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Abstract

A signature of human cognitive control is conflict adaptation: improved perfor-
mance on a high-conflict trial following another high-conflict trial. This phe-
nomenon offers an account for how cognitive control, a scarce resource, is re-
cruited. Using a sequential Stroop task, we find that 12 of 13 vision-language
models (VLMs) tested exhibit behavior consistent with conflict adaptation; the
sole exception is the highest-performing model, possibly due to a ceiling effect.
To understand the representational basis of this behavior, we use sparse autoen-
coders (SAEs) to identify task-relevant “supernodes” in InternVL 3.5 4B. Early-
and late-layer supernodes emerge for both text and color with partial overlap, and
their relative sizes mirror the automaticity asymmetry between reading and color
naming in humans. We further isolate a supernode in layers 24-25 whose activation
is conflict-dependent and causally necessary for conflict resolution, as evidenced
by 3-8 fold Stroop error increases upon ablation.
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Figure 1: Sequential Stroop task design. Left: a congruent trial followed by an incongruent trial.
Right: an incongruent trial followed by another incongruent trial.

1 Introduction

Inhibitory control—the ability to suppress inappropriate responses in favor of goal-appropriate
ones—is fundamental to human cognition. The Stroop task, where participants must name the color
of text while ignoring the word itself, remains the gold standard for studying cognitive control and
interference resolution [[11]. Recent work has begun investigating how VLMs handle conflicting
information from different modalities: Luo et al. [9]] provided the first systematic investigation of
cognitive control in VLMs using adapted Stroop and flanker tasks, demonstrating robust congruency
effects across a large number of models, while Hua et al. [8]] and Ortu et al. [10] examined cross-modal
conflicts in VLMs, identifying attention mechanisms that mediate visual-textual information conflicts.
A key phenomenon in human cognitive control is conflict adaptation: improved performance on
incongruent trials when they follow other incongruent trials. This effect reflects the brain’s ability
to monitor conflict and adaptively recruit control mechanisms [2} |5]. While conflict monitoring
and inhibitory control have been extensively studied in human psychology and neuroscience, their
emergence in artificial systems remains poorly understood.
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2 Experiments

We implemented a sequential Stroop task where models are presented with images containing two
color words in colored fonts. Words appear either left-right or top-down. Each word’s font color
may match (congruent) or mismatch (incongruent) its meaning (Figure T). Models are prompted to
name the ink colors in exactly two words. Our color set includes red, blue, green, yellow, pink, and
brown, extending beyond the traditional red-blue-green Stroop paradigm. Models received explicit
task instructions designed to minimize ambiguity: “You are a participant in a cognitive task. You
will see an image with two words positioned from {left to right/top to bottom). Your task is to name
the color of the ink each word is printed in. Do not read what the words say. Only report the actual
ink colors. Answer in exactly two words: first the {left/top} ink color, then the {right/bottom} ink
color” We tested 13 leading open-source VLMs from Gemma [[12]], InternVL [13]], Molmo [3]], and
Qwen [1]] families.

2.1 Behavioral Results
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Figure 2: Average log probabilities assigned to correct second color tokens across conditions for
left-right word arrangement. 11 of 12 models show higher values for II compared to CI. Numbers in
orange indicate condition accuracies.

To assess conflict adaptation, we compare the average performance on an incongruent trial following
an incongruent (IT) versus congruent trial (CI). Figures 2] and [§] show results across all models for
left-right and top-down arrangements, respectively. 12 of 13 models demonstrate behavior consistent
with conflict adaptation: log probabilities for correct tokens are higher on II trials compared to CI
trials. The sole exception is Qwen2.5 VL 72B Instruct, which shows the opposite pattern. Given that
this model and Qwen2.5 VL 32B Instruct, a model half its size from the same family, both achieve
1.0 accuracy across all conditions, we suspect that the task has become trivially easy especially for
the 72B model, creating a ceiling effect where there is no graded difficulty for adaptive mechanisms
to respond to.

2.2 Task-Relevant Features



To understand how VLMs implement conflict processing, we analyze internul3_5-ab-pretrained
InternVL 3.5 4B (pretrained) (Figure [3), whose language model com- -
ponent is Qwen 3 4B [[14]. We used a transcoder [6] trained on Qwen
3 4B to extract sparse feature representations across all layers. While
applying a transcoder trained on the base language model to a vision-
language model with modified weights introduces potential concerns, our
causal ablation experiments demonstrate that extracted features remain or osr 1o 1oo
functionally meaningful and interpretable. : PRSI ———

To isolate features of interest, we construct “summary tensors” by av- Figure 3
eraging sparse activations across specific trial subsets, then computing

differences. We apply coactivation-based grouping [4] to these summary tensors. The method
constructs inter-layer feature networks based on temporal coactivation across tokens, then identifies
connected components, which we term “supernodes”. We validate supernode importance through
causal ablation: setting supernode features to zero during forward passes and measuring output
distribution changes.

2.2.1 Color and Text Features

For text versus color features, we construct summary tensors as follows.

Color red: average activations where color; = red, text; # red, colors # RED, texty # RED minus
average where color; # red, text; # RED, colory # red, texty # RED.

Text RED: average activations where color; # red, text; = red, colors # RED, texto # RED minus
average where color; # red, text; # RED, colory # red, text; # RED.

Figure 4: Color red supernodes.

Figures[4]and[5|show the identified supernodes for the color “red” and text “RED”, respectively. Both
text and color form two supernodes each: one in early layers and one in later layers. Text supernodes
span layers 3-15 and layers 19-33. Color supernodes span layers 8-11 and layers 19-33.

The relative sizes of these supernodes show an interesting pattern. Within early layers, the text
supernode contains more features than the color supernode. Within late layers, the color supernode
contains more features than the text supernode. The text and color supernodes show partial overlap in
both early and late layers, suggesting shared semantic representations. However, substantial unique
features exist for each modality. This pattern holds across all tested colors.



Figure 5: Text RED supernodes.

This difference is consistent with the automaticity asymmetry in humans, where reading is more
automatic than color naming even in the absence of interference.

2.2.2 Conflict-Modulated Features
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Figure 6: Activation patterns of select features from the conflict-sensitive supernode. From top to
bottom: layer 24 feature 112079, layer 25 feature 7352, layer 25 feature 14505. From left to right:
CI condition, II condition, difference between II and CI conditions. Histograms show activation
distributions across all token positions, truncated at +80 for visualization.
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Figure 7: Output distributions before and after ablating features from the conflict-sensitive supernode.
From left to right: CI condition, II condition, CC condition, IC condition.

To identify conflict-modulated features, we computed the difference between average II activations
and average CI activations. This revealed a supernode in layers 24-25 showing elevated activation
on incongruent trials (Figure [6). Unlike the color and text features, which are sparse and have



interpretable descriptions (top activating texts largely mention the corresponding colors), the conflict-
modulated features are dense and lack clear interpretable descriptions.

Ablating this supernode increases Stroop errors substantially: 3.38-fold on CI trials (17.5% to 59.2%)
and 8.33-fold on II trials (2.5% to 20.8%), with minimal effect on congruent trials (Figure[7). Notably,
post-ablation, the model frequently outputs “ink”, a failure mode entirely absent pre-ablation.

3 Limitations

Task comprehension can be a significant confound in the cognitive evaluations of language models [7]].
Even though we provide thorough instructions and all models demonstrate baseline accuracy, we
cannot rule out that conflict helps models understand what task to perform and what appears as
conflict adaptation may in part reflect conflict clarifying task requirements.
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A Top-Down Results
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Figure 8: Average log probabilities assigned to correct second color tokens across conditions for
top-down word arrangement. 11 of 12 models show higher values for II compared to CI. Numbers in
orange indicate condition accuracies.
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