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Abstract

Multimodal LLMs (MLLMs) have reached remarkable levels
of proficiency in understanding multimodal inputs. However,
understanding and interpreting the behavior of such complex
models is a challenging task, not to mention the dynamic
shifts that may occur during fine-tuning, or due to covariate
shift between datasets. In this work, we apply concept-level
analysis towards MLLM understanding. More specifically,
we propose to map hidden states to interpretable visual
and textual concepts. This enables us to more efficiently
compare certain semantic dynamics, such as the shift from an
original and fine-tuned model, revealing concept alteration
and potential biases that may occur during fine-tuning. We
also demonstrate the use of shift vectors to capture these
concepts changes. These shift vectors allow us to recover
fine-tuned concepts by applying simple, computationally
inexpensive additive concept shifts in the original model.
Finally, our findings also have direct applications for MLLM
steering, which can be used for model debiasing as well as
enforcing safety in MLLM output. All in all, we propose
a novel, training-free, ready-to-use framework for MLLM
behavior interpretability and control. Our implementation
is publicly available. 1

1. Introduction

With the rapid progress in Large Language Models (LLMs)
[7, 10, 28, 44, 65], Multimodal LLMs (MLLMs) [3, 12, 34,
39, 61] have recently demonstrated remarkable capabilities
in addressing complex multimodal tasks such as image cap-
tioning and visual question-answering.

MLLMs are typically composed of a visual encoder, an
LLM, and a connector. Following initial unimodal pretrain-
ing—and, in many cases, multimodal pretraining on large
datasets—these models can be further specialized by train-
ing on multimodal datasets [1, 33]. Given the high compu-
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tational cost of training these models, recent research has
proposed more efficient approaches, such as creating diverse,
high-quality instruction-tuning datasets [39] or keeping the
LLM frozen and fine-tuning small amounts of parameters,
like the connector [41, 57, 58, 67]. These approaches take
advantage of the ability of frozen LLMs to generalize to
multimodal data [56]. Despite the different efficient tuning
methods, training these models still incurs significant costs.

While substantial progress has been made in developing
high-performing MLLMs, relatively few studies aim to un-
derstand them [4, 47, 55, 56, 59, 61, 73]. Existing work
typically conducts post-hoc analyses of MLLMs in isola-
tion, overlooking the internal changes due to fine-tuning.
Research by [56] addresses this gap to some extent by exam-
ining the internal multimodal alignment as it evolves during
training.

In this work, we apply concept-level analysis to provide a
readable understanding of MLLM behavior and, in particular,
semantic dynamics that may occur due to fine-tuning, or due
to covariate shift when considering different datasets.

In the first case, we find that fine-tuning on a specific
task potentially reshapes learned latent concepts, with some
adjusting subtly to align with the task, and others emerging
or disappearing altogether (see Fig. 1). Notably, we find
that most fine-tuned concepts can be reconstructed from the
original model by translating its original concepts in the
direction of specific concept shift vectors, reducing the need
for additional training and its associated costs. Furthermore,
we explore the implications of the proposed analysis for
MLLMs steering, demonstrating how model outputs can be
modified inexpensively without additional training. Our key
findings are summarized as follows:
• We apply latent concept-level analysis to provide readable

understanding on MLLMs’ behavior ; in particular, we
show that fine-tuning can introduce significant alteration
in the original concepts.

• We show that we can control the MLLM’s behavior w.r.t.
certain concepts by simply manipulating shift vectors.

• Lastly, our findings also have direct applications for steer-
ing MLLM outputs, which find use for model debiasing
as well as safety control.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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In a nutshell, we propose a novel, ready-to-use framework
(including code) for MLLM behavior interpretability and
control, debiasing and steering, which, we believe, will pave
the way for future research.

2. Related Work
Concept-based explainability. Concept-based explainabil-
ity methods have emerged as an alternative to traditional fea-
ture attribution based methods, that are capable of extracting
key semantic features from the model internal representa-
tions. Most post-hoc concept-based approaches are based on
the idea of concept activation vectors (CAV) [30], which rep-
resent concepts as vectors in the activation space. Instead or
relying on human annotations, recent works have proposed
methods to automatically discover concepts via clustering
[21, 71] or matrix decomposition [18], which can be viewed
as instances of a dictionary learning problem [17]. Initially
focusing on understanding vision models, dictionary learn-
ing for concept extraction has been extended to LLMs e.g.
using sparse autoencoders [27, 52]. However, none of the
prior approaches have been applied to understand MLLMs,
with the exception of recently proposed CoX-LMM [47].
MLLMs and Explainability. Multimodal LLMs [3, 34,
39, 67] have recently garnered significant interest. They
typically adopt a late fusion architecture, and consist of
an image encoder [19, 51, 72], a connector, and an LLM
[28, 63, 65]. This family of models has inspired extensive
research to better understand them and explain their behavior.
For example, studies like [26, 45, 55] seek to identify mul-
timodal neurons within LLMs or analyze modality-specific
sub networks [56]. Some methods leverage the fact that
these models are text-generative to simply generate textual
explanations for model outputs [8, 20, 59, 70]. MLLMs ben-
efit from in-context learning capabilities, which have been
examined for limitations, including biases [4] and links to
hallucinations [59], as well as the factors that may enhance
their in-context learning performance [9, 49]. Related to our
approach, CoX-LMMs [47] employs dictionary learning to
extract multimodal semantic concepts from model represen-
tations. However, these studies typically assess models only
in their final trained states, overlooking the dynamic changes
that occur during training. Only limited works, such as [56],
have investigated explaining changes due to fine-tuning, fo-
cusing specifically on implicit alignment between image and
text modalities. In this work, we investigate how multimodal
concepts within the model evolve throughout fine-tuning and
explore the implications of these shifts on model steering.
Steering models with feature editing. In contrast to editing
model weights, representation or feature editing methods
[62, 66, 69] aim to modify model outputs without altering
the model’s weights. A prominent approach within this fam-
ily involves identifying steering vectors, or directions in the
feature space (often within the residual stream), that are

linked to contrasting concepts. These methods have been
applied to language models for various purposes, such as
enhancing factuality or reducing hallucinations [46], induc-
ing sentiment shifts or detoxification [64, 66], improving
refusals to harmful requests [2], promoting truthfulness by
modifying the output of attention heads [35], and erasing spe-
cific concepts or biases [6, 53]. However, their application
to MLLMs is yet to be explored. Another set of approaches
related to steering methods are based on In-context learning
(ICL) [15, 16, 29], where prompts are carefully designed
to induce desired behavior. Yet, ICL requires predefined
demonstrations and lacks interpretability at a concept level.
In contrast, our method offers lightweight steering, extending
such capabilities to MLLMs without requiring any training,
for instance as in ReFT [69].

3. Methodology Overview

Our framework is summarized in Fig. 1. We apply concept-
level analysis of MLLM latent space (Section 3.1) to define
and compare concepts between different setups. This allows
us to monitor conceptual changes occurring during fine-
tuning and manipulate MLLM behavior at a conceptual level
(Section 3.2). Lastly, our framework finds applications for
MLLM steering for e.g. debiasing and safety control (3.3)
with negligible computational burden.
MLLM setup. A generic MLLM consists of a visual en-
coder fV , a trainable connector C, and a language model
fLM. We assume that the model is pretrained on a mul-
timodal (e.g. captioning) dataset S = {(xi, yi)}i, where
xi ∈ X represents images and yi ⊂ Y are the associated
captions specified as sequence of tokens from token vocabu-
lary space Y . The model is trained to generate the next text
tokens, conditioned on text and images. The input to fLM is
a sequence of tokens that includes the concatenation of: (1)
NV visual tokens extracted from the image x via the visual
encoder and connector (C(fV (x))), and (2) linearly embed-
ded textual tokens corresponding to the text instruction and
previously predicted tokens. This can be expressed as:

ŷp = fLM (h1, . . . , hNV , . . . , hp),

where h1, . . . , hNV = C(fV (x)), and hp = Emb(ŷp−1),
with Emb representing the token embedding layer. During
generation, the output token ŷp is derived by normalizing
the last layer (L) tokens hp

(L), then applying the unembed-
ding layer WU and a softmax operation. The model keeps
predicting the next token until the end of the sentence token
to obtain the generated response ŷ = {ŷp}p>NV +NI

, where
NI is corresponds to the text instruction.

3.1. Retrieval and comparison of latent concepts
To understand the internal representations of any given
MLLM f , we leverage the approach introduced in [47].

2207



Multimodal 
LLM

Multimodal 
LLM

Fine-tuning

Fine-tuned 
K-concepts

Shifted 
K-concepts

Unrecovered 
concepts

Original 
K-concepts

T TDataset

Multimodal LLM

Transformer Block

Transformer Block

Is the giraffe taller 
than the grass?

Yes    No
No

Yes 

What color is the airplane?

white

black

How many towels?

1

3

Does the boat resemble a car?

yes

no

Figure 1. Framework overview. We apply concept-level analysis for MLLM behavior monitor and control, for (left) understanding and
manipulating (through shift vectors) concept changes due to fine-tuning, as well as (right) MLLM steering for debiasing or safety control.

Specifically, given a set of M images {x1, ..., xM} we ex-
tract a set of residual stream representations from some
layer l of the MLLM f . These representations zm =
fl(xm) ∈ RD (one per image) are collected in a feature ma-
trix Z ∈ RD×M . Typically, the set of images and extracted
representations correspond to a particular token of interest
TOI (e.g., ‘Dog’, ‘Cat’, ‘Person’, etc.) in the predicted
caption. However, the extraction can also be performed for a
larger set of target tokens. This feature matrix Z is then de-
composed as Z ≈ UV to recover the concepts in the latent
embedding space. Here, U ∈ RD×K is the matrix of K con-
cepts and V ∈ RK×M represents the coefficients/activations
of the samples projected onto these concepts. Different de-
compositions of the matrix K result in various concepts,
inheriting the properties of the decomposition (such as low
grounding overlap with PCA). We employ K-Means to learn
our concept dictionaries. This is motivated by K-Means’
simplicity, and straightforward arithmetic manipulation of
the clusters/concepts it allows. Each column uk ∈ U corre-
sponds to a concept, while each column of V encodes the
activation of these concepts for a given sample. Note that any
given representation fl(x) can be projected on U to obtain
its activation vector v(x) ∈ RK , i.e. fl(x) ≈ Uv(x). Each
extracted concept is then interpreted through grounding in
both image and text spaces. Specifically, the top NMAS that
activates concept uk the most represent its image grounding:

XMAS(uk) = argmax
X̂⊂Xt, |X̂|=NMAS

∑
x∈X̂

|vk(x)| , (1)

where vk(x) refers to the the activation of uk for image
x. For text grounding, we decode the features using the
unembedding matrix of the language model WU [5, 32, 43,
54]. Specifically, the operation WUuk ∈ R|Y| produces

logits over the vocabulary, and the top Ngrounding words with
highest logits are extracted:

Twords(uk) = argmax
Top-Ngrounding

(WUuk). (2)

Finally, to quantify the similarity of two concepts (i.e. the
columns of U we define the Text Grounding Overlap as:

T-Overlap(u,u′) = 100× |Twords(u) ∩ Twords(u
′)|

|Twords(u)|
. (3)

Now that we have defined a generic framework, we present
two subcases for extracting and manipulating concepts.

3.2. Evolution of concepts through fine-tuning.
Setup overview. An original model fa is typically fine-
tuned to produce a specialized model f b for a particular
task—or, specifically, for a set of target concepts. This fine-
tuning can be conducted on samples that include a set of
words {w1, · · · , wm} associated with these target concepts.
For instance, if we fine-tune a image captioning model to
emphasize colors in the image, the set of words will simply
be these colors. Efficient fine-tuning is typically achieved
using Low-Rank Adaptation (LoRA) [25, 34, 39]. Fine-
tuning can selectively alter certain representations, leading to
shifts in the conceptual space encoded by the model. Using
the interpretability framework discussed in Section 3.1 we
can study these shifts at a readable conceptual level.
Concept recovery via shift vectors. To study the change
from an original model fa to a finetuned model f b, we fix
the dataset S(1) = S(2), and obtain two sets of embeddings
from fa, f b respectively, i.e. A ≈ UaV a, B ≈ U bV b,
where Ua,U b ∈ RD×K are K concepts extracted from
each model. We propose to characterize the concept changes
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from an original to fine-tuned model as linear directions in
embedding space or concept shift vectors. To do so, we first
associate each original concept ua

k ∈ Ua with a subset of
samples where ua

k is the most activated concept:

Ak = {m | k = argmax
i

|va
i (xm)|}.

For each sample xm,m ∈ Ak we define δa→b
m = bm − am

as the change in its representation from fa to f b. To compute
the concept shift vector ∆a→b

k (ua
k) associated with ua

k, we
aggregate shifts of its associated samples specified by Ak:

∆a→b
k (ua

k) =
1

|Ak|
∑

m∈Ak

δa→b
m =

1

|Ak|
∑

m∈Ak

(bm − am)

The concept shift vector is used to shift each concept in the
original model ua

k to obtain the shifted concept us
k:

us
k = ua

k + α ∆a→b
k (ua

k), (4)

where α is a coefficient to control the shift magnitude. Un-
less otherwise stated, we use α = 1 as the default magnitude
of shift. It is worth noting that given the concept shift vec-
tors, the computation of shifted concepts does not rely on
accessing the fine-tuned model. Practically speaking, this
means that we can ”push” the original model towards the
concepts of a fine-tuned one with very little overhead, by
simply shifting its latent representation in the direction of
the shift vector, as it will be illustrated in the experiments.

3.3. Concept evolution across datasets and applica-
tions to model steering

Concept comparison between different datasets. Another
interesting subcase of the proposed framework consists in
evaluating the shift from one dataset S(1) to another S(2),
using the same model and encoding h. Beyond interpretabil-
ity of a model behavior, it also find applications for model
steering. Model steering (see Fig. 1 (right)) refers to guiding
the model outputs towards desired outcomes by modifying
the features without altering the model weights.
Coarse-grained model steering. In coarse-grained or global
steering, the objective is to adjust the model outputs ŷ to
generally align with a set of target samples (e.g., changing
answers type). Given input-output samples, we first extract
the answer representations B = b1, ..., bN at layer l from
the target set. Similarly, we obtain representations for the
original set A = a1, ...,aM (e.g. randomly drawn from the
train set). We then compute the coarse steering vector sc as:

sc =

∑N
i bi
N

−
∑M

i ai

M
, (5)

sc is applied to all the samples in the validation set. For
instance, the activations fl(xi) of a sample xi become:

f̃l(xi) = fl(xi) + αsc (6)
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Figure 2. Concepts extracted from original and fine-tuned mod-
els. concepts from the original fa (top), and model fine-tuned to
focus more on places fb (bottom), for TOI = person. The concepts
from fb exhibit a stronger association with places.

where α controls the steering strength and it is set to 1 (we
study α in App. B.5.3). Thus, in this setup, all examples are
coarsely steered in the direction of the steering vector sc at
layer l, before passing f̃l(xi) through the rest of layers and
f̃l(xi) becomes the input to the next layer l + 1.
Fine-grained steering. Unlike global steering, fine-grained
steering consists in finding and editing directions that ad-
just only certain concepts to other ones. To do this, we
decompose the hidden states of a set of samples into a set
of concepts U as previously explained. We then compute a
set of fine-grained steering vectors sf = sf11, ..., s

f
NN , with

sfij = sfij = uj − ui the steering vector from concept ui to
uj . However, not all steering vector are meaningful: options
for finding the relevant ones include proximity matching, as
well as identifying vectors that have the strongest impact on
guiding the model towards generating specific answers or
concepts (e.g. producing significantly more target answers).
This is more detailed in App. B.3. Various applications of
MLLM steering can be explored, such as gender debiasing
and safety alignment, as it will be shown below.

4. Experiments
4.1. Fine-tuning experiments
In this section, we study how fine-tuning introduces changes
in the overall structure of the learned concepts in MLLMs (
with the architecture described in Section 3).
Implementation details. The main paper covers experi-
ments on the popular LLaVA [38] model comprising a CLIP
image encoder, a two-layer MLP connector, and a 7B Vicuna-
1.5 LLM. More experiments on a different multimodal model
can be found in App. A. We conduct our study in a con-
trolled setup that consists in specializing the model on a
target dataset. Specifically, we apply fine-tuning on three
different subsets of the Visual Genome dataset [31], related
to places, colors, and sentiments (more details in App. A.2).
Impact of fine-tuning on learned concepts. Fig. 2 depicts
this concept change. Throught the concepts groundings for
an exemple TOI (person) we see that the fine-tuned model
puts a stronger emphasis on places, which is expected and
serves as a sanity check for our method.
Matched concepts. To further analyze how each concept
changes after fine-tuning, we focus on each concept and its
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Figure 3. Concepts text grounding change after fine-tuning. Text
grounding for concepts (TOI = bus) from fa and their match from
fb, (fine-tuned to focus more on places). Emerging concepts may
include grounding words not explicitly included in the fine-tuning
vocabulary for place (e.g., ”District”, ”Crossing”), while others
evolve more smoothly (e.g., ”Street”).

match. Specifically, we define a matching function m : i →
j∗ which associates each concept vector ua

i in set Ua to its
closest vector ub

j∗ in set U b based on cosine similarity, i.e
m(i) = argmaxub

j∈Ub
cos(ua

i ,u
b
j).

Fig. 3 shows the text groundings for various concepts,
displaying the words with a frequency lower than 5 across
concepts (e.g., filtering out high-frequency terms like bus,
vehicle, etc.). We observe the emergence of place-related
terms across the identified elements, while the overall the-
matic structure remains consistent. Note that certain con-
cepts may converge toward the same fine-tuned concept. We
also analyze how the distances between matched concepts
evolve during fine-tuning in App. A.3.
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Figure 4. Text grounding overlap (T-Overlap) between original
and fine-tuned model concepts. Different concepts change to
different extents depending on the fine-tuning.

Concept evolution. To quantify how much a concept
ua
i ∈ Ua is changed after fine-tuning, we compute the

overlap between its grounding words and those of its closest
matching concept from the fine-tuned model U b. Specifi-
cally, we compute T-Overlap(ua

i ,u
b
m(i)) (Eq. (3)) for all the

concepts i ∈ {1, . . . ,K}, and visualize them for different
fine-tunings in Fig. 4. We observe varying rates of change
across different concepts and fine-tunings. This might be due
to the difference in the fine-tuning dataset size, complexity,

or similarity to the original dataset. It also highlights 2 main
behaviors, detailed as follows:
• Concepts that are refined. This group contains the con-

cepts that slightly change to be more specialized towards
the fine-tuning task (Fig. 5 top, middle rows). These con-
cepts exhibit a relatively high (T-Overlap(ua

i ,u
b
m(i))).

• Concepts that change completely. This group contains
the concepts that emerge or, to a certain extent, disappear
(Fig. 5 bottom row) in the fine-tuned model. New concepts
emerge during fine-tuning likely due to the introduction of
novel patterns or relationships. These concepts exhibit a
relatively low (T-Overlap(ua

i ,u
b
m(i))).
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Figure 5. Concepts evolve differently due to fine-tuning. Left:
concepts extracted from the original model fa. Right: matched
concept extracted from fb, fine-tuned to focus on places. Each
concept is grounded in image and text. We observe different levels
of adaptation across concepts: some concepts specialize further by
adding to place-related words (e.g., Top), some concepts introduce
place-related words while staying aligned with the original concept
in textual or visual groundings (e.g., Middle), while others undergo
complete transformation, diverging significantly from their original
meaning to fully embrace place-related elements (e.g., Bottom).

We also notice that T-Overlap decreases with the number
of training iterations, indicating that fine-tuning leads to devi-
ation from the original concepts (more details in App. A.3).
Evaluating fine-tuned concept recovery. To study if the
fine-tuned concepts U b can be recovered from the original
ones Ua, we first establish a matching (m : i → j) be-
tween the set of original {ua

i }Ki=1 and fine-tuned concepts
{ub

j}Kj=1. For systematic evaluation of recovery of all fine-
tuned concepts, we constrain m to be bijective using an
optimal transport algorithm detailed in App. A.1. Finally,
we evaluate how well a shifted concept us

k (Equ. (4)) is sim-
ilar to its match ub

m(k) using the aforementioned T-Overlap
metric. Fig. 6 shows the results of recovering the fine-tuned
concepts for models fine-tuned on different subsets of the VG
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Figure 6. Recovering fine-tuned concepts. Across different fine-
tunings (places (top), colors (middle) and sentiments (bottom)), we
compute the average text grounding overlap of original and shifted
concepts with the matched fine-tuned ones. Shifting the original
concepts result in partially recovering the fine-tuned ones.

dataset (place, color, sentiment). We report the T-Overlap
between the shifted us

k and fine-tuned concepts ub
m(k) for

various different tokens of interest. For each target token
and finetuning we extract K = 20 concepts and report the
mean and standard deviation over them We use the overlap
between the original concepts ua

k and the fine-tuned ones
as a baseline. We observe that most shifted concepts show
higher overlap than the original ones : this demonstrates that
fine-tuned concepts can be efficiently recovered from the
original model with concept shift vectors.

0.6 0.7 0.8 0.9
Shift consistency

0.2

0.4

0.6

Co
nc

ep
t r

ec
ov

er
y

 Overall Pearson correlation: 0.65 
 Overall p-value: 0.0000

Dog Person Bus CarDog Person Bus Car
Figure 7. Correlation between shift consistency and concept
recovery (Color finetuning). The more consistent and aligned the
individual representation shifts associated with a concept, the better
the recovery of the fine-tuned concept.

Which concepts are recovered better? We hypothesize
that if the representation shift for individual samples as-
sociated with a concept ua

k, {δa→b
m |m ∈ Ak}, is consis-

tently aligned with the concept shift vector, the resulting
∆a→b

k (ua
k), should be more effective at recovering the fine-

tuned concept. We quantify the consistency through mean
cosine similarity of {δa→b

m }m∈Ak
with the concept shift vec-

tor ∆a→b
k (ua

k). In other words, this quantifies the alignment

of individual shifts and their mean, ∆a→b
k (ua

k):

Consistency(ua
k) =

1

|Ak|
∑

m∈Ak

cos(δm,∆a→b
k (ua

k)),

We measure the recovery of concept k, CRk, as the improve-
ment in similarity between the matched fine-tuned ub

m(k)

and shifted concept us
k, relative to the original one ua

k:

CRk =
cos(ub

m(k),u
s
k)− cos(ub

m(k),u
a
k)

cos(ub
m(k),u

a
k)

(7)

We plot the consistency and recovery for concepts extracted
across four tokens of interest for color finetuning in Fig. 7.
Plots for other finetunings are in App. A.5. Crucially, we
observe a positive and statistically significant correlation be-
tween the two quantities across all the finetuning tasks. This
supports our hypothesis that a better concept shift recovery is
related to consistency of individual shifts of original concept.
More ablation studies about concept recovery are available
in App. A.4, analyzing the influence of steering strength α,
number of concepts K, and extraction layer l.
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Figure 8. Linear separability of concepts features in MLLMs.
We visualize the features related to the concepts ”yes” and ”no”
after PCA projections across MLLMs layers.

In summary, we demonstrated the feasibility of recovering
target fine-tuned concepts by applying simple per-concept
shift of the original model features. This supposes that the
features related to different concepts are almost linearly sep-
arable, which empirically seems to hold at least for the last
MLLM layers as pictured on Fig. 8, and as previously stud-
ied for LLMs in [42, 48]. This motivates the following
investigations on using a similar methodology for simple,
computationally inexpensive, yet efficient MLLM steering.

4.2. Multimodal model steering
We perform steering by applying a steering vector v to the
residual stream features Z of the MLLM, without changing
its parameters. We first evaluate the MLLM steering capabil-
ities in a visual question-answering (VQA) setup. Then, we
show the applicability of our MLLM steering to control cap-
tioning styles. Lastly, we present two steering applications:
gender debiasing, aiming to mitigate biases in model outputs,
and safety alignment, i.e. ensuring that the model refuses to
generate harmful information. We discuss technical details
for each of these applications in App. C and App. D.
Setup. For VQA tasks, each query consists of a question
about an input image, and the model generates an answer.
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To measure the effectiveness of our approach in directing
the model towards specific answers or answer types, we re-
port the number of generated answers that align with the
target output or answer type. Additionally, we aim for tar-
geted steering, ensuring that only specific answer types are
influenced. For example, when altering answers from “yes”
to “no” within the ”yes/no” category, responses to other
question types should remain unaffected. This specificity
is assessed by tracking accuracy across answer types and
number of answers from each type.
Implementation details. Experiments in the main paper
are primarily conducted on LLaVA [39] for conciseness.
However, we show in App. B.2 that our method is gener-
ally applicable to other popular MLLMs. We experiment
on VQAv2 [24], a visual question-answering corpus with
image-question-answer triplets and annotated answer types
(”yes/no”, ”number”, and ”other”). Steering vectors are de-
rived from a subset of the train set, with model performance
evaluated on the val set. As steering becomes more effective
in deeper layers (see Fig. 8 and App. B), we apply it on the
last layer. Additional experiments can be found in App. B.

Target Type
Answers Type

yes/no number other

N/A 366 122 494

yes/no 557 96 288
number 327 201 390

other 364 115 501

Table 1. Steering MLLMs answers type. Number of target an-
swers type increases significantly after model steering.

Coarse and Fine-Grained Model Steering for VQA. We
explore both coarse and fine-grained steering in VQA tasks.
Specifically, coarse steering aims to alter the distribution
of answers, while fine-grained steering targets specific re-
sponses. For coarse-grained steering, we direct the model’s
answers toward a particular category: yes/no, numbers, or
other (e.g., colors, objects). We compute a steering vector
for each target answer type. As shown in Table 1, applying
steering significantly increases the proportion of the targeted
answer type. For fine-grained steering, we first assess the
feasibility of identifying such steering vectors. Fig. 9 illus-
trates examples of these vectors. We derive them from three
sets of sample answers corresponding to ”yes/no,” ”num-
ber,” and ”other” categories. Interestingly, some vectors
distinctly align with specific answers such as ”No,” ”4,” and
”Red.” This confirms the potential to identify fine-grained
steering vectors capable of guiding the model toward a pre-
cise response. Building on these insights, we seek to steer
the model toward a user-specified answer. For each origi-
nal/target answer pair (e.g., yes/no), we collect some samples
and compute the corresponding (coarse) steering vector. We
then apply these vectors to all validation set samples. In
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Figure 9. Discovering meaningful steering directions. Each line
corresponds to a fine-grained steering direction to steer the model
answer to: ”No” (yes/no), ”4” (number) and ”Red” (other). Some
steering directions are targeted (e.g., ”No”) as there is slight change
in both the accuracy and number of answers types on other types
(e.g., number, other). We show the relative scores compared to a
baseline with no steering.

Table 2, we report evaluation metrics when steering at the
last layer. The results show that steering effectively increases
the occurrence of target answers, while accuracy on other
answer types remains largely stable.

Steering
Accuracy (%) Answer Types Answers

Yes/No Number Other Yes/No Number Other Original Target

N/A 90.82 58.47 71.10 1861 687 2349 0 0
Yes → No 69.03 56.82 68.99 1884 695 2294 -828 +828
1 → 3 90.71 54.52 71.12 1861 670 2350 -215 +144
White → Black 90.40 58.42 58.36 1861 671 2312 -98 +441

Table 2. Steering MLLMs answers. Steering answers from
”Yes” (Yes/No), ”1” (Number), ”White” (Other) to ”No”, ”3”,
”Black” respectively. The number of original/target answer counts
decreases/increases significantly, while the accuracy on other an-
swer types changes only slightly, and the number of answer type
counts remains almost constant.

a large sign that says public 
market center

a large red sign that says public 
market center

an elderly man and woman 
sit on a couch

a man and woman sit on a 
couch and smile

a woman is looking at her cell 
phone while holding a glass

a woman is looking at her cell 
phone in a crowded area

Figure 10. Steering MLLMs captions style. Captions steered to
focus more on colors (left), places (middle) and sentiments (right).

Steering image caption styles. We previously applied steer-
ing on relatively brief answers from the VQAv2 dataset.
Here, we extend this approach to longer, descriptive outputs
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using the COCO captioning dataset [37]. Given that multiple
captions can effectively describe an image by emphasizing
various aspects such as the main object, surroundings, ac-
tions, or events, we aim at modifying captions to align with a
specific target style. Here, we learn a coarse steering vector
between samples with predicted captions in the target style
and random samples. Qualitative examples of this steering
for LLaVA are in Fig. 10. Results in Table 3 demonstrate
that captions can be effectively steered towards a target style
even when considering tasks with longer responses. We
provide more captioning experiments in App. B.4.

Target Style
Captions Style

places colors sentiments

N/A 430 1309 2

places 796 1077 1
colors 488 2561 1

sentiments 393 1040 48

Table 3. Steering MLLMs captions style. Each line corresponds
to a different steering vector. Steering towards a target style in-
creases the number of captions with that style.

Gender debiasing captions. We perform gender debias-
ing on COCO test set, aiming at mitigating biases for any
gendered nouns when captioning. We experiment with both
coarse and fine-grained steering. The coarse steering vector
is computed between sets of samples with a gendered/neutral
noun in the caption. For fine-grained steering, we steer each
concept to its closest (as defined by its cosing similarity)
counterpart among the neutral concepts, as explained in Sec-
tion 3.3. The results are reported in Table 4. Interestingly,
both strategies are capable of converting many gendered
captions to neutral ones, with fine-grained steering being
significantly more effective than coarse steering.
Safety alignment. Pure text LLMs often exhibit stronger
safety alignment compared to MLLMs [11]. Empirical ev-
idence for this can be found in App. D. Using this insight,
we construct two sets of samples, categorized as safe and
unsafe, by evaluating the model’s response to identical mali-
cious content presented in different modalities: one conveyed
through text and the other through text + image. We use these
to compute a safety guard steering vector. This steering vec-
tor gives the model a higher level of safety, without affecting
its usefulness for safe tasks (Table 5). We evaluate the safety
of the model by ASR (attack success rate) metric, described
in detail in App. D.

5. Discussion
Limitations. The effectiveness of our method relies on the
fact that the concepts are represented by linear directions in
latent space. However, recent work [14] has found that not all
features are captured as such : thus, when analyzing recovery

Model Total Method Gendered → Neutral

LLaVA-1.5 794
coarse 232

fine-grained 632

Idefics2 815
coarse 237

fine-grained 315

Qwen2-VL-Instruct 926
coarse 134

fine-grained 300

Before Steering After Steering

A young boy with curly hair is playing a
video game.

A child with curly hair is playing a video
game.

A man riding a dirt bike on a beach. A person riding a dirt bike on a beach.

Table 4. Gender debiasing results: number of occurrences of
gendered terms converted to neutral terms across different models
and methods, after steering with α = 1. Below, qualitative samples
illustrate changes in descriptions before and after applying steering.

Model Before steering After steering
Qwen2-VL-Instruct 45/100 5/100

Table 5. Enhancing MLLM Safety Through Steering. We eval-
uate safety using the ASR metric, quantifying the proportion of
responses that do notrefuse to provide harmful instructions. Our
assessment is conducted on a portion of MM-SafetyBench [40]
dataset. A lower ASR is desired when the prompt requires harmful
instructions.

of fine-tuned concepts, it can be interesting to explore more
sophisticated similarity measures and matching algorithms.
Conclusion. In this work, we introduced a novel concept-
based analysis framework for monitoring and controlling
MLLM behavior, offering new insights into how latent rep-
resentations evolve during fine-tuning and across datasets.
To address the former, we proposed concept shift vectors, an
efficient method for recovering and interpreting concepts in
fine-tuned models relative to their original counterparts. This
approach naturally led us to explore the latter case, where
we demonstrated the ability to steer model behavior by mod-
ifying features – without requiring additional training. Our
results show that this technique effectively modifies MLLM
answers, enabling applications such as gender debiasing,
safety control, and enhanced caption generation that high-
light different aspects of an image. By releasing our code,
we hope our framework will benefit the community and en-
courage research towards better understanding of MLLMs,
as well as their broader applications in domains such as
physical and digital agents [50, 60].
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raju, Léonard Hussenot, Thomas Mesnard, Bobak Shahriari,
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