
across all aspects where the probe predicted an-
swers based solely on superficial features of the
input patches. These shortcuts resulted in 100% ac-
curacy on patches in certain regions. For example,
for Node Color, the probe achieved 100% accuracy
on patches containing colored nodes by predicting
the local patch color without determining whether
the patch corresponds to node A. Beyond Node
Color, we also confirmed shortcuts that exploited
information such as patch shape and position.

These shortcuts do not solve the intended prob-
ing task. To correctly classify Node Color, the
probe must first identify node A and then predict
its color. However, shortcut-based predictions skip
the identification of node A. These shortcuts arise
because superficial patch features are correlated
with the target labels under the training distribu-
tion.

To address this problem, as described in § 3.3,
we add diagrams without node A as dummy data
to the training dataset. This approach ensures that
when the input does not contain the information
necessary for prediction, the probe outputs the
dummy class (N/A), thereby avoiding falsely high
accuracy through shortcuts.

D.2 Probe Training Hyperparameters

We used linear classifiers for probe training, train-
ing separately for each aspect. The hyperparame-
ters differed only in batch size between image-part
probing and text-part probing. Table 8 shows the
hyperparameters used for each type of probing.

For hyperparameter search, we used Optuna (Ak-
iba et al., 2019) with TPESampler to perform three
hyperparameter search trials. The search targets
were batch size and learning rate, where batch
size was selected categorically from the candidates
shown in Table 8, and learning rate was searched
on a log scale ranging from 0.0001 to 0.01. For the
evaluation metric, we split 10% of the training data
as validation data and used accuracy on the vali-
dation data. We did not use early stopping during
training; instead, we evaluated performance on the
validation data at each epoch and saved the model
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Aspect Question

Node Color What color is node A?
Node Shape What shape is node A?
In-degree What is the in-degree of node A?
Out-degree What is the out-degree of node A?

Edge Color What color is the edge between node A and node B?
Edge Style What style is the edge between node A and node B?
Edge Existence Does an edge exist between node A and node B?
Edge Direction What is the direction of the edge between node A and node B?
Multi-hop Path Is there a path from node A to node B?

Node Count How many nodes labeled A are in the graph?
Edge Count How many edges are in the graph?

Table 6: Questions used to evaluate each aspect.

Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Chance level 12.5 20.0 20.0 20.0 12.5 50.0 50.0 50.0 50.0 20.0 20.0
Qwen3-VL 8B 95.5 78.4 53.7 40.6 80.6 85.7 81.2 53.9 55.9 78.7 83.8
Qwen2.5-VL 7B 86.6 72.6 40.4 33.8 61.0 73.3 65.5 49.7 53.3 93.8 38.7
LLaVA1.5 7B 40.1 31.3 22.1 24.9 33.2 47.3 54.4 50.0 50.0 20.0 26.1
Gemma3-4B-IT 68.7 51.8 33.9 35.9 53.2 67.0 61.8 49.5 50.0 30.9 20.1

Table 7: VQA accuracy of all models evaluated in this study. Across all models, Edge Direction remained near
chance and Multi-hop Path was difficult for most models, consistent with the pattern observed for Qwen3-VL in
Table 2.

Parameter Image Part Text Part

Epochs 1000 1000
Batch size* {1000, 2000, 4000, 8000, 16000} {10, 20, 40, 80, 160}
Learning rate* [0.0001, 0.01] (log scale) [0.0001, 0.01] (log scale)
Optimizer AdamW AdamW

betas [0.9, 0.999] [0.9, 0.999]
eps 1e-8 1e-8
weight decay 0.01 0.01

Table 8: Hyperparameters used for probe training. Batch size and learning rate were subject to hyperparameter
search using Optuna. Optimizer parameters use PyTorch’s AdamW default values. *Subject to hyperparameter
search

that achieved the highest accuracy.

D.3 Additional Results

In this section, we present additional probing anal-
yses beyond the Qwen3-VL 8B results reported in
the main text. These include detailed results for
Qwen3-VL 8B, robustness checks with different
node layouts, larger visual elements, and 7-node
graphs, as well as results for additional models
(Qwen2.5-VL 7B, LLaVA1.5 7B, Gemma3-4B-
IT).

Qwen3-VL 8B (detailed probing results). Fig-
ures 11 and 12 present image probing results with
two additional intermediate layers that were omit-
ted in Figures 4 and 6. As described in § 5.3,
Single category information is encoded near node

positions, while Global category information is
distributed across background regions. Figure 13
presents text probing results for aspects omitted
from Figure 7. As described in § 5.3, accuracy
sharply increased at token positions that specify
the target nodes or edges.

Qwen3-VL 8B (different node layouts). Fig-
ures 15 and 16 show results with different node
layouts (see Figure 14). Whereas the evaluation di-
agrams in the main text place the target node (node
A) at the bottom right, here node A is placed on
the left side. The distribution of patches with high
accuracy for node information changed according
to the position of node A. This positional shift indi-
cates that the decoded signals track the location of
the target node rather than a fixed image region.

61174



Single Multiple Global
La

ye
r 2

7
Node
Color

Node
Shape In-degree Out-degree Edge

Color
Edge
Style

Edge
Existence

Edge
Direction

Multi-hop
Path

Node
Count

Edge
Count

La
ye

r 2
1

La
ye

r 1
4

La
ye

r 7
La

ye
r 1

0.0

1.0

Figure 11: Accuracy for each hidden state in the vision encoder of Qwen3-VL 8B. Each heatmap shows the accuracy
of individual hidden states for a specific layer and aspect. Spatial patterns were consistent with Figure 4.
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Figure 12: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model. Each
heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were
consistent with Figure 6.

Qwen3-VL 8B (larger nodes and edges). Fig-
ures 18 and 19 show probing results when the sizes
of nodes and edges are increased (see Figure 17 for
example diagrams). The results exhibit the same
trends as the default-size setting reported in § 5.3,
indicating that the observed patterns are robust to
this change in visual-element size.

Qwen3-VL 8B (7-node graphs). We report prob-
ing results on diagrams containing 7 nodes instead
of 5 (see Figure 20 for example diagrams). Fig-

ures 21 and 22 show the layer-wise results, Fig-
ures 23 and 24 show the patch-wise results, and
Figure 25 shows the text-token results. The overall
accuracy is slightly lower and fewer patches ex-
ceed the threshold than in the 5-node setting, possi-
bly reflecting the increased task difficulty from the
larger number of nodes. Nonetheless, the results
exhibit the same trends as the default 5-node set-
ting reported in § 5.3, indicating that the observed
encoding patterns are robust to moderate increases
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Figure 13: Probing results for text tokens in Qwen3-VL 8B. The x-axis shows token position in the question, and
the y-axis shows layer position. Trends were consistent with Figure 7.

Figure 14: Example diagrams with layouts distinct from
those in Figure 2.

in graph size.

Qwen2.5-VL 7B. Figures 26 and 27 show the
layer-wise probing results, and Figures 28 and 29
show the patch-wise results for Qwen2.5-VL 7B.
The overall trends are similar to Qwen3-VL, with
node information showing high accuracy while
edge relationships remained near chance level. In
the patch-wise analysis, patches corresponding to
node positions showed higher accuracy for aspects
in the Single category, while aspects in the Global
category showed high accuracy across a wide range
of positions, including background regions.

Figure 30 shows the probing results for text to-
kens. Similar to Qwen3-VL, we observed a trend
where accuracy sharply increased at token positions
that specify nodes or edges.

LLaVA1.5 7B. Figures 31 and 32 show the layer-
wise probing results, and Figures 33 and 34 show
the patch-wise results for LLaVA1.5 7B. The over-
all trends are similar to Qwen3-VL and Qwen2.5-
VL, but a distinctive difference was observed in
the patch-wise analysis. In LLaVA1.5, background
patches showed higher accuracy than patches corre-
sponding to node positions. The background of our

diagrams is uniformly white and carries almost no
information of its own. The corresponding hidden
states may therefore be available to store informa-
tion from other positions, as discussed for aspects
in the Global category in § 5.3. In LLaVA1.5 this
tendency extends to aspects in the Single category,
whose signals are localized near node positions in
the other models.

Figure 35 shows the probing results for text to-
kens. Similar to other models, we observed infor-
mation aggregation at token positions that specify
target nodes or edges.

Gemma3-4B-IT. Figures 36 and 37 show the
layer-wise probing results, and Figures 38 and 39
show the patch-wise results for Gemma3-4B-IT.
The overall trends are similar to Qwen3-VL and
Qwen2.5-VL, but accuracy was lower for some
node information and edge relationships compared
to other models.

Figure 40 shows the probing results for text to-
kens. As with the other models, we observe an
aggregation of information at the token positions
that specify the target nodes or edges; however, the
effect is weaker than in the other models.

E Additional Results for Causal
Intervention

In § 6, we reported the causal intervention results
as the accuracy difference between the accuracy-
based and controlled settings for Qwen3-VL 8B.
Here, we additionally report the absolute accura-
cies for the accuracy-based, controlled, and clean
settings, where clean denotes the accuracy obtained
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Figure 15: Accuracy for each hidden state in the vision encoder of Qwen3-VL 8B (node A placed on the left side).
Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect. High-accuracy patches
for Single-category aspects localized on the left side, following node A’s position.
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Figure 16: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model (node A
placed on the left side). Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect.
High-accuracy patches for Single-category aspects localized on the left side, following node A’s position.

Figure 17: Example diagrams with larger nodes and
edges compared to those in Figure 2.

without any intervention, and extend the analysis
to Qwen2.5-VL 7B, LLaVA1.5 7B, and Gemma3-
4B-IT.

Selective intervention for Edge Count. As de-
scribed in § 6, for Edge Count the probing accuracy
exceeds the threshold at all positions in most layers,
so the accuracy-based and controlled settings coin-
cide and the causal contribution cannot be assessed.
We therefore apply a selective intervention that
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Figure 18: Accuracy for each hidden state in the vision encoder of Qwen3-VL 8B (larger nodes and edges). Each
heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were
consistent with Figure 4.
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Figure 19: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model (larger
nodes and edges). Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect.
Spatial patterns were consistent with Figure 6.

Figure 20: Example diagrams with 7 nodes compared
to those in Figure 2.

targets only the top 50% of patches by probing ac-
curacy. Table 9 reports the results. Intervening on
patches with high probing accuracy lowered VQA
accuracy by 14.9 to 21.7 points compared with in-
tervening on the same number of randomly selected
patches. The only exception is the final layer of the
language model; this exception is consistent with
the late-layer trend observed for the other aspects
in the main text. These results confirm that, for
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Figure 21: MaxAccl per layer in the vision encoder of
Qwen3-VL 8B (7-node graphs). Axes and the threshold
line follow Figure 3. Trends were similar to the 5-node
setting (Figure 3), although the overall accuracy was
slightly lower.
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Figure 22: MaxAccl per layer in the language model of
Qwen3-VL 8B (7-node graphs). Axes and the threshold
line follow Figure 5. Trends were similar to the 5-node
setting (Figure 5), although the overall accuracy was
slightly lower.

Edge Count as well, the signals detected by prob-
ing causally contribute to the model’s predictions.

Qwen3-VL 8B. Figure 41 shows the clean,
accuracy-based, and controlled accuracy at each
intervention layer for Qwen3-VL 8B. The results
are discussed in detail in § 6.

Qwen2.5-VL 7B. Table 10 and Figure 42 report
the results for Qwen2.5-VL 7B. Similar to Qwen3-
VL, the intervention caused a large drop in accu-
racy for aspects such as Node Color, Node Shape,
Edge Color, and Node Count, indicating that the
signals detected by probing in both the vision en-
coder and the language model causally contribute
to the model’s predictions.

LLaVA1.5 7B. Table 11 and Figure 43 report the
results for LLaVA1.5 7B. Although LLaVA1.5 has
lower baseline VQA performance than the other
models, we still observed an accuracy drop after
the intervention for aspects such as Node Color,
Node Shape, and Edge Color.

Gemma3-4B-IT. Table 12 and Figure 44 report
the results for Gemma3-4B-IT. We observe a drop
in performance after the intervention for multiple
aspects, including Node Color, Node Shape, and

Edge Color, indicating that linearly decodable in-
formation in both the vision encoder and the lan-
guage model contributes to VQA inference.

Across all four models, replacing hidden states
at positions with high probing accuracy with the
dataset-wide mean reduced accuracy for Node
Color, Node Shape, and Edge Color in both the
vision encoder and the language model. Qwen3-
VL and Qwen2.5-VL additionally showed drops for
Node Count. These results indicate that the signals
identified by probing are not merely decodable but
contribute causally to VQA predictions. In contrast,
aspects that are poorly captured by linear probes,
such as Edge Direction, Edge Existence, and
Multi-hop Path, showed little to no change after
intervention. For these aspects, VQA accuracy is
already close to chance level, leaving little room
for further decreases, so the intervention is not in-
formative about their causal contribution.

F Experiments on Data Closer to
Real-World Diagrams

To examine whether the trends generalize beyond
synthetic graphs, we conduct VQA and probing
experiments on flowchart images derived from
FlowVQA (Singh et al., 2024), using Qwen3-VL
8B as the target model. Although the dataset re-
mains controlled because node and edge attributes
are edited and augmented, the flowcharts contain
features characteristic of real-world flowcharts,
such as text labels and canonical layouts.

F.1 Evaluation Aspects and Class
Configuration

We analyze 10 of the 11 aspects defined in § 3.2 of
the main text, excluding Node Shape (§ 7).

The class configuration for each aspect is shown
in Table 13. While the configuration largely
matches that of the synthetic data, it differs in the
following respects:

• In-degree / Out-degree: 5 classes (0–4) in
the synthetic setting → 4 classes (1–4) in the
flowchart setting. Except for the start and end
nodes, every node in a flowchart is connected
by at least one incoming and one outgoing
edge, so a degree of zero does not arise.

• Node Count: in the synthetic setting, every
diagram contains exactly five nodes, so this as-
pect asks how many nodes share the identifier
A (5 classes, 1–5). In the flowchart setting, the
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Figure 23: Accuracy for each hidden state in the vision encoder of Qwen3-VL 8B (7-node graphs). Each heatmap
shows the accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were consistent with
the 5-node setting (Figure 4), although fewer patches exceeded the threshold.
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Figure 24: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model (7-node
graphs). Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Spatial
patterns were consistent with the 5-node setting (Figure 6), although fewer patches exceeded the threshold.

number of nodes varies across flowcharts, so
it asks for the total number of nodes (4 classes,
7–10).

• Edge Count: 5 classes (1–5) in the synthetic
setting → 4 classes (7–10) in the flowchart
setting. We adjusted the range to preserve
the distribution of the original FlowVQA data
while matching the synthetic data in complex-
ity.

F.2 Dataset Construction

We construct the dataset in three steps: (1) sam-
pling base flowcharts from FlowVQA, (2) editing
and data augmentation, and (3) Mermaid rendering.

Step 1: Sampling base flowcharts. To keep the
graph complexity comparable to the synthetic set-
ting (§ 3), we restrict the source to FlowVQA sam-
ples with at most 10 nodes. From this pool, we
independently sample base flowcharts for each as-
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Figure 25: Probing results for text tokens in Qwen3-VL 8B (7-node graphs). The x-axis shows token position in the
question, and the y-axis shows layer position. Trends were consistent with the 5-node setting (Figure 7).

Component Layer Accuracy-based (%) Controlled (%) Diff.

Vision encoder
1 25.6 42.4 −16.8
14 51.6 66.5 −14.9
27 50.4 72.1 −21.7

Language model
0 30.7 51.8 −21.2
18 54.8 75.8 −20.9
35 83.9 83.8 +0.1

Table 9: VQA accuracy for Edge Count under the selective (top-50%) intervention on Qwen3-VL 8B, comparing
the accuracy-based setting (intervening on the highest-probing-accuracy patches) with the controlled setting
(intervening on the same number of randomly selected patches). Values are averaged over the evaluation seeds.

Layer Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Vision
encoder

1 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 −0.9
16 −48.8 −34.9 −7.1 −5.3 ±0.0 −0.1 ±0.0 ±0.0 +0.3 −29.6 ±0.0
32 −48.4 −38.0 −9.6 −7.2 −14.3 −1.3 −1.2 −0.1 +0.4 −3.2 ±0.0

Language
model

0 −60.0 −48.2 −13.2 −6.9 −25.9 −6.7 −2.3 +0.3 +1.1 −3.1 ±0.0
14 −44.8 −36.8 −9.5 −3.9 −27.4 −1.9 −1.3 +0.2 +1.4 −0.7 ±0.0
27 ±0.0 −0.1 ±0.0 +0.1 −0.2 −0.1 −0.2 +0.1 −0.3 −0.1 ±0.0

Table 10: Accuracy difference between accuracy-based and controlled settings (accuracy-based − controlled)
for Qwen2.5-VL 7B. More negative values (bold) indicate a larger accuracy decrease under the accuracy-based
intervention than under the controlled intervention.

pect.

For aspects that analyze a specific node or node
pair (the Single and Multiple categories), we sam-
ple 10 flowcharts for training and one for evalua-
tion, all sharing a common target node (or node
pair). Aspects in the Single category target the
node with the label “Return True”, while aspects
in the Multiple category target the node pair (“Re-
turn True”, “End”). We choose these as targets
because they are the labels that most frequently
appear across FlowVQA flowcharts, allowing us to

fix a consistent target across aspects while retaining
a sufficient number of candidate flowcharts.

In contrast, for aspects in the Global category
(Node Count, Edge Count), which analyze the di-
agram as a whole, the classification target is the
total number of nodes (or edges) in the flowchart.
We therefore sample 10 training and 1 evaluation
flowcharts for each class, where each class corre-
sponds to a specific node count (or edge count). For
example, for Node Count, we sample flowcharts
with 7, 8, 9, and 10 nodes for each respective class.
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Layer Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Vision
encoder

1 −2.4 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 +0.9
12 −15.1 −5.5 −1.4 −0.7 −0.2 −0.1 −0.2 ±0.0 ±0.0 ±0.0 ±0.0
23 −8.8 −1.6 ±0.0 −0.6 −4.2 +0.4 +0.4 ±0.0 ±0.0 ±0.0 ±0.0

Language
model

0 −12.8 −5.7 ±0.0 +0.1 −3.9 −0.5 +0.3 ±0.0 ±0.0 ±0.0 ±0.0
16 −7.9 −2.3 +0.0 +0.4 −3.6 −0.1 −0.8 ±0.0 ±0.0 ±0.0 ±0.0
31 −0.1 +0.1 −0.2 +0.4 +0.1 −0.3 ±0.0 ±0.0 ±0.0 ±0.0 +0.0

Table 11: Accuracy difference between accuracy-based and controlled settings (accuracy-based − controlled)
for LLaVA1.5 7B. More negative values (bold) indicate a larger accuracy decrease under the accuracy-based
intervention than under the controlled intervention.

Layer Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Vision
encoder

1 ±0.0 ±0.0 ±0.0 ±0.0 +0.1 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0
14 −39.6 −18.6 −4.3 −6.7 −3.1 −0.9 +0.2 +0.3 ±0.0 +0.3 −3.3
27 −30.2 −15.6 −1.8 −4.3 +0.5 ±0.8 −0.1 +0.1 ±0.0 −5.3 −0.1

Language
model

0 −34.9 −25.1 −1.0 −3.0 −28.8 −5.7 −2.3 +0.3 −0.8 +0.1 −0.9
17 −17.9 −3.9 −0.6 −0.3 −3.0 ±0.0 ±0.0 −0.1 ±0.0 ±0.0 ±0.0
33 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 ±0.0 +0.1 ±0.0 ±0.0 ±0.0 ±0.0

Table 12: Accuracy difference between accuracy-based and controlled settings (accuracy-based − controlled)
for Gemma3-4B-IT. More negative values (bold) indicate a larger accuracy decrease under the accuracy-based
intervention than under the controlled intervention.

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.125

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.200

0.0 0.5 1.0
Layer depth ratio

0.0

0.5

1.0

M
ax

Ac
c l

= 0.500

Node Color
Node Shape
In-degree
Out-degree

Edge Color
Edge Style
Edge Existence
Edge Direction

Multi-hop Path
Node Count
Edge Count

Figure 26: MaxAccl per layer in the vision encoder
of Qwen2.5-VL 7B. The x-axis shows relative layer
position (0 is the input layer, 1 is the final layer), and the
y-axis shows accuracy. The black dash-dot line in each
panel indicates the threshold τ . Trends were similar
to Qwen3-VL (Figure 3): Single- and Global-category
aspects rose with depth, while Multiple-category aspects
stayed near the threshold.

We restrict evaluation to a single base flowchart
(one per class for aspects in the Global category)
because computing patch-wise accuracy requires a
fixed node layout within each evaluation set. Using
flowcharts with random node layouts for training
and a fixed layout for evaluation also aligns with
the synthetic setting.

Step 2: Editing and data augmentation. For
each base flowchart, we generate samples for each
class by editing the attributes of the target node
(or pair), following the edit operations in Table 14.
Aspects in the Global category require no such edit
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Figure 27: MaxAccl per layer in the language model
of Qwen2.5-VL 7B. The x-axis shows relative layer
position (0 is the input layer, 1 is the final layer), and the
y-axis shows accuracy. The black dash-dot line in each
panel indicates the threshold τ . Trends were similar to
Qwen3-VL (Figure 5).

because their classes are determined at sampling
time. We then apply the following augmentations
to obtain 100 samples per class:

• Common: randomize the colors of non-target
nodes, edge colors, and edge styles.

• Training only: shuffle the labels of non-target
nodes and randomize their shapes.

We apply label shuffling and shape randomization
only to the training data to prevent the probe from
exploiting non-target node text labels or shapes as
shortcuts.

Step 3: Mermaid rendering. We render the
edited Mermaid code as PNG images using
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Figure 28: Accuracy for each hidden state in the vision encoder of Qwen2.5-VL 7B. Each heatmap shows the
accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were similar to Qwen3-VL
(Figure 4).
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Figure 29: Accuracy for each hidden state in the image-input part of the Qwen2.5-VL 7B language model. Each
heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were similar
to Qwen3-VL (Figure 6).

mermaid-cli and provide them directly to Qwen3-
VL without resizing or other preprocessing. Fig-
ure 45 shows examples of the rendered flowcharts.

F.3 Preliminary Experiment: VQA
We design our own multiple-choice questions for
this analysis rather than using those provided in
FlowVQA. The questions follow the same format
as in § 4 of the main text, explicitly specifying the
target node (or pair) for each aspect. The full list of

questions for each aspect is provided in Table 15.
As in the synthetic setting, we evaluate VQA using
accuracy.

F.4 Probing
Setup. We use the same single-layer linear clas-
sifier as in § 5 of the main text, training separate
probes on the hidden states of the vision encoder,
the image-input part of the language model, and the
text-input part of the language model. The probe
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Figure 30: Probing results for text tokens in Qwen2.5-VL 7B. The x-axis shows token position in the question, and
the y-axis shows layer position. Trends were similar to Qwen3-VL (Figure 7).
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Figure 31: MaxAccl per layer in the vision encoder of
LLaVA1.5 7B. The x-axis shows relative layer position
(0 is the input layer, 1 is the final layer), and the y-axis
shows accuracy. The black dash-dot line in each panel
indicates the threshold τ . Trends were similar to Qwen3-
VL (Figure 3).
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Figure 32: MaxAccl per layer in the language model of
LLaVA1.5 7B. The x-axis shows relative layer position
(0 is the input layer, 1 is the final layer), and the y-axis
shows accuracy. The black dash-dot line in each panel
indicates the threshold τ . Trends were similar to Qwen3-
VL (Figure 5).

architecture and training procedure are identical to
those used on the synthetic data. We modify two
hyperparameters of the vision encoder probe, as
listed in Table 16: we reduce the maximum num-
ber of epochs to 200, which we found sufficient for
convergence, and shift the batch-size search range
to larger values to accommodate the increased num-

Category Aspect a Label set Y

Single
Node Color

{red, green, yellow, blue,
brown, orange, pink, purple}

In-deg. {1, 2, 3, 4}
Out-deg. {1, 2, 3, 4}

Multiple

Edge Color
{red, green, yellow, blue,
brown, orange, pink, purple}

Edge Style {solid, dotted}
Edge Direct. {forward, backward}
Edge Exist. {exist, not exist}
Multi-hop Path {exist, not exist}

Global Node Count {7, 8, 9, 10}
Edge Count {7, 8, 9, 10}

Table 13: Class configuration of the 10 aspects analyzed
in the flowchart setting.

ber of patches caused by the higher input resolution.
As in the synthetic setting, we perform a layer-wise
analysis that tracks accuracy across layers and a
position-wise analysis that examines how accuracy
is distributed across patch positions (for the vision
encoder and the image-input part) or token posi-
tions (for the text-input part).

All aspects, including those in the Multiple cat-
egory, are linearly decodable in the vision en-
coder. Figure 46 shows MaxAccl at each layer
of the vision encoder, and Figure 47 shows the
patch-wise accuracy distribution. For all aspects,
accuracy exceeded the threshold within the vision
encoder, indicating that the information for every
aspect is linearly decodable from a single hidden
state already within the vision encoder. In the patch-
wise distribution, aspects in the Single category
showed high-accuracy patches concentrated around
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Figure 33: Accuracy for each hidden state in the vision encoder of LLaVA1.5 7B. Each heatmap shows the accuracy
of individual hidden states for a specific layer and aspect. Unlike Qwen3-VL (Figure 4), background patches showed
higher accuracy than patches corresponding to node positions.
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Figure 34: Accuracy for each hidden state in the image-input part of the LLaVA1.5 7B language model. Each
heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Unlike Qwen3-VL (Figure 6),
background patches showed higher accuracy than patches corresponding to node positions.

the target node, while aspects in the Global cate-
gory showed high accuracy across a broad range
of patches, including background patches. These
spatial patterns for the two categories are consis-
tent with the synthetic results (§ 5.3). In contrast,
aspects in the Multiple category showed a different
trend from the synthetic data: while most aspects in
the Multiple category did not exceed the threshold
within the vision encoder in the synthetic setting,

in this setting all aspects in the Multiple category
exceeded the threshold.

Linearly decodable signals are preserved in the
image-input part of the language model. Fig-
ure 48 shows MaxAccl across language model
layers, and Figure 49 shows the patch-wise accu-
racy distribution. All aspects maintained accuracy
above the threshold throughout the image-input
part, and the patch-wise distribution showed little
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Figure 35: Probing results for text tokens in LLaVA1.5 7B. The x-axis shows token position in the question, and the
y-axis shows layer position. Trends were broadly similar to Qwen3-VL (Figure 7), though less pronounced.

Aspect Edit operation

Node Color Randomly select the color of the target node from 8 colors.
In-deg. Add or delete in-edges to set the in-degree of the target node to one of 1–4.
Out-deg. Add or delete out-edges to set the out-degree of the target node to one of 1–4.
Edge Color Randomly select the color of the edge between the target pair from 8 colors.
Edge Style Change the edge between the target pair to solid or dotted.
Edge Direct. Reverse the direction of the edge between the target pair.
Edge Exist. Add or delete the edge between the target pair.
Multi-hop Path Edit intermediate edges to change the reachability between the target pair.
Node Count No edits (the class is determined at sampling time).
Edge Count No edits (the class is determined at sampling time).

Table 14: Edit operations for each aspect.

Aspect Question

Node Color What color is the ‘Return True’ node?
In-deg. What is the in-degree of the ‘Return True’ node?
Out-deg. What is the out-degree of the ‘Return True’ node?
Edge Color What color is the edge between the ‘Return True’ node and the ‘End’ node?
Edge Style What style is the edge between the ‘Return True’ node and the ‘End’ node?
Edge Direct. What is the direction of the edge between the ‘Return True’ node and the ‘End’ node?
Edge Exist. Does an edge exist between the ‘Return True’ node and the ‘End’ node?
Multi-hop Path Is there a path from the ‘Return True’ node to the ‘End’ node?
Node Count How many nodes are in the graph?
Edge Count How many edges are in the graph?

Table 15: Questions used to evaluate each aspect in the flowchart setting. “Answer with only one word from the
choices.” and “ (Choices: <comma-separated-choices>)” are appended to every question.

change from the vision encoder result. These re-
sults indicate that the linearly decodable signals
observed in the vision encoder were preserved
through the image-input part, consistent with the
synthetic results (§ 5.3).

Signals for Edge Direction and Edge
Existence are confined to intermediate
text-input layers. Figure 50 shows accl,t across
layers and token positions in the text-input part

of the language model. Similar to the synthetic
results (§ 5.3), accuracy was particularly high
at token positions that specify the target node
or pair. However, for Edge Direction and
Edge Existence, high accuracy appeared only in
intermediate layers and did not propagate to the
final layer. This suggests that, although signals
corresponding to these aspects exist within the
model, they are not propagated to the final layer;
this differs from the synthetic results, where these
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Figure 36: MaxAccl per layer in the vision encoder of
Gemma3-4B-IT. The x-axis shows relative layer posi-
tion (0 is the input layer, 1 is the final layer), and the
y-axis shows accuracy. The black dash-dot line in each
panel indicates the threshold τ . Trends were similar to
Qwen3-VL (Figure 3), though accuracy was lower for
some aspects.
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Figure 37: MaxAccl per layer in the language model
of Gemma3-4B-IT. The x-axis shows relative layer po-
sition (0 is the input layer, 1 is the final layer), and the
y-axis shows accuracy. The black dash-dot line in each
panel indicates the threshold τ . Trends were similar to
Qwen3-VL (Figure 5), though accuracy was lower for
some aspects.

Parameter Vision encoder probe

Epochs 200
Batch size* {4000, 8000, 16000, 32000, 64000}

Table 16: Hyperparameters of probe training in the
flowchart setting that differ from the synthetic setting
(Table 8). All other hyperparameters are identical to
those of the synthetic setting. *Subject to hyperparame-
ter search.

aspects maintained high accuracy through the final
layer.

Possible causes of the differences from the syn-
thetic results. The results in this setting differ
from those on the synthetic data in two respects:
(1) aspects in the Multiple category became linearly
decodable already within the vision encoder, and
(2) in the text-input part of the language model, the
signals for Edge Direction and Edge Existence
remained in intermediate layers and did not propa-
gate to the final layer. Several factors may explain
these differences, including the complexity of text
labels in FlowVQA flowcharts, the higher input im-

age resolution, and the diversity of node and edge
layouts.

G Analysis of LLaVA Training Data

Prior studies report that LVLMs struggle to under-
stand relational information indicated by arrows
and lines (Hou et al., 2025; Zhu et al., 2025; Pan
et al., 2024). Consistent with these findings, our
VQA experiments show that all models achieved
near-chance accuracy on Edge Direction (§ 4.2,
Appendix C). One possible explanation is that text
describing arrow directions is underrepresented in
the training data. To investigate this hypothesis,
we analyze the publicly available pre-training and
instruction tuning datasets of LLaVA1.5.

G.1 Setup

We quantify how many samples mention arrow
directions in the pre-training and instruction tun-
ing datasets of LLaVA1.5. First, we filter samples
whose text contains the substring “arrow.” We low-
ercase the text before matching. We then classify
whether each filtered sample describes an arrow
direction (e.g., pointing left or upward) using gpt-
oss-120b (OpenAI, 2025) as an LLM judge. Note
that we analyze only the text portion of each sam-
ple, without referring to the associated images.

G.2 Results

The substring “arrow” appears in 1,108 of
558,128 pre-training samples (0.20%) and in 4,408
of 665,298 instruction tuning samples (0.66%).
Among these, only 161 pre-training samples
(0.03% of all pre-training samples) and 646 in-
struction tuning samples (0.10%) were judged as
describing an arrow direction. These results sug-
gest that the scarcity of arrow direction descriptions
in the training data may be one factor contribut-
ing to the near-chance Edge Direction accuracy.
However, since our analysis targets only the text
portion and does not account for visual informa-
tion in the images, further investigation is needed
to draw stronger conclusions. Additionally, this
analysis covers only LLaVA1.5; whether similar
trends hold for the training datasets of other models
remains an open question.

H Fine-Tuned Model Analysis

To investigate whether training on diagram data
changes how LVLMs represent visual information,
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Figure 38: Accuracy for each hidden state in the vision encoder of Gemma3-4B-IT. Each heatmap shows the
accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were similar to Qwen3-VL
(Figure 4), though accuracy was lower for some aspects.
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Figure 39: Accuracy for each hidden state in the image-input part of the Gemma3-4B-IT language model. Each
heatmap shows the accuracy of individual hidden states for a specific layer and aspect. Spatial patterns were similar
to Qwen3-VL (Figure 6), though accuracy was lower for some aspects.

we fine-tune Qwen3-VL 8B on our synthetic dia-
gram dataset and analyze the resulting changes in
VQA accuracy and internal representations.

H.1 Training Setup
We fine-tune Qwen3-VL 8B using LoRA (Hu et al.,
2022) in two configurations: (1) updating only the
language model (FT w/L), and (2) updating both
the vision encoder and the language model (FT
w/VL). The input format follows the VQA setting

described in § 2: each training sample consists of
a diagram image and a question, and the model is
trained to output the corresponding label as text.

We combine Drand from all 11 aspects into a sin-
gle training set of 4,900 samples. These diagrams
are generated with a different random seed from
those used for probe training, so the fine-tuning
data and the probe training data do not overlap.
The LoRA and training hyperparameters are sum-
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Figure 40: Probing results for text tokens in Gemma3-4B-IT. The x-axis shows token position in the question, and
the y-axis shows layer position. Trends were broadly similar to Qwen3-VL (Figure 7), though less pronounced.
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Figure 41: Clean, accuracy-based, and controlled accuracy at each intervention layer for Qwen3-VL 8B. The
background colors of the plots indicate the results for the vision encoder and the language model , respectively.

marized in Table 17.

H.2 VQA Accuracy after Fine-Tuning
We evaluate the VQA accuracy of the fine-tuned
models using the same protocol as in § 4. Table 18
reports the results. Fine-tuning improved accuracy
on almost all aspects, with the exception of Node
Color and Node Count under FT w/VL.

In particular, accuracy improved on all aspects

even when only the language model was fine-tuned
without updating the vision encoder (FT w/L).
Since the vision encoder is frozen in this config-
uration, this suggests that the improvement does
not come from newly acquired signals in the vision
encoder, but rather that the language model became
able to use signals that were already present.

Comparing the two configurations, aspects in
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Figure 42: Clean, accuracy-based, and controlled accuracy at each intervention layer for Qwen2.5-VL 7B. The
background colors of the plots indicate the results for the vision encoder and the language model , respectively.

Parameter FT w/L FT w/VL

Epochs 10 10
Batch size 8 8
Learning rate 1e-4 1e-4
Optimizer AdamW AdamW

betas [0.9, 0.999] [0.9, 0.999]
eps 1e-8 1e-8
weight decay 0.01 0.01

LoRA rank 4 4
LoRA alpha 16 16
Target modules q_proj, v_proj qkv, q_proj, v_proj

Table 17: Hyperparameters for LoRA fine-tuning.

the Single and Global categories achieved higher
accuracy when only the language model was fine-
tuned (FT w/L), with the exception of Out-degree.
In contrast, aspects in the Multiple category con-
sistently achieved higher accuracy when both the
vision encoder and language model were fine-tuned
(FT w/VL). This suggests that updating the vision
encoder is beneficial mainly for aspects whose sig-
nals are not yet strongly present in the pre-trained
vision encoder, such as those in the Multiple cate-
gory.

H.3 Changes in Internal Representations
We apply the same probing analysis as in § 5 to
the fine-tuned models and compare the results with
those of the pre-trained model reported in § 5.3.
Since FT w/L does not update the vision encoder,
its vision encoder representations are identical to
those of the pre-trained model; we therefore omit
the corresponding figures and report only the lan-
guage model results for this configuration. In both
configurations, the layer-wise trends and the spa-
tial distribution of high-accuracy patches remained
largely unchanged compared with the pre-trained
model (Figures 51–58). This suggests that, despite
the improvement in VQA accuracy (Appendix H.2),
the linear decodability measured by our probes re-
mained largely unchanged after fine-tuning with
LoRA.

This gap between the improved VQA accuracy
and the unchanged linear decodability suggests that
much of the required signal was already present in
the pre-trained model. That is, fine-tuning may con-
tribute mainly by making signals that already exist
internally usable at inference time, since we would
expect a corresponding change in linear decodabil-
ity if the improvement came mainly from acquiring
new information. This suggests that training the
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Figure 43: Clean, accuracy-based, and controlled accuracy at each intervention layer for LLaVA1.5 7B. The
background colors of the plots indicate the results for the vision encoder and the language model , respectively.

Node
Color

Node
Shape

In-deg. Out-deg.
Edge
Color

Edge
Style

Edge
Exist.

Edge
Direct.

Multi-hop
Path

Node
Count

Edge
Count

Baseline 95.5 78.4 53.7 40.6 80.6 85.7 81.2 53.9 55.9 78.7 83.8
FT w/L 99.0 86.8 71.1 66.0 90.6 91.1 86.1 70.8 59.1 79.9 88.3
FT w/VL 93.5 85.0 63.8 68.3 91.6 91.5 87.8 72.7 68.0 77.3 87.8

Chance level 12.5 20.0 20.0 20.0 12.5 50.0 50.0 50.0 50.0 20.0 20.0

Table 18: VQA accuracy of Qwen3-VL 8B before and after fine-tuning. Baseline denotes the pre-trained model
without fine-tuning. FT w/L denotes fine-tuning only the language model, and FT w/VL denotes fine-tuning both
the vision encoder and the language model. FT w/L improved accuracy on all aspects, while FT w/VL slightly
decreased Node Color and Node Count. Single- and Global-category aspects benefited more from FT w/L, while
Multiple-category aspects benefited more from FT w/VL.

language model to better exploit signals that are
already present internally is a promising direction
for improving diagram understanding. It remains
possible, however, that probing simply fails to cap-
ture the changes. If LoRA updates primarily adjust
nonlinear transformations or later decoding stages
rather than the linear subspace, or if the low rank
(rank 4) is insufficient to alter the global structure
of the representation space, the representations may
change without this being visible to probing. Disen-
tangling these factors requires further investigation,
which we leave as future work.

I Computational Resources

We used NVIDIA RTX 6000 Ada, RTX PRO 6000
Blackwell Max-Q, and H100 GPUs in this study.

J Usage of AI Assistants

For writing this paper and developing the experi-
mental code, we used AI assistants (e.g., ChatGPT
and GitHub Copilot). Their use was limited to tasks
such as code completion, translation, text editing,
and table formatting, and all technical content is
based solely on the authors’ ideas.
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Figure 44: Clean, accuracy-based, and controlled accuracy at each intervention layer for Gemma3-4B-IT. The
background colors of the plots indicate the results for the vision encoder and the language model , respectively.

Figure 45: Examples of flowcharts used for evaluation.
The three samples share the same node layout, while
node colors, edge colors, and edge styles are random-
ized.
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Figure 46: MaxAccl per layer in the vision encoder of
Qwen3-VL 8B on flowcharts. The x-axis shows relative
layer position (0 is the input layer, 1 is the final layer),
and the y-axis shows accuracy. The black dash-dot line
in each panel indicates the threshold τ . All aspects
exceeded the threshold within the vision encoder, in-
cluding Multiple-category aspects whose accuracy did
not reach the threshold in the synthetic setting.
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Figure 47: accl,t(dfix) in the vision encoder of Qwen3-VL 8B on flowcharts, for a representative subset dfix. Each
heatmap shows accuracy by patch position for a specific layer and aspect. Single-category aspects localized near the
target node, Global-category aspects spread across background patches, and Multiple-category aspects also showed
high-accuracy patches, unlike in the synthetic setting.
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Figure 48: MaxAccl per layer in the image-input part
of the language model in Qwen3-VL 8B on flowcharts.
The x-axis shows relative layer position (0 is the input
layer, 1 is the final layer), and the y-axis shows accu-
racy. The black dash-dot line in each panel indicates the
threshold τ . All aspects maintained accuracy above the
threshold.
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Figure 49: accl,t(dfix) in the image-input part of the language model in Qwen3-VL 8B on flowcharts, for a
representative subset dfix. The spatial distribution of high-accuracy patches was largely unchanged from the vision
encoder result.
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Figure 50: Probing results for text tokens in Qwen3-VL 8B on flowcharts. The x-axis shows token position in the
question, and the y-axis shows layer position. For Edge Direction and Edge Existence, high accuracy appeared
only in intermediate layers and did not propagate to the final layer.
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Figure 51: MaxAccl per layer in the language model of
Qwen3-VL 8B (FT w/L). Axes and the threshold line
follow Figure 5. Trends were largely unchanged from
the pre-trained model (Figure 5).
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Figure 52: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model (FT w/L).
Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect.
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Figure 53: Probing results for text tokens in Qwen3-VL 8B (FT w/L). The x-axis shows token position in the
question, and the y-axis shows layer position.
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Figure 54: MaxAccl per layer in the vision encoder of
Qwen3-VL 8B (FT w/VL). Axes and the threshold line
follow Figure 3. Trends were largely unchanged from
the pre-trained model (Figure 3).
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Figure 55: MaxAccl per layer in the language model of
Qwen3-VL 8B (FT w/VL). Axes and the threshold line
follow Figure 5. Trends were largely unchanged from
the pre-trained model (Figure 5).
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Figure 56: Accuracy for each hidden state in the vision encoder of Qwen3-VL 8B (FT w/VL). Each heatmap shows
the accuracy of individual hidden states for a specific layer and aspect.
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Figure 57: Accuracy for each hidden state in the image-input part of the Qwen3-VL 8B language model (FT w/VL).
Each heatmap shows the accuracy of individual hidden states for a specific layer and aspect.
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Figure 58: Probing results for text tokens in Qwen3-VL 8B (FT w/VL). The x-axis shows token position in the
question, and the y-axis shows layer position.
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