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Abstract. Existing jailbreak defense frameworks for Large Vision-Language
Models (LVLMs) often suffer from a safety–utility tradeoff, where strength-
ening safety inadvertently degrades performance on general visual-grounded
reasoning tasks. In this work, we investigate whether safety and utility
are inherently antagonistic objectives. We focus on a modality-induced
bias direction consistently observed across datasets, which arises from
suboptimal coupling between the LLM backbone and visual encoders.
We further demonstrate that this direction undermines performance on
both tasks. Leveraging this insight, we propose TBOP (Two Birds, One
Projection), an efficient inference-time jailbreak defense that projects
cross-modal features onto the null space of the identified bias direction to
remove the corresponding components. Requiring only a single forward
pass, our method effectively breaks the conventional tradeoff, simultane-
ously improving both safety and utility across diverse benchmarks.

Keywords: Trustworthy AI · Jailbreak Defense · Safety-Utility Tradeoff
· Large Vision-Language Models (LVLMs)

1 Introduction

Large Vision-Language Models (LVLMs) extend the reasoning capabilities of
Large Language Models (LLMs) by integrating visual perception. However,
this expanded input space introduces complex cross-modal interactions during
contextualization, which can shift cross-modal features away from the original
safety-aligned space established in LLM backbone training. Consequently, the
model’s inherent refusal mechanisms for harmful cross-modal queries are often
weakened, significantly increasing susceptibility to jailbreaks.

Prior research has addressed these safety risks through two primary lenses.
Training-based methods such as MLLM-Protector [25] integrate auxiliary safety
modules (e.g., harm detectors) using additional fine-tuning data. Conversely,
inference-time approaches like ECSO [9] and ETA [5] assess the harmfulness of
generated responses and refine them without retraining. Despite their effectiveness,
these approaches predominantly follow a detect-then-detoxify paradigm. This
⋆ Work done during internship. † Corresponding author.
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reliance on post-hoc safety detection inherently triggers a safety–utility trade-off.
By treating the symptoms (i.e., harmful outputs) rather than the underlying
cause, these methods inevitably become more conservative as defenses strengthen,
unnecessarily suppressing benign queries and degrading overall utility performance
as observed in Fig. 1. Furthermore, this sequential paradigm incurs significant
computational overhead and memory costs due to multiple forward passes and
auxiliary model dependencies.
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Fig. 1: Tradeoff Between Safety
and Utility in LVLM Defenses. By
effectively eliminating the shared perfor-
mance undermining direction, ours gen-
erates safe and useful responses, thereby
overcoming the conventional tradeoff.

While recent generative approaches
such as Immune [7] and CMRM [17] at-
tempt to mitigate these risks internally,
they still fall short of a holistic solution.
Specifically, Immune lacks a rigorous anal-
ysis of the side effects that its internal
manipulations have on utility, resulting in
substantial performance loss. CMRM re-
lies on carefully tuned coefficients, making
it sensitive to dataset-specific variations
thus limiting its effectiveness and general-
izability. Consequently, these methods still
fail to effectively harmonize two objectives:
safety and utility.

In this work, we argue that the per-
sistent conflict between safety and util-
ity is not an inherent property of LVLMs.
Instead, We identify the common struc-
tural root cause that simultaneously under-
mines both safety and utility performance:
modality-induced bias arising from the imperfect coupling between the vision
encoder and LLM backbone.

Motivated by this insight, we propose TBOP, an efficient inference-time
defense strategy for LVLMs that can generate safe and useful responses, by
removing the bias-related components from cross-modal features through projec-
tion onto the null space of the identified bias direction. Extensive experiments
demonstrate that our simple projection-based approach simultaneously improves
performance across diverse safety and utility benchmarks, effectively breaking
the conventional tradeoff and establishing a more practical foundation for secure
LVLM deployment.

Importantly, the identified bias direction is invariant to its intensity, enabling
TBOP to generalize across data distributions. Furthermore, since such biases
naturally emerge from cross-modal integration and are costly to mitigate through
additional training, TBOP provides an efficient inference-time remedy.

Our main contributions can be summarized as follows:

– We identify that modality-induced bias consistently affects both safety and
utility performance, serving as a shared performance-undermining direction.
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– We propose an effective defense strategy for LVLMs that can achieve signifi-
cant improvements across a wide range of safety and utility tasks.

– TBOP is designed as a computationally efficient inference-time defense strat-
egy that requires only a single forward pass, enabling seamless integration.

2 Related Work

Large Vision Language Models. Recent advances in large vision language
models (LVLMs) have demonstrated that pairing visual encoders with pretrained
text-only LLMs, typically via a projector that bridges the visual feature space
and the LLM’s token-embedding space.

Representative systems include LLaVA [15], InstructBLIP [4], Qwen2-VL [31],
and InternVL [3], which adopt this general design while differing in the specific
alignment modules or training strategies for integrating visual representations
with language models. Such modular coupling often induces representational
misalignment, arising from the components being optimized under different
objectives and training stages [11, 18, 39], which in turn brings a range of issues,
from object hallucination to broader safety vulnerabilities.

Jailbreak Attacks and Defenses in LVLMs. LVLMs remain highly vul-
nerable to jailbreak attacks that exploit cross-modal interactions. HADES [12]
shows that images can conceal and amplify malicious context to evade guardrails,
undermining safety alignment. Test-time backdoors like AnyDoor [20] implant uni-
versal triggers via adversarial images, exposing the limits of input filtering. Recent
analyses [16,19,28] argue risks compound across modalities [33,36], demanding
defenses that address risk composition rather than single-channel perturbations.

Defenses for LVLM jailbreaks can be broadly grouped into train-based and
inference-time approaches. Train-based defenses, including finetuning-based safety
alignment [21, 26, 43], improve harmlessness but require training cycles and
computational overhead. Inference-time defenses, such as prompting strategies
[27,34,41] and alignment methods [5,7] avoid modifying model weights but often
suffer from brittleness under cross-modal attacks.

Feature Manipulation. Recent work shows that feature-level manipulation
can systematically steer LLMs toward safer and more faithful outputs [24, 32,
37]. ReFAT [37] finds a “refusal” feature dimension in the residual stream and
adversarially trains on its worst-case offset, operationalizing harmful subspaces
to improve robustness.

TSV [24] adds a vector that reshapes representations to split truthful from hal-
lucinatory content without weight updates. InferAligner [32] uses safety steering
vectors from an aligned model to guide a target model. On the other hand, layer-
wise analyses [29] further motivate interventions on token-level states rather than
only outputs. Within LVLMs, VTI [18] reduces hallucinations by test-time steer-
ing of multimodal features. Nullu [35] builds a HalluSpace from contrasts between
hallucinated and truthful feature embeddings, and suppresses hallucinations via
weight editing, yielding an effect akin to feature manipulation.
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CMRM [30] and ShiftDC [44] utilize feature manipulation for safety align-
ment. Building on these ideas, we propose a defense method that removes bias
components in cross-modal features to better align safety while extracting refined
representations for enhanced visual grounding.

3 Consistent Modality-induced Bias as Degradation Axis
in LVLMs.

3.1 Preliminaries

Decomposition of Cross-modal Representations. Following the formulation
introduced by Liu et al. [17], the representation of a text–image pair can be
decomposed as:

h(xtxt, ximg) = h∗(xtxt, ximg) + α · [h(xtxt, x
′
img)− h(xtxt)], (1)

where the difference term h(xtxt, x
′
img)− h(xtxt) defines the representation shift

introduced by the visual modality, capturing how the feature changes purely due
to the activation of the visual input. The dummy image x′

img serves as a blank
input to isolate modality activation from visual content, and the ideal component
h∗(xtxt, ximg) represents how the model should encode cross-modal information
in the absence of such undesirable distortion.

Because this shift arises from a single underlying mechanism, namely the
activation of the visual modality, it induces a consistent pattern across inputs.
Consequently, the resulting shifts do not disperse arbitrarily in the feature space
but concentrate along a limited set of dominant directions, forming a structured
subspace. We refer to this systematic deviation from the ideal representation as
modality-induced bias, which we argue is a key factor underlying performance
degradation in both safety defense and general visual-grounded reasoning.

Visual Inputs as Expanded Attack Surfaces. Empirical studies have re-
vealed that visual inputs significantly increase jailbreak vulnerability: HADES [12]
reports that even blank images can double attack success rates. Motivated by
these findings, defenses such as ECSO [9] attempt to mitigate this risk by con-
verting harmful images into text captions and regenerating responses if the
initial output is classified as harmful, underscoring the strong link between the
visual modality and multimodal vulnerability. Furthermore, CMRM [17] analyzes
these vulnerabilities in feature level, demonstrating that visual inputs can shift
representations away from safety-aligned regions, thus inducing toxic outputs.

3.2 Observations

Consistent Modality-induced Bias Across Safety and Utility. While
prior research has primarily focused on the impact of visual inputs on model
safety, we further analyze whether this bias also appears for utility-related inputs.
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(a) Modality-induced bias (b) Performance shift under bias-direction steering

Safety (MMSB) Utility (MME)

Fig. 2: Consistent Modality-induced Bias Across Safety and Utility in LVLMs.
(a) The bias direction remains consistent across safety and utility datasets. (b) Rein-
forcing the bias along either bsafe or butil in cross-modal features causes substantial
performance degradation in both tasks. The effect is significantly stronger than random
Gaussian noise, indicating that this modality-induced bias acts as a shared driver of
both safety risks and utility degradation.

To this end, we curated a dataset of 1,260 instances each from safety (e.g., MM-
SafetyBench) and general utility (e.g., MME) benchmarks. We then quantify the
representation shift in the contextualized features of the final input token by
comparing text-only queries (xtxt) with their multimodal counterparts (xtxt, x′

img)
incorporating a dummy blank image. As shown in Fig. 2-(a), this modality-induced
bias consistently manifests across both safety and utility domains, exhibiting a
high degree of directional alignment (i.e., cos ≥ 0.6).

Moving beyond mere observational analysis, we investigate the causal rela-
tionship between the identified bias directions and their impact on safety and
utility. First, we extract the principal bias components from each domain via
Singular Value Decomposition (SVD), denoted as bsafe and butil. By utilizing
unit eigenvectors, this procedure isolates the directional influence of the bias
from variations in its magnitude across different datasets. To evaluate the func-
tional implications, we conduct feature perturbation experiments by steering
the contextualized features of cross-modal pairs (xtxt, ximg) along the bsafe and
butil direction (Fig. 2-(b)). Our empirical findings confirm that amplifying the
modality-induced bias—regardless of whether the direction is derived from safety
or utility tasks—induces a synchronous performance degradation across both
tasks. Notably, this impact is significantly more pronounced than that of stochas-
tic perturbations using isotropic Gaussian noise of equivalent norm.
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Qualitative Analysis. Amplifying bsafe causes the model to generate step-
by-step instructions for harmful queries, systematically undermining LVLMs’
defense mechanism. Synchronous performance degradation is observed in benign
vision-grounded question-answering tasks; upon amplifying butil, the model ex-
hibits response collapse to yes-or-no questions (e.g., exclusively answering “No”),
producing answers without properly grounding them in the visual cues. These
pathological behaviors scale with steering intensity, further confirming that this
modality-induced bias serves as a common driver for both utility degradation as
well as safety risks in multimodal systems.

On the Causal Link Between Modality Bias and Grounding Impair-
ment While previous studies have observed that modality-induced bias can
adversely affect safety performance, its impact on visual grounding has received
little attention. One plausible explanation on the underlying mechanism is that
introducing the image modality can activate visual priors. Zhou et al. [42] showed
that such priors can dominate actual visual cues, similar to language priors, by as-
signing higher probability to expected answers while attending less to underlying
visual evidence, leading to object hallucination and impaired visual grounding.

Table 1: Limitated Performance
Gains of the Steering-based Ap-
proach in Safety and Utility Tasks. Due
to their reliance on estimating steering
coefficients for shift intensity-which can
vary across datasets-it fails to effectively
enhance performance and suffer from
limited generalizability.

Method Safety (↓) Utility (↑)
MMSB HADES MM-VET MME

Vanilla 38.86 39.06 41.91 1715.13
CMRM 25.02 32.30 41.11 1814.89
Ours 5.09 5.48 43.98 1870.17

Remedies for Mitigating the Modality-
induced Bias. The most straightforward
approach to alleviate the bias is to steer the
cross-modal representation in the opposite
direction. Recall the decomposition from
Eq. (1) where α represents the degree of
a shift. Defense strategy based on feature
steering, such as CMRM [17], attempts to
neutralize this shift via representation in-
terpolation: ĥ(xtxt, ximg) = h(xtxt, ximg)−
α̂ · ∆h = h∗(xtxt, ximg) + (α − α̂) · ∆h,
where α̂ is the estimated steering coeffi-
cient. However, this approach presents lim-
ited performance and generalizability since
it is sensitive to hyperparameter tuning
for tracking α, as the true shift intensity
of the modality-induced bias varies across
datasets and samples. We hypothesize that this reliance on coefficient estima-
tion is a primary factor behind the suboptimal performance of conventional
steering-based defenses observed in Tab. 1. Therefore, there is a critical need
for a methodology independent of bias coefficient that can robustly neutralize
modality-induced bias by focusing on its geometric direction, thereby ensuring
consistent performance regardless of variations in α across inputs.
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4 Method

We propose TBOP (Two Birds, One Projection), an inference-time defense
strategy for LVLMs by identifying and removing modality-induced bias from the
model’s internal representation. TBOP operates fully at inference time, requires
only a single forward pass, and enhances visual grounding while suppressing the
safety risks.

4.1 Modality-induced Nuisance Subspace

We formalize this structure by defining the nuisance subspace, which captures
the principal directions along which the visual modality perturbs the model’s
representation. Let V ∈ Rd×d be an orthonormal basis of this space, and the
projection V V ⊤h(xtxt, ximg) then corresponds to the component of a multimodal
representation aligned with these perturbation directions.

Definition 1 (The Nuisance Subspace). The nuisance space W is defined as
the subspace spanned by all modality-induced shifts vectors:

W = span
{
h(xtxt, x

′
img)− h(xtxt)

∣∣∣ ∀xtxt

}
. (2)

The orthogonal projector V V ⊤ extracts the bias component of any representation.
By construction, each bias vector lies entirely in W and is therefore orthogonal

to its complement:

h(xtxt, x
′
img)− h(xtxt) ⊥ (I − V V ⊤). (3)

Assumption 1 (Ideal Representation Orthogonality) By equation 1, the
ideal multimodal representation h∗(xtxt, ximg) is assumed to be orthogonal to the
nuisance space:

h∗(xtxt, ximg) ⊥ W. (4)

This reflects that modality-induced shifts represent undesirable perturbations
that do not contribute to the semantic multimodal encoding.

Together, these formulations allow us to isolate and subsequently remove the
bias component through projection-based inference-time intervention.

4.2 Orthogonal Projection for Bias Removal

Given the characterization of the nuisance space W , our goal is to remove the
representation components that align with this space. Since W captures the
principal directions along which the visual modality perturbs the model’s internal
representations, suppressing these directions allows us to mitigate modality-
induced vulnerabilities and refine better cross-modal features during inference.
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To achieve this, we project the cross-modal representation onto the orthogonal
complement of the nuisance space. For any representation h(xtxt, ximg), the
corrected representation is obtained as:

h̃(xtxt, ximg) = (I − V V ⊤)h(xtxt, ximg). (5)

This projection removes the bias-related component V V ⊤h(xtxt, ximg), while
preserving the components unrelated to modality-induced shifts.

Under the ideal representation assumption introduced earlier, this procedure
preserves the ideal multimodal component:

(I − V V ⊤)h∗(xtxt, ximg) = h∗(xtxt, ximg), (6)

and eliminates the modality-induced shift:

(I − V V ⊤)[h(xtxt, x
′
img)− h(xtxt)] = 0. (7)

Thus, the resulting representation h̃(xtxt, ximg) approximates the ideal represen-
tation by selectively suppressing directions associated with modality-induced
perturbations. By removing the components aligned with the nuisance space, this
projection effectively neutralizes vulnerability inducing directions while refining
visual grounding features and it can be applied with only a single forward pass
at inference time.

4.3 Approximating the Nuisance Space

The true nuisance space W is defined conceptually as the span of all modality-
induced bias vectors. However, this space cannot be computed exactly, as it
requires enumerating all possible text inputs. To obtain a practical approximation,
we estimate the principal directions of modality-induced shifts from a finite sample
set.

Given a collection of text inputs {x(i)
txt}Ni=1, we compute the empirical shift

vector for each sample as:

d(i) = h(x
(i)
txt, x

′
img)− h(x

(i)
txt).

Stacking these vectors yields a shift matrix D ∈ RN×d, where each row corre-
sponds to one empirical shift.

To extract the principal directions that characterize the bias space, we perform
singular value decomposition (SVD) on D:

D = UΣV̂ ⊤.

The right singular vectors in V̂ represent orthogonal directions in the representa-
tion space ordered by their contribution to the overall variance of the shift vectors.
We select the top-k singular vectors to form an approximate basis V̂k ∈ Rd×k,
which captures the most influential dimensions of modality-induced perturbations.



TBOP: Safety–Utility Harmonization in LVLMs via IFP 9

Finally, we replace the ideal basis V in the projection with this approximated
basis, yielding the practical inference-time correction:

h̃(xtxt, ximg) = (I − V̂kV̂
⊤
k )h(xtxt, ximg). (8)

This procedure enables a low-dimensional approximation of the nuisance space
derived purely from empirical shift observations, making the projection both
computationally efficient and readily applicable to real-world LVLMs.

To apply this projection in practice, we must specify which internal repre-
sentation of the model is used for computing the shift vectors and performing
the correction. Following prior work [13, 17], we extract the activation of the
final decoder layer at the position of the last input token. By intervening at
this representation located immediately before the projection into the model’s
output vocabulary, we operate at the point where multimodal information is
most concentrated and directly influences generation. This choice not only yields
strong empirical performance but also ensures computational efficiency, as the
projection is performed on a single, compact feature vector per input.

5 Experiments

In this section, we verify whether our proposed method effectively mitigates
safety vulnerabilities while simultaneously enhancing the comprehensive visual
understanding capabilities of LVLMs.

5.1 Experimental Setup

Benchmark Datasets. First, we evaluate whether the model can effectively
defend against harmful cross-modal inputs. We use MM-SafetyBench [19]
(SD-TYPO) and HADES [12], which contain harmful text–image pairs across
various scenarios; in HADES, images are generated through an iterative process
that progressively amplifies toxicity. We also test on FigStep [8], an image-text
benchmark that embeds step-by-step unethical instructions in typography, under
the black-box attack SI-Attack [40], which alleviates jailbreaks by shuffling text
instructions. To further verify that our method also generates useful response,
we test MME [6], which consists of yes-or-no perception and cognition tasks;
MM-Vet [38], which assesses open-ended multimodal reasoning including OCR
and spatial reasoning tasks; and ScienceQA [22], comprising of multiple-choice
scientific questions that require nuanced reasoning over modality-specific cues.

Evaluation Protocols and Metrics. We follow standard protocols of each
benchmark for all evaluations. For safety evaluation, we measure the Attack
Success Rate (ASR), defined as the proportion of responses classified as harmful
by the LLM judge LLaMA-Guard-4-12B [10]. For utility evaluation, we assess
MM-Vet with GPT-4.1 [23] to score open-ended generation output.
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Table 2: Comparative Analysis of Safety and Utility Performance on LLaVA-
7B and 13B. Safety is measured by Attack Success Rate (ASR) on MM-SafetyBench and
HADES (lower is better). Utility is evaluated by accuracy across MM-Vet, ScienceQA,
and MME (higher is better). The best and second-best results within each model scale
are highlighted in bold and underlined, respectively.

Model Method Safety (↓) Utility (↑)

MMSB HADES MM-Vet ScienceQA MME

LLAVA 7B

Vanilla 38.86 39.06 41.91 57.20 1715.13
Protector 7.48 16.13 37.15 48.13 725.39
Immune 9.39 14.53 21.18 41.26 1394.69
ECSO 8.48 12.00 41.31 54.16 1601.56
ETA 8.34 3.47 40.10 56.50 1698.52
Ours (TBOP) 5.09 5.48 43.98 63.10 1870.17

LLAVA 13B

Vanilla 32.89 28.92 45.63 59.84 1773.24
Protector 7.80 26.27 47.10 52.18 556.08
Immune 12.96 8.40 18.10 44.38 1471.44
ECSO 10.58 13.60 46.29 54.07 1668.62
ETA 5.88 3.87 44.64 59.11 1755.49
Ours (TBOP) 2.56 1.74 49.98 65.20 1798.85

Baselines and Backbones. To evaluate the safety–utility tradeoff in LVLMs, we
benchmark our method against representative defense frameworks. We compare
our method with (1) the source model, (2) MLLM-Protector [26], a train-based
approach, and inference-time approaches that operate at the prompt, token, or
feature-level: (3) Immune [7], (4) ECSO [9], (5) ETA [5] and (6) CMRM [17].
As our LVLM backbones, we employ LLaVA-1.6-7B/13B [14], Qwen2.5-VL-
7B [1], InternVL2.5-8B [2], and InstructBLIP-7B [4]. Unless otherwise specified,
experiments without explicit model descriptions are conducted with LLaVA-7B.

Implementation Details. By default, 20% of MM-SafetyBench and 10% of
MME are set aside for anchor dataset to compute shift vectors, based on the
observation in Sec. 3.2 that modality-induced bias operates along a consistent axis
across both safety and utility dimensions. For fair evaluation, we report results
on the validation split only. We use k = 32 as default and conduct ablations
across various k in Sec. 6.2.

5.2 Evaluation Results

Enhancements in Both Safety and Utility. The comparative results in
Table 2 demonstrate that our method achieves a superior balance between
safety and utility compared to all existing baselines. While conventional defense
mechanisms—such as Protector, Immune, and ECSO—significantly reduce ASR
on MM-SafetyBench (MMSB) and HADES, they frequently incur a substantial
utility tax, leading to degraded performance on vision-language benchmarks
like MM-Vet and MME. In contrast, TBOP not only achieves the lowest ASR
in most categories (e.g., reaching 2.56% on MMSB for LLaVA-13B) but also
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MMSB HADES SQA MME

Vanilla Ours

Fig. 3: Category-wise Performance Comparison Across Safety and Utility
Tasks. The proposed method yields broad improvements across individual domains
rather than localized gains. This collective advancement drives the overall enhancement
in both defensive robustness and multimodal reasoning capabilities.

consistently improves utility scores beyond the original Vanilla models across
all scales. This simultaneous enhancement validates that by identifying and
neutralizing the shared axis of degradation, our method effectively mitigates
multimodal vulnerabilities while refining the model’s overall perception and
reasoning capabilities.

We present a category-level comparison between the vanilla LLaVA-7B and
ours across safety and utility benchmarks. As shown in Fig. 3, TBOP consistently
improves defense success rates (1−ASR) across all categories from explicit harmful
requests to more implicit threats such as professional misuse. Furthermore,
performance gains are observed across all categories of ScienceQA and MME:
SQA probes multimodal reasoning breadth through diverse subjects and grade
levels, each imposing distinct reasoning demands on multimodal comprehension,
while MME assesses fine-grained perception and recognition abilities. These
results demonstrate holistic improvement not confined to specific categories.
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Fig. 4: Performance Gain Across
LVLM Backbones over Vanilla.
Ours consistently improves performance
across various model families, demon-
strating its generalizability.

Generalizability Across Diverse Model
Architectures The superiority of our
method is observed across diverse model
families including InstructBLIP, Qwen-
VL-2.5, and InternVL2.5 with different
architectural characteristics, LLM back-
bones and training paradigm. Applying
our method to these base model yields
consistent improvements in both safety
and utility as shown in Fig. 4. Notably,
the substantial gains in safety for Instruct-
BLIP and Qwen-VL-2.5 suggest that our
orthogonal projection effectively mitigates
the structural modality gap in models
with frozen or separately pretrained back-
bones. For InternVL2.5, our method pro-
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Fig. 5: Efficiency Comparison of Response Refinement Strategies. Unlike the
two-stage detection-refinement pipeline (b), which incurs a sequential computational
bottleneck, our single-stage refinement (a) operates directly on the model’s internal
states in a single forward pass. As shown in (c), TBOP runs about 60× faster than the
second-best baseline (ETA), demonstrating strong scalability.

vides meaningful improvements particularly in utility. These consistent gains
across diverse architectures indicate that TBOP addresses a fundamental,
architecture-agnostic vulnerability in multimodal integration.

Robustness against Adversarial Attacks. In real-world deployments, LVLMs
may face additional threats such as black-box adversarial attacks that involve
intentional input toxification. In these scenarios, safety risks may not be fully
attributable to modality-induced bias alone. Therefore, we investigate whether
our method can be integrated with other defense mechanisms and whether
such combinations yield a positive synergistic effect. Specifically, we apply SI-
Attack [40] as a text-based attack, which aims to confuse LVLMs by shuffling text
tokens, thereby concealing their malicious intent, on FigStep. We apply TBOP
at the initial generation stage for the two-stage methods, MLLM-Protector and
ECSO; and at the reward-model-guided generation stage for Immune.

Table 3: Synergetic Ef-
fects with TBOP under
SI-Attack on FigStep.

Method 7B 13B

Vanilla 27.2 20.4

MLLP 7.2 3.8
+ Ours 3.8 (-3.4) 0.8 (-3.0)

Immune 7.6 4.8
+ Ours 4.2 (-3.4) 4.4 (-0.4)

ECSO 16.8 11.6
+ Ours 5.6 (-11.2) 3.2 (-8.4)

ETA 10.8 0.8
+ Ours 4.0 (-6.8) 0.6 (-0.2)

As shown in Tab. 3, TBOP significantly lowers
the ASR when integrated with other defense methods.
For multi-stage frameworks like MLLM-Protector and
ECSO, our bias removal guides the model to produce
a safer initial representation, reinforcing the overall
defense pipeline. For logit-based methods like Immune,
TBOP ensures the first generated token aligns with
a refusal stance for harmful queries, preventing the
model from entering a risky state from the start. By
addressing feature-level vulnerabilities that input- or
logit-level methods often overlook, ours acts as a foun-
dational defense layer that can be seamlessly integrated
into diverse frameworks.

Computational and Memory Efficiency. To ensure a seamless user experi-
ence in real-world deployments, inference-time defense methods must improve
model reliability without imposing significant latency or resource overhead. As
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(a) Harmful text paired with a dummy image (b) Benign text paired with a harmful image

Fig. 6: Impacts of TBOP in Feature Space. For inputs (a), orthogonal projection
suppresses modality-induced bias and aligns multimodal features with their semantically
similar text-only counterparts. The same mechanism applies to actual cross-modal inputs
(b), realigning features toward safety-aligned text regions and mitigating vulnerabilities.

illustrated in Fig. 5, TBOP offers clear efficiency in both dimensions, maintaining
a footprint comparable to the source model. By modifying features during the
initial forward pass, it avoids the multi-step post-hoc refinement required by
detect-then-detoxify approaches such as ECSO and ETA. These baselines incur
substantial overhead—up to 60× higher inference cost—due to their sequential
pipelines. This efficiency demonstrates the superior scalability of TBOP.

6 Analysis

6.1 Impact of Bias Removal on Safety and Utility

Feature Visualization. To understand how our feature-level manipulation
modifies cross-modal representations, we visualize for two types of input pairs:
(a) harmful text with a dummy image and (b) benign text with an actual harmful
image in Fig. 6. As shown in the figure, TBOP corrects the cross-modal features
toward the text-only region in both scenarios. These results suggest that our
orthogonal projection suppresses the bias direction that drives features away from
the safety coverage of LLM backbone, guiding them back toward a safety-aligned
space, thereby effectively reducing ASR.

Query : What is the spatial relation between the frisbee and the man?

LLaVA 7B v1.6

The frisbee is in the air, and the man is reaching out towards it with his 
left hand. The frisbee is positioned above the man’s head, indicating that 
it is relatively close to him, and he is in the process of trying to catch it.

LLaVA 7B v1.6 + Ours

In the image, the frisbee is in the air, and the man is reaching out towards 
it with his left hand. The frisbee is positioned above the man's head, 
indicating that it is relatively close to him. The spatial relation between 
the frisbee and the man suggests that the man is in the process of 
catching the frisbee, as he is extending his arm towards it.

Fig. 7: Response Examples on MM-Vet spatial
reasoning between the vanilla and TBOP (Ours).

Qualitative Analysis. From
the perspective of feature en-
coding in LVLMs, TBOP can
be viewed as producing more
refined cross-modal features.
In essence, bias removal elimi-
nates unnecessary components
that negatively affect visual-
grounded understanding. By
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Table 4: Ablation studies on key design choices of TBOP.

(a) Effect of anchor composition

Anchor MMSB MME

Vanilla 38.56 1686.7
MMSB only 7.10 1776.5
MME only 36.54 1740.1
MMSB+MME 5.09 1870.2

(b) Effect of perturbation type

Type 7B 13B

Vanilla 38.86 32.89
Gaussian 10.12 6.07
Uniform 10.26 6.84
Blank 5.09 2.56

(c) Effect of Rank k

k EVR MMSB Vet

– – 38.86 41.91
16 0.85 12.81 42.73
32 0.89 5.09 43.98
64 0.93 4.60 43.75

filtering out these modality-induced biases, the model can better extract essen-
tial cross-modal information, thereby increasing the signal-to-noise ratio of the
features. As a result, the generated responses tend to be more informative and
richer, reflecting improved cross-modal reasoning and understanding.

6.2 Ablation Study

Effects of Anchor Datasets. Motivated by the observations in Sec. 3.2,
we compute V̂k from an anchor dataset constructed by mixing a portion of
safety and utility samples, and apply the resulting V̂k consistently across all
evaluations. As shown in Tab. 4a, using either safety-only or utility-only anchors
already improves performance on both tasks, reconfirming that the bias directions
(bsafe and butil) are consistent and jointly influence safety and utility behaviors.
Moreover, combining both types of samples yields the best results, as the mixed
anchor set better approximates the nuisance space.

Effects of Perturbation Type As shown in Tab. 4b, TBOP effectively improves
performance on MM-SafetyBench for both LLaVA-7B and 13B when x′

img is
replaced with random noise (Gaussian, uniform). However, a blank image yields
the largest improvement, as it best aligns with our assumption of isolating
modality activation from visual structure.

Effects of Rank k. Our method introduces a parameter k, representing the
top-k components used to approximate the basis V of the nuisance space. We
extract the top-k eigenvectors and use the same configuration for all evaluations.
As shown in Tab. 4c, TBOP consistently improves both safety and utility across
different k values, provided that the selected basis captures a sufficiently high
explained variance ratio of the modality-induced bias.

7 Conclusion

In this work, we address the conventional trade-off between safety and utility in
LVLM defense methods. We identify modality-induced bias as a shared direction
that degrades performance in both dimensions. Based on this insight, we propose
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TBOP, a computationally efficient inference-time defense that mitigates this
bias to improve both safety and utility. TBOP requires only a single forward
pass and can be seamlessly integrated into existing LVLMs without additional
training or architectural changes. Extensive evaluations across diverse benchmarks
demonstrate consistent improvements in both aspects, providing a practical
solution for robust LVLM deployment. Ultimately, we expect our methodology
to facilitate the development of trustworthy models that deliver both secure and
useful responses in real-world applications.
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