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Abstract

Recent advances in Large Multimodal Models (LMMs) lead
to significant breakthroughs in both academia and indus-
try. One question that arises is how we, as humans, can
understand their internal neural representations. This pa-
per takes an initial step towards addressing this question
by presenting a versatile framework to identify and inter-
pret the semantics within LMMs. Specifically, 1) we first
apply a Sparse Autoencoder (SAE) to disentangle the rep-
resentations into human understandable features. 2) We
then present an automatic interpretation framework to in-
terpreted the open-semantic features learned in SAE by the
LMMs themselves. We employ this framework to analyze
the LLaVA-NeXT-8B model using the LLaVA-OV-72B model
and demonstrate that these features can effectively steer the
model’s behavior. Our results contribute to a deeper under-
standing of why LMMs excel in specific tasks, including EQ
tests, and illuminate the nature of their mistakes along with
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Dataset Examples that
activates on “Canoes and
kayaks on water”
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Prompt
Human : <image>
Based on the image,

tell me a story about
Alice and Bob

Original
Once upon a time, in a cozy living room, ...
Completion with feature #3 clamped to a high value
paddling. The water was calm, and the sky
was a clear blue, suggesting a beautiful day
for a paddle. As they paddled, they talked
about their day, ... and the peacefulness of

the water.

As they approached the shore, ...

(c)

(b)
Figure 1. a) The Sparse Autoencoder (SAE) is trained on LLaVA-NeXT data by integrating it into a specific layer of the model, with all
other components frozen. b) The features learned by the SAE are subsequently interpreted through the proposed auto-explanation pipeline,
which analyzes the visual features based on their activation regions. ¢) It is demonstrated that these features can be employed to steer the
model’s behavior by clamping them to high values.

potential strategies for their rectification. These findings of-
fer new insights into the internal mechanisms of LMMs and
suggest parallels with cognitive process of the human brain.
We opensource our codebase and checkpoints at Github

1. Introduction

Recently Large Multi-modal Models (LMMs) [3, 8, 22, 23,
38] have significantly advanced the field of computer vi-
sion, achieving remarkable success in various applications
such as personal assistant, medical diagnosis, and embod-
ied agents [26, 41]. These models have been integrated into
commercial products to assist people’s daily life [2, 28] and
hold large potential to transform the future. Despite their
success, the opaque nature of LMMs often leads to unex-
pected behaviors, such as the hallucination of non-existent
objects and relationships within images [15], as well as vul-
nerability to jailbreak attacks [7, 35]. These challenges un-
derscore the critical importance of understanding and con-
trolling the neural representations of LMMs.


https://github.com/EvolvingLMMs-Lab/multimodal-sae

Interpreting LMMs presents several challenges com-
pared to traditional models. One key challenge is the high-
dimensional, polysemantic nature of their representations.
A single neuron within these networks may encode multiple
semantics, while a single semantic can also be distributed
across multiple neurons [12, 32]. For example, a neuron
in the vision features of Inception v1 can respond to both
cat faces and car fronts [31]. The larger dimensionality of
LMMs compared to conventional models adds more com-
plexity. An efficient algorithm is needed to decompose neu-
ral representations into basic components. The second chal-
lenge is the vast and open-ended concepts in LMMs. Tra-
ditional models, which contain only hundreds of monose-
mantic concepts such as color, objects, attributes, and lay-
out [4, 34, 36, 44], can be analyzed through extensive hu-
man labeling, enabling interpretation of neural representa-
tions based on these specific concepts. In contrast, LMMs
contain hundreds of thousands of monosemantic concepts
across open domains, making human analysis infeasible.
This calls for a zero-shot approach to detect the concepts,
which minimizes human effort.

Existing works, such as [5, 14], have demonstrated that
larger models, like GPT-4, can be used to interpret neu-
rons in smaller models, such as GPT-2. In this paper,
we take an initial step toward exploring this approach in
the domain of LMMs. We aim to dissect and understand
open-semantic features by applying similar methods to an-
alyze LLaVA-NeXT-8B with the larger LLaVA-OV-72B
model. We employ sparse auto-encoders (SAEs) [11, 33],
a classic interpretability method, to address the first chal-
lenge of polysemantic neurons by disentangling them into
human-understandable features. In previous works such
as [6, 14, 20, 37], the learned features in SAE are proven to
be more monosemantic and human-understandable than the
neurons. For the second challenge, we develop a pipeline
for automatic feature discovery in SAEs, taking advantage
of LMMs’ zero-shot abilities. Specifically, for a specific
learned feature in SAEs, we first identify Top-K images and
the areas in those images that mostly activate on the fea-
ture. Then the images and patches will be fed into LLaVA-
OV-72B [18] to examine the common factors and generate
explanations.

In addition to methodological contributions, our case
studies also offer unique insights into LMMSs. Firstly, we
identify emotional features in LMMs and demonstrate that
these features enable LMMs to generate or share emo-
tions. Secondly, we discover the low-level perception neu-
rons (e.g., shape, texture, and color), object neurons, scene
neurons, and invariant visual neurons. Secondly, previ-
ous works have highlighted the exceptional capabilities of
LMMs in EQ assessments [4 1] and their ability to read emo-
tions. We extend this investigation by exploring the emo-
tions of LMMs and steering the model to express its own
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feelings. Thirdly, we identify the causes of certain model
behaviors and analyze potential reasons for undesired out-
comes, such as hallucinations. Adjusting the relevant fea-
tures can rectify the mistake.

* For the first time in the multimodal domain, we propose
a pipeline to automatically interpret the vast and open-
semantic features in LMMs. SAEs are adopted to dis-
entangle these features into mono-semantic neurons, and
another LMM is used to interpret the neurons.

This pipeline additionally enables us to steer model be-
haviors to induce desired outputs, identify the underlying
causes of model behaviors, and offer an analysis of how
to address these issues.

Our case studies also provide unique insights into LMMs.
We discover unique neurons in LMMs, localize the causes
of model behaviors, and steer the model to eliminate hal-
lucinations.

2. Methodology

In this section, we present our methodology to disentangle,
interpret, and steer the internal representation of LMMs.

2.1. Sparse Auto-encoders for Disentanglement

Architecture and loss function: We utilize the SAE ar-
chitecture outlined in OpenAl’s research [14], which con-
sists of a two-layer auto-encoder with a TopK activation
function. Let’s denote the input by € R7*%_ where T
is the number of tokens and d; is the hidden dimension of
Llava. The SAE operates as follows:

z = TopK(ReLU(W1 (CB — bl) + bg)),
.’f} = WQZ + bg,

ey
2

where z € RT*% where d, is the hidden dimension of
SAE, represents the sparse data representation, & is the re-
constructed data, and the sets { W, b; } are the trainable pa-
rameters. The loss function combines the reconstruction er-
ror with an auxiliary loss used in [14] to prevent inactive
features in z.

To understand why SAEs yield monosemantic features,
we draw parallels between the components in (1) and those
in traditional sparse coding [11, 33]. In this context, W
acts as an overcomplete dictionary [1] for the input data,
with its rows forming the dictionary vectors, and z serv-
ing as the sparse coefficients corresponding to these vec-
tors. Due to the sparsity of z, the dictionary vectors tend
to be nearly orthogonal (or mutually incoherent) to mini-
mize reconstruction error. This near orthogonality suggests
that the dictionary vectors are almost independent and each
coordinate of z is expected to be monosemantic.

Integrating SAEs into LLaVA: We incorporate SAE
into a specific layer of LLaVA, where the hidden represen-
tation corresponds to « in (1). The SAE is trained using the



Cache Image set — Per-Feature
8 Feature #607

Operation

Top 5 activated
_N—

/il —
HEEN ---N HEN---H
Image Tokens

Encoder 2

Top-256 activated

Store A 5»
H ot - . . .
i g: ﬁ The highlighted regions consistently show French fries

You are a meticulous Al researcher conducting an important
investigation into a certain neuron in a vision language model.

1. Focus only on the highlighted region in each image. ...

2. ldentify common visual patterns, objects, or concepts in the
activated regions ...

[GUIDELINES]

You will receive a series of images...

Cached Sparse Activations

Figure 2. The overview of the explanation pipeline, where images are forwarded through the LMM with the integrated SAE, and the

activations of the top 256 most activated features are cached. For

each feature, the top 5 images with the highest activations are selected,

followed by the execution of zero-shot image explanations using a large LMM.

LLaVA-NeXT [17, 22] sft dataset, which contains approx-
imately 779k samples. During forward, we always use the
Anyres [22] strategy to process the image tokens.

2.2. Zero-shot Identification of Concepts

To identify the open-semantic features, we present a
pipeline leveraging open-source Large Multimodal Models
(LMMs) to identify concepts within LMMs. In this subsec-
tion, we only consider the 576 base image features when
preparing the exemplars.

Identifying the Top Activated Images and Patches: Ini-
tially, we pinpoint the most activated images for each co-
ordinate in the latent space vector z. Due to computa-
tional resource constraints, we cache a subset of images
from the LLaVA training dataset and augment it with im-
ages from additional datasets [13, 17, 21, 42], with a to-
tal 46684 images, collectively denoted as D. These images
are processed through LLaVA to yield the representation
X € RIPIX576xd  The corresponding latent representa-
tion in the SAE is Z € RIPI*576xds By averaging over
the second dimension, we obtain the mean activation val-
ues Z = 5> Z[:,5,:] € RIPI¥%. For each feature
in the SAE, we identify the top-5 influential image by se-
lecting the top-5 activations along the first dimension of Z.
To determine the specific patch that activates a feature, we
process the top-k most influential image through LMMs to
obtain its representation & € R>*576%d and its correspond-

ing SAE latent for a feature Z; € R5*°76 where i represent
one of the feature in d,. In real time, since we are using
a Top-K SAE, we can cache the Z using a sparse vector
V e RIPIX576xE by selecting the Top-K features from the
last dimension and reduce the forward number.

Automatic Feature Interpretation of LMMs by LMMs:
We apply masks to the top activated images, using transpar-
ent masks for the most activated patches and black masks
for the rest. These masked images are then input into
LLaVA-NeXT-OV-72B [18] to detect common patterns. If
no common patterns are discernible, the system will re-
turn a message stating “unable to produce explanations”.
We demonstrate the overall procedure of our explanation
pipeline in Fig. 2.

Reference Score Calculation: To quantify the relevance
of a feature’s activation to a given concept, we first refine
the descriptive text using language models to enhance con-
ciseness. For instance, the verbose description “The fea-
ture activates on the train tracks ...” is condensed to “Train
tracks”. This refinement is performed with a smaller LLM
to minimize computational expense and time. Following
this, GroundingDino-SAM [24] is employed to generate
a segmentation mask based on the succinct interpretation.
Subsequently, we construct a composite mask incorporating
every object detected in the image. The IoU score between
the segmentation mask and our activation mask is then cal-
culated, serving as the reference score for the feature’s rel-
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Explanation Feature #28

The highlighted regions consistently show railway tracks,
with variations in lighting and perspective. ...

10U = 0.69

(.
Refine » «
-
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Activated Region
Railway tracks

4

GroundingDino :;

Figure 3. An overview of the evaluation pipeline for calculating
10U scores. Initially, a small LLM is used to refine the explanation
into a concise description, which is then employed to generate the
segmentation mask. The IOU score is subsequently computed by
comparing the mask to the binarized activated region.

evance. An example of the evaluation process is demon-
strated in Fig. 3 where the refined explanation is being sent
to the GroundingDino-SAM [24] to produce the segmenta-
tion ground truth and calculate the IOU with the activated
region.

2.3. Steering the Neural Representation

Having interpreted each representation in the SAEs, we ex-
plore how to influence the output by steering a specific fea-
ture within the SAEs. Steering involves adjusting the fea-
ture’s value, either increasing or decreasing it. Specifically,
steering in SAEs entails setting the ¢-th hidden represen-
tation to a predetermined value k. We define the steering
operation Steer(C, k, 7) in SAEs as follows:

z = ReLU(Wl (SE — bl) + bg), 3)
2[C,j] = h @
2 = TopK(2), )
& = Wi2 + bs, ©)

where C represents the set of tokens designated for steering,
k is the steering value, and j is the index of the feature in the
SAE to be steered. Following the steering operation, we in-
put & into the subsequent LLaVA layer instead of «. In the
experiments discussed in Section 4.1, we apply steering to
all tokens by setting C accordingly. This steering operation
is further utilized in the subsequent subsection.

2.4. Localizing the Causes for Model Behaviors

In scenarios where LMMs make decisions, it is often crucial
to discern whether these decisions are influenced by vision-
related tokens and to determine which specific features are
activated. We follow similar approaches in [29, 37, 39] and
introduces the technique to identify such relationships in
this subsection.
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We assume the input comprises 7 tokens and the model
begins outputting from the (7" + 1)-th token, with the de-
cision represented by a single token. We denote the output
logits for the (T + 1)-th token as wu, the current output token
id as v. = argmax(u), and a baseline token id as v;. Our
objective is to ascertain why the LMMs exhibit a preference
for v. over vp. The difference in logits is defined as:

d(uvvc»vb) = ’LL[’UC] - u[vb]'

To locate the causes for the decision, we iterate over every
patch and every hidden feature in the SAE. The process in-
volves three steps for each token ¢ and each SAE feature
j: 1. Apply Steer(4, j,0) to negate the feature’s impact. 2.
Process the modified input through Llava to obtain new log-
its w. 3. Calculate the influence of the j-th feature in the i-th
token on the decision preference for v, over vy:

I(i,j, Ve, Ub) = d(ﬁ'a Ve, Ub) - d(ua Ve, 'Ub)'

Given the time-intensive nature of this method due to multi-
ple forward passes, we employ a linear approximation with
the method in [29]:
T
) (2 -z )a

where z is the SAE’s activation post-steering operation.
This approximation allows us to estimate attribution of each
token as illustrated in [29].

dd(u)
0z

I(iaj7 UCan) ~ <

3. Experiments

3.1. Scaling SAEs for LMMs

Dataset and Model Setups: We choose the LLaVA-NeXT-
LLaMA3-8B [17] as our base model and hooked the SAE
on the 25" layer and use the same fine-tuning data from
LLaVA-NeXT [22] for training. During training, unlike
previous works [6, 14, 37] that used a pretrained format text,
we format the text and image into ways that looks exactly
the same as the supervised fine-tuning stage. We scale our
sparse autoencoder with 2!7 with 8 batch size and 4 gradi-
ent accumulation steps. We later tries to scale the features
into 2'8 but observe no loss decrease. We use the same Top-
k sparse autoencoder settings as Gao et al. [14], Makhzani
and Frey [27] and select £k = 256 that similar to the acti-
vated features in [37]. Unless otherwise specified, we will
use the settings of SAE with 217 features for the rest of this
paper. The reason that we choose this large number of fea-
tures is that we wish our feature to be more splited and in-
formative as similar in the approaches in [1, 37].

3.2. Interpretaion Pipeline Evaluation

Results We present our result in Tab. 1. Due to the same
limitation as illustrate in [6, 37], we report the result on
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Figure 4. A comparison of several visual concepts and their activated areas. We compare several visual concepts and their corresponding
activated areas, showcasing one example for each concept across different features. For each feature, we calculate the IOU by averaging
the IOUs from the top-5 activated images. Although some features yield relatively low IOU scores, we find that the explanations are still

semantically accurate with respect to the activated regions.

Concept | Metric | Random V-Interp (Ours)
wene | TOU(1) [ 000741 107 0.20
‘ cS(M) | 18146x1072 244
object IOU (1) | 0.005+5 x 1074 0.19
CS (1) | 182+2x 102 24.0
10U (1) | 0.007+2 x 103 0.21
part CS(1) | 181+5x 102 235
eriag | TOU (1) | 0.01+8 107 0.39
cS() | 181+1x107! 24.1
texture 10U (1) | 0.007 £ 2 x 103 0.21
cS (1) | 18446x1072 209
color | TOU (1) | 0005 +2x 1078 0.10
cS(M) | 19647 %1072 203
Towl | 1OU (1) [ 0.005+2x 10 0.20
cS() | 18241x1072 236

Table 1. The Intersection over Union (IoU) and CLIP scores for
each concept are computed based on the top-5 most activated im-
ages.

‘scene object part material

093 0.84 0.9 1.0
070 0.85 0.60 0.95

texture  colour | Total

0.85 0.92 0.89
0.80 0.60 0.75

GPT-40
Human

Table 2. Consistency scores for our explanation for GPT-40 and
human, highlighting the agreement between GPT-40-generated
and human-generated explanations.

a 5000 subset of features with around 46684 images for
caching the features’ activations. For the random result, we
randomly sampled 5 images from the cache dataset and run
10 times for IOU and 30 times for the CLIP-Score. We then
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reported the average result of each run along with the 99%
confidence interval. We followed the concepts used in [4]
and utilize LLaMA-3.1-Instruct-70B [10] to help us label
the concept according to its explanation. In Fig. 4, we also
present examples that demonstrate the activated region for
different concepts and report the IOU scores for each exam-
ple.

Consistency We present the consistency scores for each
concept in Tab. 2. To evaluate the consistency of our expla-
nations with the activated image regions, we employ GPT-4
as a judge and conduct a human study. We evaluate GPT
consistency using a total of 600 test cases, with 100 test
cases per concept. For human consistency, we manually
label the correctness of 60 test samples, with each sample
verified by two human experts, resulting in 120 evaluations.

3.3. Cross Layer Ablations

| LLaVA (8th) LLaVA (25th) LLaVA (32th) Random
10U | 0.30 0.31 0.40 0.005
cs | 22.82 24.92 26.55 18.2

Table 3. Ablation studies across different LLaVA layers

Cross-Layer Ablations To strengthen our experiments,
we conduct additional analyses across different layers of
LLaVA-NeXT-LLaMA3-8B [17]. Due to resource limita-
tions, we train only three separate SAEs with k£ = 4096,
each applied to low-level, mid-level, and high-level trans-
former layers, and analyze 100 features within the model.



Random (BLIP)
17.71

| BLIP (25th)
CS | 28.01

Table 4. Evaluation the effect on different model struction

Our results consistently show a significant improvement
compared to random baselines, suggesting that these phe-
nomena are universal across different transformer layers.
This finding validates the results of [6, 37]. Additionally,
we observe that as layer depth increases, both IOU and Clip-
Score improve. This phenomenon confirms our observa-
tions and aligns with the perspectives of [30, 39].

3.4. Model Architecture Ablation

Model Architecture Ablation To further validate our re-
sults and assess their universality, we test our approach on
Instruct-BLIP-7B [9], a Q-Former-based model [19], using
a middle-layer. The SAE settings remain consistent with
those in Sec. 3.3. Since BLIP image tokens are limited to
only 32 tokens, we evaluate only the Clip-Score on Instruct-
BLIP-7B, comparing it to a random baseline. As shown in
Tab. 4, our results demonstrate that our method generalizes
across different models.

4. Probing into the Features

In the previous section, we demonstrate that we are able to
locate and interpret the visual features in an LMM using
an automatic pipeline. However, what distinguishes LMM
from the traditional vision model is its ability to talk, rea-
son, and generalize between different modalities. In other
words, we believe that the features inside LMM are open-
semantic and should not be limited to the concepts in [4].
In this section, we probe into the features in our SAE and
try to find out how different features contribute to the final
result, and how these features being used to steer model’s
behavior in different scenarios.

4.1. Case Studies of Emotion Feature

When interacting with humans, it is essential that the model
demonstrate empathy and the ability to understand human
emotions. In [41], it has been shown that large multi-
modal models (LMMs) can perceive emotions and Emo-
tional Quotient (EQ), enabling them to understand and res-
onate with human feelings. Building on this, we specifically
investigate the relevant features, exploring how the model
comprehends these features and how they influence its rea-
soning processes. Through examples of various image fea-
tures and their effects on model responses, we demonstrate
that LMMs are capable of: 1) Connecting emotional con-
cepts between text and visual features, such as actions and
behaviors; 2) Engaging with human emotions by adjusting
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Prompt
Dataset Examples that acliva,tes on 3 . Human : <image>
« ” N . L
feature that related to “happy . £ % Lookat thisimage, What
~ e q «* s your feeling right now?
34 )

Original Completion
Assistant: I'm just an Al, so | don't have
feelings, but | can tell you that the image
depicts a cheerful scene with a group of
smiling emajis, ...

Completion with feature #19379 clamped to 50

Assistant: happiness

Figure 5. The feature that relates to happy. We find out that the
feature is related with joy and celebrate action that relate to happi-
ness. By clamping this feature, we can enforce the model to share
the feeling happiness with others.

the corresponding features to intervene in the reasoning pro-
cess manually. 3) Response to the concept that with invari-
ant features between modalities.

Happy Beyond simply experiencing a feeling, it is also
essential for the LMM to interact and share emotions when
presented with a specific scenario. Toward this goal, we use
the same method to probe the feature associated with “hap-
piness” and provide an image depicting a joyful scenario.
When asked about its feelings without steering, the model
responds that it does not experience emotions. However,
similar to the “sad” feature, when we clamp the “happy”
feature, the model responds with expressions of happiness,
as shown in Fig. 5. This demonstrates that the model’s rea-
soning process can be effectively influenced.

Hungry, Greedy We discovered an intriguing feature that
links the text-based emotional concepts of greedy and hun-
gry to visual representations of the action eating and the
word hungry. We notice that the feature activates in re-
sponse to the word hungry in the image, suggesting that it
connects not only to the action eat but can also extend to
broader concepts. To test this, we clamp this feature and
prompt the model with “Tell me a story about Alice and
Bob”; the generated response revolves around themes of
greed as shown in Fig. 6. This demonstrates that the model
can reason from the visual action eat to a broader concept
encompassing greedy and hungry with a unified view.

Quantitative Results for Steering Currently, there are
no methods that can quantitatively evaluate steering effects,
even in LLM literature [37]. The difficulty lies in the fact
that quantitative evaluations of steering effects heavily de-
pend on the prompts, and the existence of certain neurons
could inhibit these effects. We took an initial try to use
LLMs for evaluations. The prompt is “What do you see



Prompt

Dataset Examples that
activates on “people eat foods”

Human : Tell me a story about Alice and
Bob

Original Completion

Once upon a time, in a land far, far away,
there lived two best friends named Alice
and Bob. ...

Completion with feature #14 clamped to 50

greedy. He wanted to make as much
money as possible, no matter the cost.
He spent all of his time thinking about
ways to increase his profits, and he didn't
care who he had to stepontodoit. ...

"Stay hungry,
stay fan

Figure 6. A feature that relates to the concept “eat”. We further
investigate about the concept behind this feature and find out that
model can reason from a visual action “eat” into the concept “con-
cept” and “greedy”

Question

According to the image, does Bolivia
cover part of the Amazon Basin?

Model’s response

Yes, according to the image, Bolivia
covers part of the Amazon Basin. ...

Correct Answer

No. According to the image, Bolivia
does not cover part of the Amazon
Basin.

Figure 7. An example of the hallucination on LLaVA. Bolivia is
not shown on the image but the model still answer yes.

in this image?” and the given image feature a pure white
background. We selected 100 object neurons, and only 11
of them exhibit a difference before and after steering. We
used GPT-4 to assess the relevance in 1-10 (10 is highest
like MT-Bench) and compared it with a random selection,
as shown in Appendix D.

4.2. Low Level Perception Features

One key distinction in our features, compared to those in
Large Language Models [6, 14, 37], is the presence of nu-
merous low-level visual features. These features represent
basic visual concepts, such as color, shape, and patterns,
and often exhibit high activation across images. For in-
stance, in Fig. 5, the feature for “happy” ranks only 78th,
with many low-level concepts also present. We highlight
these features in Appendix H, underscoring a key difference
between LMMs and LLMs.

4.3. Localizing the Cause for Model Behaviors

In Sec. 2.4, we mention the patching method that used to
locate the cause for the model’s output. This has been
treated as viewing the features as model’s intermediate steps
in [37]. In this section, we use a hallucination example to
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Feature highlights to feature that relate to the word "Barcelona" on the
street signs

Clamp feature #257 to high value

o the image, it appears that the country of Bolivia is not shown in its
entirety. The map shows parts of the Amazon Basin, but it is not
clear if the entire country of Bolivia is depicted. The map shows the
Amazon River and its tributaries, which are part of the Amazon
Basin, but the extent of the map does not provide enough
information to determine if it covers the entire country of Bolivia.

Figure 8. Feature that relates to the text “Barcelona”. By clamping
this feature to high value, we intervene the reasoning steps and
hallucination in Fig. 7 disappears.

deeply study this process in LMM. As shown in Fig. 7, we
provide an example from HallusionBench [15] that LLaVA
hallucinates on the image and answer Yes even if the image
does not shown anything about Bolivia.

To study the cause for this output, we set the answer to-
ken v. = yes and v, = no algorithm to calculate per-token
contributions. This allows us to filter out features that bias
the model toward answering “yes” over “no.” Specifically,
we focus on two points: 1) Whether the model reasons cor-
rectly from the image, and 2) If the model attends correctly
to the image, which text components cause hallucination.
To address these, we sort features by their attribution effects
on image and text separately and identify common high-
attribution features.

Image Attribution In Fig. 9, we visualize image patches
for common areas with high attribution among the features.
To do this, we first filtered out the top 10 features with the
highest attribution towards the final output “yes” and visu-
alized their attribution map. Examining these top features
reveals that they primarily contribute to tokens associated
with text elements, such as map legends, country names,
and other key visual details. This observation demonstrates
that the model is effectively focusing on relevant areas of
the image and has the ability to accurately identifying where
to extract necessary information. However, even with the
correct visual perception ability, the model still fail to pro-
duce the final answer.

Text Attribution To further investigate the source of the
incorrect answer, we continue visualizing the attribution of



Image Attribution

High Image Attribution area on the image patches

=rs

High Text Attribution tokens on the question

According to the image, does [BOIiVig cover part of the Amazon Basin? According to the image, does Bolivia cover part of the Amazon Basinf]

According to the image, does Bolivia cover part of the Amazon Basinl According to the image, does Bolivia cover part of the Amazon Basin?

According {0 the image, [H08SIBOIVIgIcover part of the Amazon Basind According to the image, does BOIiVig cover part of the Amazon Basin?

Figure 9. The high attribution area of different images and on the text. For images, we observe that features with high attribution mostly
activate on positions that relate to key information about the question. For text, we observe that the “Bolivia” token contributes the most to

the answer “yes”

Feature #281

Feature highlights to feature that relate to the word ”Los" on the traffic
signs

Clamp feature #281 to high value

The image you've provided is a map of the South American region,
showing the geographical distribution of different types of
vegetation. The map is labeled with the names of countries and
regions, but it does not specifically indicate whether Bolivia covers
part of the Amazon Basin.

However, it is known that Bolivia is located ...

Figure 10. Feature that relates to the text “Los”. We validate our
assumption by finding another feature that relates to text and miti-
gate the hallucination.

text tokens in the question. As shown in Fig. 9, the token
“Bolivia” contributes most to features with high attribution
toward the answer “yes.”” Additionally, tokens like “to”
and “the,” along with concepts such as “Amazon Basin,”
also have a positive attribution to the hallucinated answer
“yes.” This partially explains why the model responds with
“yes” instead of “no,” even after extracting useful informa-
tion from the image. While reasoning from visual features,
the model is also influenced by text, leading it to approach
the question with its pretrained knowledge.
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4.4. Application of Model Steering on Hallucination

After identifying the cause for causing the hallucination, we
start to wonder how can we fix this hallucination by using
steering. We are now assure that the model has the ability
of reading the image as it can focus on the correct part of
the image but it is being affected by the text tokens and
approaches the question without answering the question on
image. In this subsection, we focus on how can we utilize
the steering effect to intervene the reasoning steps for the
model to get the correct answer.

To address this, we identify features that encourage the
model to focus on image text rather than question text.
We hypothesize that clamping activations of certain OCR
features can shift the model’s focus to image-based fea-
tures. We find two such features that reduce hallucinations.
In Fig. 8, clamping a feature linked to “Barcelona” prompts
the model to rely on image information instead of general
knowledge. Similarly, in Fig. 10, clamping a feature related
to “Los” on traffic signs leads the model to conclude Bo-
livia is absent. This demonstrates that with minimal inter-
vention, the model can prioritize image information while
sometimes following incorrect reasoning.

5. Conclusion

In summary, we analyze the internal structure of the LMM
and introduce an automated pipeline for interpreting its
open-semantic features. We also propose methods to steer
the model’s behavior and identify error sources. By exam-
ining both structural and functional aspects, we provide in-
sights into its interpretability and reliability, aiming to ad-
vance research and encourage further exploration.
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