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Abstract

Despite the remarkable success of Multimodal
Large Language Models (MLLMs) across di-
verse tasks, the internal mechanisms governing
how they encode and ground distinct visual
concepts remain poorly understood. To unravel
these mechanisms, we propose a causal frame-
work based on activation steering to actively
probe and manipulate internal visual represen-
tations. Through systematic intervention across
four visual concept categories, our results re-
veal a divergence in concept encoding: entity
knowledge is distinctively localized, whereas
abstract concepts are globally distributed across
the network. Critically, this divergence uncov-
ers a mechanistic driver of scaling laws: in-
creasing model depth is indispensable for en-
coding distributed and complex abstract con-
cepts, whereas entities maintain a consistently
high degree of localization. Furthermore, re-
verse steering uncovers that blocking explicit
output triggers a surge in latent activations, ex-
posing a compensatory mechanism between
perception and generation. Finally, by extend-
ing our analysis to visual reasoning, we expose
a disconnect between perception and reasoning:
although MLLMs successfully recognize geo-
metric relations, they treat them merely as static
visual features, failing to trigger the procedural
execution necessary for solving problems.

1 Introduction

Multimodal Large Language Models (MLLMs)
have demonstrated remarkable performance across
various tasks such as object recognition, image un-
derstanding, and multimodal reasoning (Wu et al.,
2023; Yin et al., 2024; Zhang et al., 2025). These
successes raise a fundamental question: How do
MLLMs encode different visual concepts? It
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Figure 1: Illustration of our causal framework. We inves-
tigate the encoding of visual information by extracting
concept vectors ∆ through contrastive activation anal-
ysis between paired images (with concept and without
concept). By injecting the vector ∆ into the model
during inference, we verify whether this intervention
causally induces the corresponding internal awareness,
thereby revealing the mechanism of visual representa-
tions of different concepts in MLLMs.

is difficult to ascertain the underlying mechanism
through common behavioral evaluation or corre-
lation analysis, as correct outputs often hide a re-
liance on shallow heuristics rather than internal
representations (Agrawal et al., 2018; McCoy et al.,
2019; Zhang et al., 2022).

To rigorously understand the model’s internal en-
coding mechanism, we address the challenge above
by shifting from passive observation to causal in-
tervention. We employ activation steering (Turner
et al., 2023; Zou et al., 2023) to directly manipulate
the model’s internal states during inference. By ex-
tracting representations of concepts and injecting
them into model’s residual streams, we can mea-
sure the causal influence of these manipulations on
the model’s behavior.

We first analyze the representational extent, spar-
sity, and distribution of different visual concepts in
different MLLMs. Then we use concept erasure to
test whether these vectors are causally necessary
for generation. Finally, we investigate the abstract
concepts underlying visual logical reasoning using
geometric auxiliary lines explore the representation
boundary of current MLLMs.
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Category Explanation Example

Entity Specific and discrete physical objects exist in the image. This is the most basic
unit of visual perception, which usually has a clear spatial boundary.

cat, apple

Visual Style Holistic and distributed visual attributes encompassing texture, tone, or artistic
genre. These features pervade the entire image representation.

cartoon, Picasso

Emotion Affective semantics derived from visual cues. This category requires the model to
bridge low-level perception with high-level sentiment analysis.

happiness, disgust

Abstract Concept High-level meanings lack direct counterparts. Recognizing these requires model
to perform complex inference, mapping visual signals to broader semantic spaces.

justice, danger

Table 1: Visual concept classification. We categorize visual concepts into four distinct types: Entity, Visual Style,
Emotion, and Abstract Concept. The table defines each category along with examples used in our dataset.

Key Insights Through systematic intervention
and evaluation, we reveal some key findings, sum-
marized as follows:
• Entities exhibit distinct localization within spe-

cific layers, supporting the hypothesis that factual
knowledge is encapsulated as explicit key-value
pairs. In contrast, abstract concepts manifest
as globally distributed representations, implying
that their manipulation requires a holistic inter-
vention strategy rather than local editing (§3.1).

• Larger models expand the distribution of abstract
concepts’ representation, utilizing their increased
depth to progressively encode complex seman-
tics, which are deficient in small models. It can
be an explanation for the emergence of advanced
capabilities when models are scaled up (§3.1).

• Different concepts exhibit distinct layer-wise dis-
tributions, for example, emotions are highly con-
centrated in the intermediate layers while ab-
stract concepts skew towards terminal layers. Fur-
thermore, these distributions exhibit intra-model-
family similarity alongside inter-model-family
divergence, indicating that structure and training
strategy dictate the encoding patterns. (§3.2).

• Reverse steering by subtracting concept can sup-
press explicit text generation, but it would trigger
a compensation in latent activations to reconcile
with visual evidence (§4).

• While current MLLMs can recognize the geo-
metric relations of auxiliary lines, they lack the
intrinsic mechanism to recognize these visual fea-
tures as signals for problem-solving. It highlights
a disconnection between visual perception and
logical reasoning (§5).

In summary, our contributions are as follows:

• We curate a dedicated dataset that isolates spe-
cific visual conceptual differences, which pro-
vides a reliable foundation for causal analysis.

• We conduct a systematic analysis of MLLMs’ in-
ternal representations by establishing a compre-
hensive evaluation framework. This framework
evaluates causal effects to explore the encoding
mechanism of different visual concepts.

• We identify distinct encoding mechanisms from
representational extent, sparsity, and distribution
for different visual concepts in MLLMs, and un-
cover the role of scaling laws in representing and
understanding complex concepts.

• We reveal current models’ limitations in process-
ing abstract concepts, especially visual logical
reasoning, which may provide a direction for im-
proving MLLMs’ capabilities.

2 Methodology

2.1 Concept Classification
We want to explore how MLLMs internally encode
visual concepts. We define the visual concept as
a semantic factor, which can be separated from
the visual input of the representation layer, and
intervene to induce consistent changes in the model
output. Specifically, we classify visual concepts
into the following four categories: Entity, Visual
Style, Emotion, and Abstract Concept. Detailed
explanation and examples are shown in Table 1.

2.2 Activation Steering
Activation steering is based on the linear represen-
tation hypothesis (Park et al., 2023; Nanda et al.,
2023; Zou et al., 2023). As shown in Figure 2,
activation steering mainly involves two stages: (i)
extracting vectors of specific concepts from activa-
tion values, (ii) then steering the model’s residual
stream with concept vectors during inference, to
guide the model to output the expected content.

Extract concept. For a specific concept c, such
as cat, we construct N image pairs (x+c,i, x−c,i),
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Figure 2: Overview of our activation steering methodology. In step 1, we extract the concept vector vlc by inputting
positive and negative image respectively, and computing mean shifts between hidden states. In step 2, this vector is
injected independently into the model’s residual stream to modulate the generation process.

i ∈ {1, ..., N}, where x+c,i denotes positive im-
age and x−c,i denotes negative image. We compute
the difference-in-means of the corresponding ac-
tivations to get the target concept. Formally, we
extract concept vector vlc ∈ Rdmodel at the layer
l ∈ {1, ..., L} as:

vlc =
1

N

N∑

i=1

(
hl(x+c,i)− hl(x−c,i)

)
, (1)

where hl(x+c,i) represents the model’s hidden states
or residual stream activation value of the last token
at layer l, with the image input x+c,i. Appendix A
provides a mathematical proof of why we use the
simple arithmetic operation (differences-in-means)
to extract optimal concepts.

Steering. After extracting the target concept vec-
tor, we intervene in the model during forward prop-
agation during inference to verify the causal effi-
cacy of vlc and probe the model’s cognitive archi-
tecture. For a given query input xq, we modify the
internal activation hl(xq) by injecting the steering
vector scaled by a coefficient α:

hl(xq) = hl(xq) + α · vlc. (2)

By varying α and the injection layer l, and observ-
ing the shifts in the model’s generation, we can
quantify the functional role of different visual con-
cepts within MLLM.

2.3 Experimental Setup

Data. The data needed in our experiment are
mainly image pairs that can reflect the difference of
target concepts. For entities, we use the instruction-
guided image editing dataset Imgedit (Ye et al.,
2025) and MagicBrush (Zhang et al., 2023), and
build 10,000 image pairs through automated scripts.
For style, we use the paired data Omniconsistency
(Song et al., 2025), which contains 22 visual styles.
For emotion, we use Emoset (Yang et al., 2023),
which not only covers the emotion of facial ex-
pression, but also involves various images such as
objects, landscapes, scenes, etc. For the abstract
concept, we select pictures from Pexels and con-
struct a dataset containing 20 abstract concepts.
More details can be found in Appendix B.

Metrics. We employ three complementary met-
rics to assess the intervention: (i) Success Rate,
which measures the frequency with which the steer-
ing vector successfully elicits the explicit gener-
ation of the target concept. (ii) Semantic Sim-
ilarity, which evaluates the semantic alignment
between the generated text and the concept of in-
jection by calculating sentence-BERT scores. (iii)
Logit Boost, which quantifies the magnitude of the
causal intervention at the internal representation
level. For each metric, we report the Peak value
to capture the maximum effect achieved at a cer-
tain layer, and the Distribution Uniformity Index
(DUI), calculated as DUI = 1− Gini, to quantify
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Category Model Success Rate ↑ Semantic Similarity ↑ Logit Boost ↑
Peak DUI Peak DUI Peak DUI

Entity

Qwen2.5-VL-7B 0.637 0.051 0.461 0.022 5.0× 1010 0.946
Qwen3-VL-8B 0.610 0.089 0.371 0.020 5.7× 107 0.910
Qwen3-VL-32B 0.647 0.083 0.412 0.017 2.3× 1011 0.979
LLaVA-OneVision-1.5-8B 0.395 0.092 0.373 0.041 2.5× 107 0.845
Gemma3-4B 0.596 0.012 0.414 0.013 5.2× 1021 0.971
Gemma3-27B 0.639 0.099 0.418 0.031 8.1× 1017 0.943
Average 0.587 0.071 0.408 0.024 - 0.932

Visual Style

Qwen2.5-VL-7B 0.215 0.253 0.443 0.059 3.9× 105 0.964
Qwen3-VL-8B 0.291 0.164 0.444 0.048 8.5× 1010 0.970
Qwen3-VL-32B 0.562 0.157 0.582 0.040 2.5× 1010 0.967
LLaVA-OneVision-1.5-8B 0.118 0.488 0.449 0.053 2.1× 109 0.970
Gemma3-4B 0.154 0.523 0.431 0.064 5.5× 100 0.940
Gemma3-27B 0.200 0.443 0.560 0.053 2.5× 1010 0.981
Average 0.257 0.338 0.485 0.053 - 0.965

Emotion

Qwen2.5-VL-7B 0.790 0.232 0.514 0.022 5.6× 102 0.819
Qwen3-VL-8B 0.556 0.525 0.527 0.099 1.4× 106 0.861
Qwen3-VL-32B 0.673 0.272 0.542 0.019 8.6× 102 0.857
LLaVA-OneVision-1.5-8B 0.730 0.394 0.634 0.096 6.2× 108 0.924
Gemma3-4B 0.900 0.306 0.637 0.020 9.6× 105 0.971
Gemma3-27B 0.873 0.314 0.654 0.058 5.1× 108 0.962
Average 0.754 0.341 0.585 0.052 - 0.899

Abstract Concept

Qwen2.5-VL-7B 0.244 0.415 0.306 0.009 2.4× 101 0.839
Qwen3-VL-8B 0.174 0.299 0.203 0.014 2.6× 101 0.933
Qwen3-VL-32B 0.160 0.411 0.214 0.018 1.3× 102 0.983
LLaVA-OneVision-1.5-8B 0.276 0.732 0.313 0.144 3.6× 107 0.957
Gemma3-4B 0.304 0.307 0.463 0.020 9.2× 10−5 0.970
Gemma3-27B 0.360 0.410 0.477 0.024 2.2× 106 0.972
Average 0.253 0.429 0.329 0.038 - 0.942

Table 2: Comparison of steering effects across varying categories and models. For each metric, Peak denotes the
maximum value observed across all layers, and DUI denotes the Distribution Uniformity Index, which quantifies
the representational span of the effect.

the spatial span of the representation. More details
are provided in Appendix C.1.

Evaluation. To ensure robust generalization
across different architectures and scales, we experi-
ment with the following models: Qwen2.5-VL 7B
(Bai et al., 2025b), Qwen3-VL 8B, 32B (Bai et al.,
2025a), Gemma3 4B, 27B (Team et al., 2025), and
LLaVA-OneVision-1.5 8B (An et al., 2025). We
use N = 100 image pairs to extract concepts by
difference-in-means. We set the steering coefficient
α = 1, which naturally applies the intrinsic magni-
tude of the semantic shift observed in the activation
space. We test 5 thousand samples when steering
and report their average results. The detailed list of
prompts is provided in Appendix C.2.

3 Probing Internal Representations

3.1 Analysis of Steering Effects

Table 2 presents a systematic comparison of acti-
vation steering effects across four categories. We
evaluate three dimensions: causality (Logit Boost),

semantic (Semantic Similarity), and behavior (Suc-
cess Rate). For each dimension, we measure the
Peak value to evaluate the model’s representational
capacity and the DUI to determine whether the
representation signal is distributed widely or con-
centrated in specific layers.

Peak Value. We first examine the Peak values in
Success Rate and Semantic Similarity to evaluate
the representational strength of different concepts.
As shown in Table 2, the data reveals a distinctive
hierarchy where emotion achieves the highest rep-
resentational upper bound. Specifically, emotion
concepts consistently yield the strongest interven-
tion effects, peaking at a Success Rate of 0.900 and
a Similarity of 0.637 in Gemma3-4B. This high
steerability suggests that emotion features are en-
coded in highly separable latent subspaces, al-
lowing them to map directly to specific sentiment
tokens. Appendix E.4 further validates this fine-
grained encoding of different emotional categories.

In stark contrast, abstract concepts remain the
representation bottleneck. They consistently ex-
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hibit the weakest response, with Success Rates
dropping as low as 0.160 in Qwen3-VL-32B and
Similarity scores hovering around 0.214. This min-
imal steerability indicates that abstract semantics
lack dedicated, highly-activated subspaces. In-
stead of being explicitly grounded in the percep-
tual stream like emotions, abstract concepts likely
emerge from complex, late-stage feature aggrega-
tion, making their representations inherently resis-
tant to interventions.

DUI. Analyzing the DUI reveals divergences in
how MLLMs store different types of knowledge.
Entity knowledge is highly localized. As shown
in Table 2, entity concepts exhibit consistently low
DUI averaging 0.071, with the Gemma3-4B model
reaching an extreme concentration of 0.012. This
high localization supports the hypothesis that entity
knowledge, due to its concrete and discrete nature,
is readily encapsulated as explicit key-value pairs
within the feed-forward networks of specific layers
(Meng et al., 2022a). Consequently, a steering
vector functions as a precise key retrieval, which
explains why methods like knowledge editing can
successfully pinpoint specific knowledge neurons
(Dai et al., 2022) for entities.

Conversely, abstract concepts exhibit much
broader, distributed representations across the
network. The DUI for abstract concepts reaches
up to 0.429. This suggests that complex abstract
semantics cannot be isolated into sparse key-value
pairs, but are instead represented across the broader
residual stream. This finding also offers a repre-
sentational perspective on model depth: deeper
networks do not necessarily localize entity knowl-
edge better, but they provide more layers required
to represent distributed abstract concepts.

Logit Boost. The Logit Boost metric provides
further evidence for these divergent encoding strate-
gies. We observe a massive disparity in interven-
tion magnitudes across categories. Steering with
entity concepts induces extreme logit shifts, rang-
ing from 1010 to 5.2× 1021 in Gemma3-4B. This
extreme scale difference suggests that entities are
encoded in highly disentangled and localized sub-
spaces within the model’s residual stream, where
a single directional intervention acts as a force-
ful control variable independent of other features.
However, as analyzed in Appendix E.3, extreme
logit values do not guarantee explicit generation:
entities often encounter decoding suppression due
to contextual conflicts, whereas emotion concepts

achieve higher Success Rates by smoothly integrat-
ing into the context.

In comparison, abstract concepts exhibit negli-
gible boosts, representing a difference of over 10
orders of magnitude. This indicates that abstract
concepts lack the dedicated, high-magnitude sub-
spaces characteristic of concrete entities. Their
generation relies not on forceful logical switches,
but on subtle, accumulated shifts in the probability
distribution across the vocabulary space.

Models Scaling. Finally, we investigate the im-
pact of model scaling across varying architec-
tures (e.g., the Qwen3-VL and Gemma3 families).
We observe that increased model capacity gener-
ally yields higher peak steerability. This suggests
that larger models develop more robust and well-
isolated representations in their latent space, allow-
ing them to handle visual features with reduced
semantic interference. More importantly, scaling
reveals a divergence in spatial encoding: while
larger models tend to exhibit lower DUI for the
first three categories (indicating tighter localiza-
tion), they show significantly higher DUI for ab-
stract concepts.

This finding indicates that larger models pro-
vide deeper layers to encode abstract semantics
in a distributed manner. This phenomenon aligns
with our earlier analysis. Smaller and shallower
models likely lack sufficient layers to support the
sequential encoding of these complex abstract con-
cepts. In contrast, deeper networks naturally dis-
tribute abstract concepts across their extended lay-
ers. This offers an explanation for the emergence
of advanced capabilities in scaled models: their ad-
vantage over smaller models lies not in the stronger
memorization of simple knowledge, but in utilizing
deeper layers to process complex concepts.

3.2 Layer-wise Mechanism Analysis
To explore the layer-wise processing mechanism,
we calculate the number of samples peaking at
each layer and visualize the distribution of steering
layers for each category across the Gemma3 4B
and 27B models, as shown in Figure 3. These
distributions reveal distinct structural signatures
that characterize the layer-wise encoding dynamics
of different visual concepts.

Distributions of categories. Entity representa-
tions exhibit a distinctive bimodal localization. Un-
like other categories that are confined to specific
regions, entity concepts are confined to specific
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Figure 3: Layer-wise distribution of steering layers. The plots are organized by concept category (columns, left to
right: entity, visual style, emotion, and abstract concept) and model scale (rows: top for Gemma3-4B, bottom for
Gemma3-27B). Each histogram displays the number of samples that achieved their maximum semantic similarity
score at a specific layer. The distributions reveal distinct cognitive signatures: entity shows extensive spatial span
and a bimodal structure; visual style exhibits broad dispersion; emotion peaks in intermediate layers; and abstract
concept is heavily skewed towards the final reasoning layers.

functional regions. As for bimodality, we attribute
the middle peak to visual perception, where the
model directly recognizes concrete object features.
In contrast, the final peak reflects that this entity
concept undergoes continuous accumulation and
refinement throughout the network depth. We pro-
vide a discussion in Appendix E.2, demonstrating
that this bimodal divergence stems from a dis-
tinct information stream.

Visual styles display the broadest and most uni-
form dispersion across the network. This suggests
that stylistic information is not restricted to specific
layers or stages; rather, it functions as a continu-
ous bias vector in the residual stream, modulating
the generation trajectory across all layers.

Emotions are highly concentrated in the interme-
diate layers. This indicates that affective features
are primarily mapped to the textual latent space
during the intermediate computational phase.

Abstract Concepts exhibit a heavily right-
skewed distribution, with optimal intervention
points clustered predominantly in the late-stage lay-
ers. This distribution confirms that abstract seman-
tics are not directly grounded in the early layers’
perceptual stream. Instead, they are synthesized as
high-level semantic representations in the late
layers, immediately prior to generation.

Architectural Determinants. The layer-wise
distribution exhibits a critical pattern: intra-
family similarity alongside inter-family diver-
gence. Comparing the 4B and 27B parameter
scales within the Gemma family reveals that these
spatial distribution patterns remain consistent de-

spite the significant difference in capacity. How-
ever, these distributions vary considerably across
different model families (shown in Appendix E.1).

This phenomenon indicates that the layer-wise
distribution of visual concepts is determined by
the specific training strategy and structural con-
figuration. Models within the same family share
identical vision encoders, projection modules, and
pre-training objectives. Consequently, scaling up
parameters expands the network’s capacity but pre-
serves the intrinsic computational sequence of fea-
ture processing. In contrast, the inter-family di-
vergence demonstrates that different architectural
designs alter how and when visual features are in-
tegrated into the textual space.

3.3 Sensitivity Analysis

To study the influence of intervention strength, we
conducted an ablation study on the steering coeffi-
cient α. This parameter controls the magnitude of
the injected concept vector, representing a trade-off
between semantic efficacy and the preservation of
the model’s original activation space.

While moderate intervention enhances control,
excessive strength disrupts the generation process.
As illustrated in Figure 4, the Success Rate exhibits
a non-linear response to intervention strength. In-
creasing α from 0.1 to 1 yields significant perfor-
mance gains and establishes an optimal plateau.
Pushing the coefficient to an extreme value (e.g.,
α = 5) results in a distinctive inverted-U trajectory.
Although extreme intervention achieves high suc-
cess rates when applied at intermediate layers, the
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Figure 4: Sensitivity analysis of the steering coefficient α. Overall, the metrics demonstrate a positive correlation
with both layer and intensity α. Similarity and Logit Boost scale monotonically with α, indicating that stronger
intervention increasingly aligns internal states with the target concept. While a higher α maximizes semantic
similarity and logit values, it leads to a decline in the Success Rate at deeper layers due to extremely high logit.

performance collapses significantly when injected
into the terminal layers.

Comparing the metrics in Figure 4 reveals a criti-
cal divergence between overall semantic alignment
and explicit generation. Unlike the Success Rate,
Semantic Similarity scales monotonically with α,
with the α = 5 setting consistently achieving the
highest scores. This contradiction indicates a state
of semantic over-saturation: extreme intervention
vectors dominate the residual stream, and their dis-
proportionate magnitude overrides the related fea-
tures necessary for coherent text generation. Conse-
quently, the output space is heavily saturated with
the target concept, but the network fails to execute
the precise token sequences.

The underlying mechanism of this instability is
elucidated by the Logit Boost analysis in Figure 4.
The intervention induces an exponential increase
in token logits. While α = 1 elevates logits to a
robust but manageable range, α = 5 drives them to
extreme magnitudes exceeding 1025. Such strong
intervention destroys the probability distribu-
tion necessary for decoding, likely trapping the
model in repetition loops or incoherent degenera-
tion.

4 Reverse Steering

While previous positive steering demonstrated the
sufficiency of these vectors in inducing concepts,
establishing a robust causal link requires verify-
ing that the generation process causally depends
on these specific representations. To this end, we
conduct reverse steering, a counterfactual interven-
tion where the target concept vector is subtracted
from the residual stream during inference (hl ←
hl − αvlc). By observing the model’s response
to this targeted ablation, we reveal a fundamen-
tal causal asymmetry and a distinct dissociation
between internal activation and external behavior.
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Figure 5: Analysis of reverse steering. Left: The in-
tervention demonstrates high efficacy in suppressing
target entities, with the Mention Rate dropping precip-
itously in deeper layers, confirming the vector’s role
as a necessary gating factor. Right: Despite the be-
havioral suppression, the internal Logit Boost for the
target token exhibits an anomalous exponential increase.
This phenomenon indicates that the model attempts to
compensate for suppressed residual information by over-
attending to the persistent visual features from image.

Behavioral Suppression. As our purpose is to
suppress the model’s representation, we employ
Mention Rate, the frequency with which the target
entity still appears in the generated response, as the
primary behavioral metric. As shown in Figure 5,
the Mention Rate drops significantly during reverse
steering, indicating that we successfully severed the
link between the visual input and the textual output.
Crucially, this suppression experiment establishes
necessity: without the specific representation in
the residual stream, the network fails to decode the
corresponding tokens, even though the raw visual
features remain intact in the cross-attention input.

Conflict and Overcompensation. Intuitively, ab-
lating a concept vector should diminish its acti-
vation levels. However, Figure 5 reveals a stark
divergence between the decoding behavior and its
internal logit values. While the reverse steering
successfully prevents the explicit generation of the
target word, the logit values for that specific token
exhibit an anomalous surge, reaching magnitudes
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of 106 to 108 in the deeper layers.
We attribute this extreme latent activation to a

feature conflict between the residual stream and
the cross-attention mechanism. Although the in-
tervention forcefully removes the target’s semantic
encoding from the residual stream, the image en-
coder continuously injects visual evidence via the
cross-attention layers. This creates a representa-
tional mismatch where the visual stream signals the
object’s presence despite its absence in the resid-
ual stream. Consequently, attention mechanisms
likely overcompensate by allocating disproportion-
ate weights to visual patches in a futile attempt to
retrieve the missing concept.

5 Visual Logical Reasoning

In the previous section, we demonstrated that
MLLMs struggle to align abstract concepts with
visual features. We want to further explore whether
the model can understand visual logical reasoning,
a more abstract concept. Specifically, we investi-
gated the internal representation of visual logical
reasoning using geometry auxiliary lines (Fu et al.,
2025) as a case (examples are shown in Appendix
B.5). We extracted an “auxiliary line" concept vec-
tor by contrasting original geometry images with
corresponding images containing auxiliary lines.
To evaluate the intervention effect, we categorize
the target words into relationship words (e.g., ‘par-
allel’, ‘perpendicular’) and action words (e.g., ‘con-
nect’, ‘extend’). The results are presented in Fig-
ure 6.
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Figure 6: Contrast in Logit Boost between relationship
words and action words. The results show that while
the steering vector successfully activates descriptions
of geometric states, it fails to trigger the corresponding
action terms. This suggests that the MLLM perceives
auxiliary lines as passive visual signals rather than active
logical helpers for solving problems.

Steering activates perception of geometric
meanings but fails to trigger reasoning action.
The results for relationship words follow the same
positive trend observed in previous categories, indi-
cating that the model indeed perceives the geomet-

ric meanings of the auxiliary lines. It also confirms
that the extracted vectors effectively encode the ge-
ometric relationships introduced by auxiliary lines.
However, action words fail to exhibit a correspond-
ing logit increase and even show a declining trend.
This dissociation uncovers a critical gap: although
the injection of auxiliary vectors alters the descrip-
tion of geometric meanings, it fails to trigger the
action tokens necessary for mathematical reason-
ing. These results suggest that MLLMs encode
auxiliary elements merely as static visual features
rather than computational operators that drive rea-
soning pathways.

To assess the impact of this representational gap
on logical reasoning, we extended our evaluation
to three different MLLM architectures, measur-
ing the Construction Rate (frequency of explic-
itly constructing auxiliary) and Answer Accuracy.
As shown in Figure 7, the introduction of visual
steering vectors resulted in no statistically signifi-
cant performance improvement across all evaluated
models, with accuracy restricted to a narrow mar-
gin. For example, the best-performing Gemma3-
27B only increased by 1.6%. The Construction
Rate further confirms this disconnect. Even with
strong visual cues injected, the models’ explicit
attempts to construct auxiliary lines remained con-
sistently low, peaking at only 15.3%.
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Figure 7: Evaluation of activation steering on geometric
reasoning performance across different MLLMs. As
shown in the figure, neither metric shows stably signifi-
cant improvement after visual concept injection. This
indicates a fundamental disconnect between visual per-
ception and logical reasoning, where enhanced visual
grounding fails to translate into logical strategies.

This consistent failure across diverse architec-
tures highlights a disconnection between visual
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perception and logical reasoning. Injected visual
vectors, while perceptually salient, remain func-
tionally inert because the model lacks the intrin-
sic causal mechanism to recognize these visual
features as distinct signals for problem-solving in-
terventions. Consequently, while visual steering
enhances the explicit geometric description, it fails
to build problem-solving trajectories, resulting in
stagnant reasoning performance.

6 Related Work

Causal Interpretability. Causal interpretability
aims to understand the internal mechanisms by in-
tervening on the model and analyzing its causal
effects on specific behaviors (Geiger et al., 2021;
Li et al., 2022; Abraham et al., 2022; Canby et al.,
2025). Early interpretability research relied on at-
tribution (Ribeiro et al., 2016; Lundberg and Lee,
2017), linear probing (Alain and Bengio, 2016;
Tenney et al., 2019) or attention (Jain and Wallace,
2019; Wiegreffe and Pinter, 2019; Yan et al., 2026),
but these methods only discover statistical corre-
lations instead of causality (Belinkov, 2022). To
bridge this gap, recent advancements include ac-
tive intervention techniques, such as causal tracing
(Meng et al., 2022a,b; Zhang and Nanda, 2023),
circuit analysis (Elhage et al., 2021; Wang et al.,
2022; Conmy et al., 2023), and causal mediation
analysis (Vig et al., 2020; Mueller et al., 2024). Ex-
tending these, our work introduces an activation
steering framework to study how different visual
concepts are encoded within MLLMs.

Activation Steering. Also known as represen-
tation engineering, it is a lightweight technology to
control model behavior by modifying the internal
activation value during inference (Turner et al.,
2023; Bartoszcze et al., 2025; Wehner et al.,
2025). Based on linear representation hypothesis,
this technology has been used to control model
personality (Chen et al., 2025), reduce sycophancy
(Sharma et al., 2023; Rimsky et al., 2024) and
toxicity (Wang et al., 2024), and refuse to answer
harmful requests (Arditi et al., 2024; Lee et al.,
2024); reduce hallucinations and guide model to
be more honest and truthful (Li et al., 2023; Marks
and Tegmark, 2023; Azaria and Mitchell, 2023);
output expected formats (Stolfo et al., 2024), emo-
tions (Turner et al., 2023; Tigges et al., 2024; Zhao
et al., 2024) and styles (Azizi et al., 2025). Recent
research has shifted to MLLMs for solving visual
hallucinations (Liu et al., 2024; Sivakumar et al.,

2025; Gan et al., 2025; Khayatan et al., 2025). In
this work, we consider that visual concepts can also
be linearly encoded, and thus we propose a causal
framework based on activation steering to explore
the mechanism of different visual concepts.

7 Conclusion

In this paper, we propose a causal framework to
investigate the internal encoding mechanisms of
different visual concepts in MLLMs. Our system-
atically applied interventions reveal distinct repre-
sentation patterns across various concepts. Specifi-
cally, we highlight divergences in concept encod-
ing, latent compensatory mechanisms, and func-
tional reasoning gaps. Collectively, these findings
illuminate the intrinsic mechanisms and capability
boundaries of current multimodal models.

Limitations

Our steering framework builds upon the linear rep-
resentation assumption. While this assumption
holds well for most concept categories evaluated
in our study, it may not perfectly capture highly ab-
stract concepts. Second, our mechanistic interpreta-
tions regarding internal dynamics, such as compen-
satory mechanisms, are inferred from behavioral
interventions; validating these requires complemen-
tary observational techniques. Finally, our empir-
ical findings are primarily validated on specific
mainstream architectures. Future work should con-
duct systematic evaluations across a broader range
of model families to explore universal patterns and
cross-architecture generalization.

Ethical Considerations

This work advances the field of mechanistic inter-
pretability by enabling precise control over MLLM
generation. While this facilitates model understand-
ing and alignment, the ability to induce specific
hallucinations or emotional biases introduces risks.
For instance, humans with model access could ma-
nipulate outputs to deviate from reality. However,
our findings regarding the visual verification mech-
anism suggest that models possess inherent resis-
tance to groundless fabrication. We hope this work
inspires further research into internal guardrails
that can detect and mitigate such latent space in-
terventions, ensuring MLLMs remain faithful and
reliable tools.
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A Mathematical Proof

In this section, we provide a theoretical justifica-
tion for using the difference-in-means vector as
the steering direction. We demonstrate that this
simple arithmetic operation is theoretically optimal
under the linear representation hypothesis (Belrose,
2023). Specifically, we first prove that any valid lin-
ear concept must align with this direction, and then
show that this direction maximizes the intervention
effect when the model weights are unknown.

Let h ∈ Rd denote the activation vector at a spe-
cific layer, and let z ∈ {0, 1} be the binary label
representing the presence or absence of a visual
concept. We assume the linear representation hy-
pothesis: the concept z is encoded in the activation
space via a linear predictor η(h) = wTh+ b. How-
ever, the true parameters (w, b) used by the model
are unknown to us.

Definition A.1. The trivially attainable loss for
labels z and loss L is the lowest possible expected
loss available to a constant predictor η(h):

Lτ = inf
α∈R

E[L(η(h), z)]

Definition A.2. An admissible predictor for labels
z and loss L is a linear predictor whose loss is
strictly less than the trivially attainable loss Lτ .

Definition A.3. A loss function L(η, z) is mono-
tonic if it monotonically decreases in η when z = 1,
and monotonically increases in η when z = 0.
Equivalently, its derivative wrt satisfies:

Lη(η, 1) ≤ 0 ≤ Lη(η, 0)

First, we establish the necessity of the difference-
in-means direction. Let µ1 = E[h | z = 1] and
µ0 = E[h | z = 0] be the class centroids.

Theorem A.4. Let δ = µ1 − µ0 be the difference
in class centroids. Suppose η(h) = wTh+ b is ad-
missible for (h, z) and convex monotonic L. Then
⟨w, δ⟩ > 0.

Proof. Suppose for the sake of contradiction that
⟨w, δ⟩ ≤ 0. The expectation of the predictor’s
output conditioned on the class is: E[η(h) | z] =
wTE[h | z] + b = wTµz + b. The difference is:

wT (µ1 − µ0) = ⟨w, δ⟩ ≤ 0,

and therefore

E[η(h) | z = 1] ≤ E[η(h)] ≤ E[η(h) | z = 0]

We can now show that the expected loss is lower
bounded by the trivially attainable loss L:

E[L(η(h), z)] = Ez[Eh|z[L(η(h), z)]]

≥ Ez[L(Eh|z[η(h)], z)]

≥ Ez[L(E[η(h)], z)]

≥ Lτ

The penultimate step is justified because, by the
monotonicity ofL and the inequality derived above,
replacing the conditional expectations with the con-
stant E[η(h)] only decreases the loss.

If E[L(η(h), z)] ≥ Lτ , the classifier cannot be
admissible (Def. A.2), contradicting our earlier
assumption. Therefore the admissibility of η(h)
implies ⟨w, δ⟩ > 0.

Then, we prove that the difference-in-means di-
rection is the optimal intervention strategy in the
worst-case scenario. We define an additive interven-
tion as h′ = h+αu, where u is a unit direction vec-
tor. The effectiveness of this steering on a specific
model component w is measured by the change
in the predictor’s output: ∆η = η(h′) − η(h) =
α(wTu). When w is unknown, we can successfully
perform additive edits by selecting u to maximize
the worst-case directional derivative.

Theorem A.5. Let H denote the set of all admis-
sible predictors. Then the maximin directional
derivative objective

u∗ = argmax
∥u∥=1

inf
η∈H

(wTu)

is maximized by the difference-in-means direction
u∗ = δ

∥δ∥ .

Proof. From Theorem A.4, we know that for any
η ∈ H, the weight vector w lies in the open half-
space defined by δ: {w | wT δ > 0}. We can
decompose any w into a component parallel to δ
and a component orthogonal to it:

w = cδ + w⊥, where c > 0 and w⊥ ⊥ δ.

Consider the directional derivative wTu. If we
choose any direction u that is not parallel to δ, it
will have a non-zero projection onto the orthogonal
subspace δ⊥. Since the set of admissible predictors
H is unconstrained in the orthogonal directions,
an adversary can choose a w⊥ such that wT

⊥u is
arbitrarily large and negative, thereby minimizing

4810



wTu. However, if we choose u to be parallel to δ
(i.e., u = δ

∥δ∥ ), then:

wTu = (cδ + w⊥)
T δ

∥δ∥ = c∥δ∥+ 0 = c∥δ∥.

Since c > 0 (Theorem A.4) and ∥δ∥ > 0, this value
is strictly positive. Thus, the difference-in-means
direction is the only direction that guarantees a
positive intervention effect for all admissible lin-
ear encodings of the concept. Any other direction
risks being orthogonal to or opposing the model’s
specific implementation of the concept.

These theorems mathematically validate that ex-
tracting the vector vc via simple subtraction is not
merely a heuristic, but the theoretically optimal
strategy for causal intervention when the model’s
true parameters are unknown.

B Data

B.1 Entity
We select the instruction-guided image editing
dataset Imgedit (Ye et al., 2025) and MagicBrush
(Zhang et al., 2023) as the source data. Through
python script, we filter out the image pairs contain-
ing "remove" in the editing instructions to obtain
the image pairs with and without target entities.
Subsequently, we also use LLM to further filter the
instructions to ensure that only the object is simply
deleted in the instructions, rather than replaced by
another object. At the same time, record the name
of the entity as the ground truth label. Prompt is as
follows:

Prompt

You are a helpful assistant for image-editing dataset
processing. Your task is to extract the object being
removed from the user’s instruction.
Rules:
1. If the instruction is purely about removing objects,
extract the object name.
2. If the instruction contains other actions like "add",
"place", "change", "replace", or implies adding some-
thing new (e.g., "remove X and add Y"), output ex-
actly "SKIP".
3. Do not output a full sentence. Output ONLY the
object name or "SKIP".
Examples:
Input: "Remove the candles." Output: candle
Input: "Remove the horses that are on the bridge."
Output: horse
Input: "Remove the vegetables and add candies to
the bowl." Output: SKIP
Input: "Remove all the food and place a laptop on the
table." Output: SKIP

We finally construct 10,000 image pairs, and
entity names are shown in Figure 8.

Figure 8: Word Cloud of entities.

B.2 Visual Style

To construct the concept vectors for visual style, we
utilize the OmniConsistency dataset (Song et al.,
2025), a high-quality paired stylization benchmark.
This dataset contains 2,600 paired images covering
22 distinct visual styles, including American Car-
toon, Oil Painting, Sketch, Pixel Art, and Vector
Style. The dataset was constructed using a GPT-4o-
driven generation pipeline followed by a rigorous
human-in-the-loop filtering process. Specifically,
for each style, the dataset provides an original im-
age (typically photorealistic or neutral) and a cor-
responding stylized version. The strict filtering
criteria ensured that the stylized images preserve
the semantic structure, identity, and layout of the
original images while manifesting strong stylistic
attributes. This high degree of content alignment
is critical for our activation steering method, as it
ensures that the difference vector captures the style
direction rather than object semantics.

B.3 Emotion

For the Emotion category, we utilize EmoSet (Yang
et al., 2023), a large-scale visual emotion dataset
annotated based on Mikels’ eight-emotion model.
The dataset comprises 3.3 million images with rich
attributes, covering eight categories: Amusement,
Awe, Contentment, Excitement, Anger, Disgust,
Fear, and Sadness.

Unlike entity or style, where paired data is explic-
itly available, emotional concepts are often entan-
gled with scene content. To isolate the active emo-
tional component, we adopt a baseline-subtraction
strategy. In the psychological emotion space, Con-
tentment represents a state of low physiological
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arousal and psychological equilibrium, often asso-
ciated with stable, peaceful scenes (e.g., landscapes,
static objects) (Yang et al., 2023). So, we desig-
nate Contentment as the negative set for all other
emotion concepts and extracted 7 concept vectors.

B.4 Abstract Concept

Constructing a dataset for abstract concepts (e.g.,
peace, justice, danger) presents a unique challenge,
as these concepts lack a singular, fixed physical
form and are often conveyed through symbolic im-
agery or high-level scene semantics.

We curated the dataset by crawling high-quality
photography from Pexels. This platform was se-
lected because its content is frequently tagged with
abstract conceptual keywords by human creators,
ensuring a strong correlation between the visual
symbolism and the semantic label. We constructed
a dataset covering 20 distinct abstract concepts.

To extract a robust direction for abstract con-
cepts, we adopt antonyms for selecting negative
samples, which are recorded in Table 3. Taking
the concept of “peace" as an instance: The positive
set consists of imagery symbolizing harmony, such
as doves, tranquil landscapes, or shaking hands.
The negative set consists of imagery symboliz-
ing conflict, such as battlefield scenes, destruction,
or aggressive confrontations. By computing the
difference-in-means between these opposed sets,
the resulting concept vector effectively captures the
semantic axis from conflict to harmony, filtering
out unrelated visual features.

B.5 Logical Reasoning

For the investigation of visual logical reasoning in
Section 6, we use the GeoLaux dataset (Fu et al.,
2025), a specialized dataset designed to evaluate
MLLMs on geometry problems that require auxil-
iary line construction. GeoLaux is ideal because it
provides both the initial problem state and the solu-
tion state in the form of geometric constructions.

We use the original problem images as nega-
tive sets, which contain only the initial geometric
shapes without any auxiliary constructions. And
we use the corresponding solution images (anno-
tated images) as positive sets, where the key auxil-
iary lines (e.g., connecting lines, extensions, paral-
lel lines) are explicitly drawn. Examples are shown
in Figure 9.

C Experiment Details

C.1 Metrics

We utilize three metrics to rigorously evaluate the
causal influence of visual concepts from different
perspectives.

Success Rate. This metric acts as a proxy for
causal steerability. It serves not merely to count
keyword occurrences but to measure the interven-
tion’s ability to force the model to verbalize a
specific visual concept it might otherwise ignore.
Specifically, we define the Success Rate as the pro-
portion of generated responses where the target con-
cept is explicitly identified by an gpt-4o. A high
Success Rate indicates that the internal steering
vector successfully overrides the default generation
trajectory to trigger the target semantic output. The
prompt is as follows.

Prompt

You are an objective evaluator for text generation.
Your task is to determine if a specific style or concept
was successfully injected into the text.
I will provide you with a Target Concept, a Base Text
(before injection), and a Steered Text (after injection).
Target Concept: {target_word}
Base Text:{base_output}
Steered Text:{steered_output}
Evaluation Criteria:
1. Does the Steered Text explicitly mention the Target
Concept or words highly related to it?
2. Does the Steered Text describe the image in the
style of the Target Concept compared to the Base
Text?
3. If the Base Text already contained the concept,
answer 1 only if the Steered Text maintains or em-
phasizes it.
Task:
Output ’1’ if the injection is SUCCESSFUL (the
concept is clearly present).
Output ’0’ if the injection is FAILED (the concept is
missing or the text is nonsense).
Output Format:
Only output a single digit: 0 or 1. Do not output any
other text.

Sentence-BERT Similarity. While Success Rate
captures explicit discrete mentions, this metric
captures dense semantic proximity. We compute
the cosine similarity between the embeddings of
the generated text and the target concept descrip-
tion using Sentence-BERT (Reimers and Gurevych,
2019), all-mpnet-base-v2 version. This allows
us to assess whether the steering intervention suc-
cessfully shifts the global context and style of the
text, even if the specific target word is not explicitly
mentioned.
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keywords antonyms keywords antonyms keywords antonyms keywords antonyms

peace war ancient modern danger safe freedom captivity
hope despair luxury poverty stress relaxation wisdom stupid
shame honor justice injustice creativity imitation chaos order
humility arrogance strength weakness evil goodness profane sacred
failure success reality fantasy knowledge ignorance complexity simplicity

Table 3: List of keywords and antonyms for abstract concept during data collection. We use the keyword to retrieve
positive samples and the antonym for negative samples.

Original Image Original ImageAuxiliary Image Auxiliary Image

Question: As shown in the figure, in △ABC, E is a point on AC such 

that AB = AE, and ∠BAD = ∠C. If  AD ⊥ BE, CE = 1, and AE = 3, 

find the length of  AD.

Question: As shown in the figure, given △ABC, D is the midpoint 

of  AC. Draw DE ⊥ AC intersecting BC at E, and draw AF // BC 

intersecting line DE at F. Connect AE and CF. If  CF = 2, ∠FAC = 
30°, and ∠B = 45°, find the length of  AB.

Figure 9: Examples of GeoLaux dataset.

Logit Boost. To verify that behavioral changes
stem from internal representation shifts rather than
random decoding noise, we define Logit Boost
in its exponentiated form: eLogitsteered/eLogitbase .
This formulation quantifies the multiplicative factor
applied to the target token’s unnormalized proba-
bility immediately after the steering intervention,
directly reflecting the exponential strength of the
injected signal within the residual stream.

C.2 Prompt for Concept Extraction

To ensure that the extracted concept vectors pre-
cisely capture the target semantic dimension and
minimize the interference of entangled features, we
employed specific prompts for different categories
during the forward pass of the concept extraction
phase, which is shown at Table 4.

By using directed prompts, we explicitly guide
the model’s internal representation to the relevant
subspace before computing the activation differ-
ence.

D Faithfulness

To rigorously verify whether the linear vectors truly
represent the target concepts rather than merely act-
ing as arbitrary adversarial directions, we introduce
a Faithfulness metric ρ. This metric quantifies the
extent to which our causal intervention replicates
the model’s natural behavior when perceiving the

actual visual concept.
We decompose the visual difference’s impact

on the model’s output logits into two components:
Total Effect and Natural Indirect Effect.

Total Effect (TE). This represents the ground-
truth change in logits caused by the actual presence
of the visual concept in the input image. For a
target concept token yc, the TE is calculated as the
logit difference between the positive image x+c,i and
the negative image x−c,i:

TE =

N∑

i=1

(
logit(yc | x+c,i, xt)

− logit(yc | x−c,i, xt)
)
. (3)

Natural Indirect Effect (NIE). This represents
the logit change induced solely by our activation
steering intervention. Here, we input the negative
samples (which lack the concept) but artificially
inject the extracted vector vlc to simulate the con-
cept’s presence:

NIE =
N∑

i=1

(
logit(yc | x−c,i, xt, hl ← hl + αvlc)

− logit(yc | x−c,i, xt)
)
. (4)

Faithfulness (ρ). Based on these definitions, we
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Category Prompt

Entity Describe the image concisely.

Visual Style Describe the style of the image.

Emotion Describe the emotional atmosphere of the image.

Abstract Concept Describe the deep meaning of the image.

Logical Reasoning Instance-specific question stem

Table 4: List of category-specific prompts used during concept extraction.

define the faithfulness ratio ρ as:

ρ =
NIE

TE
, (5)

A ρ value approaching 1 indicates that the inter-
vention vector vlc perfectly faithfully reconstructs
the causal mechanism triggered by the actual vi-
sual stimulus. It implies the vector has captured
the precise "direction" the model uses to encode
that concept. A low ρ suggests the vector might be
orthogonal to the true reading mechanism, or that
the concept relies on non-linear computations that
linear steering cannot capture.

Table 5 presents the faithfulness metrics ρ across
six models. We observe a consistently high de-
gree of faithfulness, with scores exceeding 0.85
across most categories. This provides strong em-
pirical evidence that our extracted steering vec-
tors are not merely adversarial perturbations, but
genuine representations of the underlying visual
concepts. Notably, a clear scaling law emerges
from the results: larger models, such as Qwen3-
VL-32B and Gemma-3-27B, exhibit superior faith-
fulness compared to their smaller counterparts, par-
ticularly in encoding complex Abstract Concepts
(reaching 0.88). This trend suggests that as model
capacity increases, the internal representation of
visual concepts becomes more linear and disentan-
gled, thereby enhancing the precision of activation
steering. Furthermore, the method demonstrates
remarkable robustness across distinct architectures
and model families, confirming its universality as a
mechanism-agnostic interpretability tool.

E More Results

E.1 Layer-wise Distribution of Different
Architectures

Figure 10, 11, 12 show different layer-wise distri-
bution of different models. And Gemma3 family’s

Model Entity Style Emotion Abstract

Qwen2.5-VL-7B 0.88 0.92 0.85 0.78
Qwen3-VL-8B 0.92 0.94 0.89 0.82
Qwen3-VL-32B 0.95 0.97 0.93 0.88
LLaVA-OneVision 8B 0.93 0.90 0.86 0.80
Gemma-3-4B 0.92 0.85 0.93 0.84
Gemma-3-27B 0.98 0.93 0.94 0.84

Table 5: Faithfulness Analysis across Different Models.

results are shown in Figure 3. It shows intra-family
similarity alongside inter-family divergence.

E.2 Discussion of Bimodality

For bimodality (layer 19 and layer 33) shown in
Figure 3 in the entity, we suspect that different enti-
ties are causing them to be significantly activated in
different layers. We divided them into two batches
of samples, one with a peak at layer 19 and the
other with a peak at layer 33. Firstly, we exam-
ined the target words corresponding to two sets of
samples. Through Figure 13 of word embeddings,
we found that the word vectors of the two groups
highly overlap in the semantic space and do not
form a clear clustering separation. This means that
the division of labor between Layer 19 and Layer
33 is not based on simple semantic categories. The
model does not allocate processing levels accord-
ing to the dictionary definition of nouns.

We then suspect that there are significant dif-
ferences in the visual concept vectors extracted
from the images. We extracted the internal concept
vectors of these two sets of image samples at the
corresponding levels for visualization, as shown in
Figure 14. However, the results show that even in
the activation space within the model, these two
sets of vectors still do not exhibit significant spatial
separation. That is to say, these samples are not
visually significantly different, which leads to their
activation in different layers.

We also suspect that the appearance of double
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Figure 10: Layer-wise distribution of optimal steering layers of Qwen3-VL. The plots are organized by concept
category (columns, left to right: entity, visual style, emotion, and abstract concept) and model scale (rows: top for
Qwen3-VL-8B, bottom for Qwen3-VL-32B).
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Figure 11: Layer-wise distribution of optimal steering layers of Qwen2.5-VL-7B. The plots are organized by concept
category (left to right: entity, visual style, emotion, and abstract concept).
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Figure 12: Layer-wise distribution of optimal steering layers of LLaVA-OneVision-1.5-8B. The plots are organized
by concept category (left to right: entity, visual style, emotion, and abstract concept).
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Figure 13: Word embeddings of two batches of samples.

peaks may be due to the influence of noise. That is
to say, the similarity between these two groups is
high in both the 19th and 33rd layers, but the small
difference results in their numbers being evenly
matched. We calculated the average similarity of
each layer of these two sets of samples, as shown
in the Figure 15. This eliminates the possibility
of noise. These two groups of samples showed
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Figure 14: Concept vectors of two batches of samples
of different layers.

significant differences between the 19th and 33rd
layers. However, the figure reveals another piece of
information. The samples whose peak is at the 19th
layer (blue line) present high performance in the
middle layer, but significantly degrade in the deeper
layers. This suggests these entities are treated as
transient visual signals: once grounded by the per-
ception module, they are discarded or compressed
by the reasoning module to free up capacity for
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high-level inference. In contrast, the samples that
peak at 33rd (red line) maintain a superior simi-
larity score throughout the layers, culminating in
a high final peak. This indicates a process of se-
mantic accumulation. The model actively refines
and reinforces their representation layer by layer,
preventing the signal decay observed in the mid-
peak group. In conclusion, the bimodal distribution
of eneity is not a classification of word or visual
concepts, but a mechanism of information manage-
ment within MLLMs.
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Figure 15: Similarity by layer of two batches of samples.

E.3 Context Dependency Analysis
To investigate whether the efficacy of activation
steering depends on the visual context, we applied
the concept injection to three distinct types of im-
age substrates: (i) Negative samples: images with
natural scenes but lacking the target concept (serv-
ing as a semantic baseline). (ii) Pure white images:
images with zero visual information. (iii) Gaussian
noise images: images consisting entirely of random
pixel noise.
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Figure 16: Context Dependency Analysis.

As illustrated in Figure 16, steering interven-
tions within a rich scene context (i.e., negative
samples) yield significantly higher efficacy com-
pared to context-free baselines, suggesting that the

internal encoding of visual concepts is context-
dependent rather than isolated. Furthermore, we
observe a distinct divergence between the Logit
Boost and the Success Rate in the noise and white
image settings.

Specifically, the pure white background elicited
the highest Logit Boost; in the absence of conflict-
ing visual features, the signal-to-noise ratio of the
injected vector reached its maximum. However,
this intense internal activation failed to translate
into explicit generation. We attribute this to an
intrinsic visual verification mechanism within the
language decoder: the semantic void of the white
background creates an extreme contextual conflict
with the entity concept. Consequently, the model’s
safety priors suppress this "hallucination" due to
the complete lack of visual evidence, despite the
high latent probability.

In contrast, while the noise background sup-
pressed the magnitude of the Logit Boost, its Suc-
cess Rate was anomalously higher than that of the
white background. We ascribe this to visual parei-
dolia, where the model tends to "misinterpret" ran-
dom noise textures as spurious visual anchors for
the injected concept. These findings indicate that
visual generation is not merely a function of activa-
tion magnitude but critically depends on scene com-
patibility. An injected concept requires a legitimate
syntactic slot to bypass verification mechanisms
and materialize in the final output.

E.4 Fine-grained Emotion Concept Analysis
In our main experiments, emotion steering demon-
strated remarkable efficacy in modulating the af-
fective tone of generated descriptions. To further
investigate the underlying mechanism and rigor-
ously validate that these steering vectors encode
fine-grained emotional categories rather than broad
sentiment polarities, we computed an Emotion Con-
fusion Matrix. As illustrated in Figure 17, rows
correspond to the injected emotion vectors, while
columns represent the Logit Boost of tokens asso-
ciated with each specific emotion category.

The heatmap exhibits a distinct diagonal struc-
ture, where each steering vector maximally acti-
vates its corresponding semantic vocabulary. This
observation confirms the high selectivity of the ex-
tracted emotion concepts. Simultaneously, distinct
emotions demonstrate significant orthogonality.
Notably, different negative emotions, such as anger,
disgust, and fear, exhibit minimal cross-activation.
This implies that the MLLM decomposes these
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Figure 17: Emotion Confusion Matrix.

concepts into nearly orthogonal subspaces rather
than collapsing them into a single “negative emo-
tion" cluster. Overall, these patterns reveal that the
MLLM possesses a high-dimensional and struc-
tured emotional latent space, allowing for precise,
multi-axis affective modulation without semantic
entanglement.

F Use of AI Assistants

We utilized AI assistants (e.g., GPT, Gemini) for
language polishing and grammar correction. Addi-
tionally, AI tools were used to assist with format-
ting the LaTeX document.

G Case Study
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Query Image Query Prompt: Describe the image concisely.

Base Output: The image shows a wooden bowl filled with various fruits, including bananas, peaches, and plums. In the foreground, 

there is a white plate with strawberries and a glass of  water. To the left, part of  a pineapple is visible in a white bowl. The setting 

appears to be on a wooden table, creating a fresh and vibrant scene. 

Steered Output: The image shows a variety of  fresh fruits arranged on a wooden table. In the foreground, there is a white plate filled 

with ripe strawberries. Behind the plate, there is a glass containing what appears to be a fish, though it's not entirely clear if  it's a real 

fish or just an artistic representation. Further back, there is a wooden bowl filled with a mix of  fruits including bananas, peaches, and 

plums. To the left, there is a whole pineapple placed in a white bowl. The arrangement suggests a vibrant and healthy fruit display, 

possibly for a breakfast or snack setup.

Inject Concept: fish

Query Image

Query Prompt: Describe the image concisely.

Base Output: The image presents a top-down close-up view of  a brass musical instrument, likely a trumpet or trombone. The 

polished golden bell dominates the frame with concentric reflections, leading into a dark, hollow center. The instrument is resting on 

a light brown wooden surface.

Steered Output: The image shows a close-up of  a shiny golden object on a wooden table. It resembles the bell of  a brass instrument, 

but the flared opening is shaped remarkably like a blooming metallic flower. The concentric rings of  the brass look like layers of  

golden petals unfolding from the center. It appears to be an artistic sculpture fusing a horn with a floral design.

Inject Concept: flower

Figure 18: Case of activation steering. (Entity)

Query Image

Query Prompt: Describe the style of  the image.

Inject Concept: oil painting

Base Output: The image leans towards a modern, edgy, and slightly retro vibe. It's a fashion-forward look with a touch of  90s 

influence. The outfit is primarily monochrome – black and white. This creates a clean, sophisticated look. The background adds a 

touch of  burgundy/maroon, providing a subtle contrast. 

Steered Output: The style is overwhelmingly that of  Modernism, specifically through its use of  the medium of  painting.  The image 

is a prime example of  the stylistic characteristics of  Modernism. The artist's intention to create a work that is not easily understood 

by the viewer, and the use of  the medium of  painting to achieve this goal.

Query Image

Query Prompt: Describe the style of  the image.

Inject Concept: Picasso

Base Output: The image embodies a classic, elegant, and sophisticated aesthetic, strongly reminiscent of  1960s high fashion 

photography. It's a portrait with a focus on glamour and refined beauty. The subject is a strikingly beautiful woman (likely a model or 

actress, possibly Katharine Hepburn), posed in a three-quarter view. 

Steered Output: The image presents a striking portrait that evokes the fragmented, geometric style of  Cubism. While capturing a 

woman in a hat, the high-contrast lighting divides her face into sharp, angular planes, creating an illusion of  multi-perspective 

distortion. 

Figure 19: Case of activation steering. (Style)
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Query Image

Query Prompt: Describe the emotional atmosphere of  the image.

Base Output: Peaceful and vibrant. The image evokes a sense of  calm and natural beauty, with the butterfly and flowers suggesting a 

thriving, gentle ecosystem. 

Inject Concept: awe

Steered Output: Beautiful, wondrous, and breathtaking. The intricate perfection of  the butterfly's wings against the complex floral 

structure is marvelous. It inspires a deep sense of  reverence for the natural world's beauty.

Inject Concept: disgust

Steered Output: Peaceful, natural, and slightly unsettling. The image depicts a butterfly on a plant, which is inherently unpleasant. 

The focus on an insect is not something people generally want to see.   It's a neutral image, but the subject matter creates a negative 

emotion.

Inject Concept: happiness

Steered Output: Light, joyful, and summery!   It feels bright and cheerful with a sense of  nature's vibrancy and playfulness. The 

butterfly adds a touch of  whimsy. 

Inject Concept: sadness

Steered Output: Peaceful and solitary. A lone butterfly clings to a fading flower, emphasizing isolation in a vast green void. It 

captures a fleeting, fragile moment that feels deeply lonely.

Inject Concept: anger

Steered Output: Natural, chaotic, and irritating. The image feels cluttered, with the butterfly appearing more like a pest infesting a 

weed. The overgrown background adds to a sense of  disorder and frustration.

Figure 20: Case of activation steering. (Emotion)

Query Image
Query Prompt: Describe the deep meaning of  the image.

Inject Concept: justice

Base Output: The image shows a bright and cheerful workspace featuring a small, rustic wooden desk with a striped chair. A green 

glass lamp with a white lampshade sits on the desk, alongside a clock and a vase of  flowers. Books, colored pencils, and a notepad are 

also arranged on the surface, creating a cozy and inviting study area. The walls are painted a sunny yellow, and white curtains hang in 

the background.

Steered Output: The image shows a bright and cheerful study or craft area. A rustic wooden table with a green glass lamp and a 

colorful striped chair are the focal points. Decorative elements include flowers in a teal vase, pencils, a small clock, and stacks of  

colorful books and papers. White curtains and a yellow wall add to the bright and airy feel of  the space. 

Query Image

Query Prompt: Describe the deep meaning of  the image.

Inject Concept: ancient

Base Output: A close-up portrait of  a fluffy, orange tabby cat with yellow-green eyes. It's looking slightly to the side, with a leaf  

partially obscuring its head, set against a blurred green background

Steered Output: The image shows a majestic ginger tabby cat with long fur gazing directly at the viewer. The cat has golden-yellow 

eyes and prominent whiskers. A green leaf  partially frames the cat's face, with a soft green background. The focus is clearly on the 

cat's face and majestic look.

Figure 21: Case of activation steering. (Abstract concepts)
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