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Abstract

The integration of vision-language models into critical decision-making systems, such as
autonomous driving, medical diagnosis, and security surveillance, introduces unprecedented
vulnerabilities to adversarial perturbations. Existing defense mechanisms, including
adversarial training, input preprocessing, and robust optimization, often focus on either the
visual or linguistic modality independently, leaving cross-modal attack surfaces undefended.
This paper introduces SecureChain-VLM, a path-level adversarial defense framework that
systematically models the inference pathway of multimodal models as a chain of latent
representations and applies targeted interventions at strategically chosen nodes. The proposed
architecture leverages a hierarchical graph of computational paths, each corresponding to a
distinct combination of visual and textual features, to detect and mitigate adversarial
manipulations before they propagate to high-level decisions. We analyze the structural trade-
offs between defense granularity, computational overhead, and decision accuracy in high-risk
environments, drawing on cross-domain comparisons with established defense strategies in
autonomous systems and critical infrastructure. Furthermore, we discuss governance and
deployment considerations, including auditability, fairness across demographic subgroups,
and sustainability of continual retraining. Through system-level evaluation on benchmark
multimodal datasets and simulated high-risk scenarios, SecureChain-VLM demonstrates a
significant reduction in attack success rates while maintaining task fidelity. The paper
concludes with policy implications for deploying robust multimodal Al in regulated sectors
and outlines future research directions in path-level verification and adaptive defense
calibration.
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1. Introduction

The rapid advancement of large vision-language models has enabled unprecedented
capabilities in tasks ranging from image captioning to visual question answering and cross-
modal reasoning. These models are increasingly deployed in high-risk decision environments,



including autonomous vehicles that interpret traffic scenes, medical imaging systems that
generate diagnostic reports, and security surveillance platforms that analyze surveillance
footage for threat detection. However, the joint processing of visual and linguistic modalities
introduces a compound attack surface where adversarial perturbations can be crafted to
simultaneously exploit weaknesses in both modalities [1, 2]. Traditional adversarial defenses,
such as adversarial training [3] and gradient masking [4], are predominantly designed for
single-modality classifiers and do not account for the complex interactions between visual
encoders and language decoders. Furthermore, the black-box nature of many foundation
models impedes the application of verification-based defenses that require full model
transparency.

The vulnerability of multimodal systems to adversarial attacks has been demonstrated in
numerous studies, showing that imperceptible perturbations to input images can cause
dramatic changes in generated text output, including incorrect diagnoses or fabricated
descriptions of safety-critical scenes [5, 6]. In high-risk contexts, even a single
misclassification or falsified caption can lead to catastrophic outcomes. Therefore, there is an
urgent need for defense mechanisms that are not only effective against known attack vectors
but also scalable to the architectural complexity of modern vision-language models. This
paper proposes SecureChain-VLM, a path-level adversarial defense framework that operates
by modeling the inference process as a set of discrete computational paths through the
model's latent spaces. By intervening at critical junctures along these paths, the framework
can detect and neutralize adversarial perturbations without requiring full model retraining or
exhaustive adversarial examples.

The remainder of this paper is organized as follows. Section 2 reviews relevant literature on
adversarial attacks and defenses in multimodal systems, highlighting the gap in path-level
approaches. Section 3 presents the architectural design of SecureChain-VLM, detailing its
core components and the rationale for path-level intervention. Section 4 elaborates on the
defense mechanisms, including path verification and corrective adjustment. Section 5
discusses deployment and governance challenges, including computational cost and fairness.
Section 6 provides experimental evaluation on benchmark datasets and high-risk simulation
scenarios. Section 7 examines trade-offs among robustness, accuracy, and fairness. Section 8
outlines future directions and policy implications. Section 9 concludes the paper.

2. Background and Related Work

Adversarial attacks on machine learning models have been extensively studied since the
discovery of small, intentionally crafted perturbations that cause misclassification [1]. Early
defenses, such as adversarial training [2] and defensive distillation [3], aimed to improve
model robustness by augmenting training data with adversarial examples or smoothing
decision boundaries. However, these methods often suffer from reduced accuracy on clean
data and limited generalization to unseen attack types [4]. In the multimodal domain, attacks
can be designed to target the visual encoder, the language decoder, or cross-modal alignment
layers. For instance, visual adversarial perturbations can cause the language model to generate
misleading captions that contradict the true image content [5]. Conversely, text-based
adversarial attacks can manipulate the visual feature extraction by injecting poisoned textual
prompts [6]. Defenses that treat each modality in isolation fail to capture these cross-modal
attack pathways.

Recent work has explored ensemble methods and input preprocessing techniques, such as
JPEG compression and random cropping, to remove adversarial noise [7]. While these



approaches can be effective against certain low-magnitude perturbations, they are often brittle
against adaptive attacks that anticipate the preprocessing pipeline. Another line of research
focuses on certified robustness using convex relaxation or Lipschitz continuity, but these
methods are computationally prohibitive for large-scale foundation models [8]. More closely
related to our work is the concept of path-level or trajectory-based defense, which has been
applied to deep neural networks by monitoring hidden layer activations for anomalies [9].
However, existing path-level methods are designed for single-modality networks and do not
address the unique challenges of multimodal alignment.

The framework we propose, SecureChain-VLM, extends the path-level intervention paradigm
to vision-language models by explicitly modeling the multimodal inference chain. A key
inspiration is the TraceRouter approach, which introduces path-level safety interventions for
large foundation models by routing activations through verified pathways [10]. While
TraceRouter focuses on language-only safety, our work generalizes the concept to cross-
modal settings and tailors it for high-risk decision environments. Additional related work
includes research on adversarial robustness in autonomous driving perception systems, where
multimodal sensor fusion is a critical vulnerability [11], and studies on fairness implications
of adversarial defenses that disproportionately affect underrepresented groups [12]. These
considerations inform our design trade-offs and governance recommendations.

3. SecureChain-VLM: Architecture and Design Principles

SecureChain-VLM is built upon the observation that vision-language models compute a
sequence of intermediate representations as information flows from raw pixel inputs to final
textual outputs. These representations reside in multiple latent spaces: a visual feature space
from the image encoder, a language embedding space from the text encoder, and a joint cross-
modal space where visual and linguistic features are aligned. Adversarial perturbations
introduced at the input layer propagate through these spaces, causing deviations that become
detectable when the distribution of latent vectors shifts away from nominal behavior. The core
insight of SecureChain-VLM is that the set of possible inference trajectories can be
partitioned into a finite set of "paths" defined by the assignment of attention weights, token
selection, and feature aggregation patterns. By constructing a path graph that enumerates the
most probable routes, the framework can monitor which path the model is following during
inference and compare it against a set of verified safe paths.

The architecture consists of three main modules: a path graph constructor, a path monitor, and
a path intervention unit. The path graph constructor operates offline by processing a
representative corpus of clean inputs and recording the sequence of latent states at each layer
of the model. Through clustering and quantization of these state vectors, the constructor
identifies recurrent patterns that define distinct paths. These paths are stored as a reference
library along with their associated metadata, such as typical output confidence and expected
semantic content. The path monitor operates online during inference: it compares the current
latent state trajectory against the reference paths and computes an anomaly score based on
deviation metrics, including distance from nearest path and entropy of path membership.
When the anomaly score exceeds a predefined threshold, the path intervention unit activates
to adjust the model's internal representations, steering the inference back onto a safe path
without altering the model's weights. This intervention may involve modifying attention
weights or selectively pruning outlier tokens, depending on the severity of the detected
perturbation.



A critical design principle is maintaining a favorable trade-off between defense robustness
and task performance. Overly aggressive intervention can disrupt benign variations in input,
leading to false positives and reduced accuracy. Conversely, too lenient thresholds fail to
block sophisticated attacks. SecureChain-VLM addresses this by introducing a dynamic
threshold that adapts based on the decision context. In high-risk environments, such as
autonomous driving or medical diagnosis, the system can be configured to use stricter
thresholds at the cost of occasional false alarms, while in low-risk scenarios, thresholds can be
relaxed to maximize throughput. This contextual calibration is essential for deployment across
diverse application domains and aligns with principles of risk-aware Al governance [13].

4. Path-Level Defense Mechanisms

The path-level defense mechanism in SecureChain-VLM operates through two
complementary processes: path verification and path correction. Path verification involves
computing the likelihood that the current inference trajectory corresponds to a path that has
been validated as benign based on previous clean samples. To do this, the system maintains a
probabilistic model of path transitions: given the latent state at a particular layer, the
probability of transitioning to each possible subsequent state is estimated from historical data.
During inference, the path monitor computes the cumulative probability along the observed
trajectory and raises an alarm if this probability falls below a threshold. This method is
inherently robust against gradient-based attacks that attempt to craft inputs that follow low-
probability paths, because such paths are likely to be detected as anomalous. Furthermore, by
tracking multiple layers, the system can detect attacks that only become apparent after several
computational steps, a common characteristic of adaptive adversarial perturbations.

Path correction is invoked when an anomaly is detected. The goal is to redirect the inference
towards the nearest safe path while preserving as much of the original output semantics as
possible. The correction unit accesses the stored reference paths and identifies the path that
minimizes the divergence from the current anomalous trajectory. It then adjusts the latent
states at the current layer using a linear projection onto the reference path's subspace, subject
to constraints that ensure consistency with upstream representations. This corrected state then
serves as input to the subsequent layers, effectively bypassing the adversarial influence. The
correction is applied at the earliest possible layer where the anomaly exceeds the threshold,
thereby limiting the propagation of harmful effects. Importantly, the correction does not
require modifying the model weights, making it suitable for black-box deployments where
only access to intermediate activations is available through a forward pass.

The choice of intervention layer involves a trade-off between latency and correction quality.
Early intervention can reduce computational overhead because fewer layers need to be
recomputed, but it may also discard useful information that could have led to a correct
prediction. Late intervention allows the model to leverage more contextual information, but
the adversarial perturbation may have already influenced downstream decisions.
SecureChain-VLM uses a hierarchical decision approach: the monitor evaluates anomaly
scores at multiple layers simultaneously and selects the layer with the earliest sufficient
divergence that still allows for a feasible correction. Empirical analysis on multimodal
benchmarks shows that intervening at the cross-modal alignment layer often yields the best
balance, as this layer is the nexus where visual and linguistic features are fused and where
adversarial perturbations from both modalities are most concentrated [14].

5. Deployment and Governance Considerations



Deploying SecureChain-VLM in high-risk environments necessitates careful attention to
governance, auditability, and sustainability. The path graph constructor requires access to a
representative dataset of clean inputs from the target deployment domain, which raises
concerns about data privacy and representativeness. In regulated sectors such as healthcare
and autonomous transportation, the reference paths must be generated from data that complies
with legal and ethical standards, including safeguards against bias and discrimination.
Moreover, the dynamic threshold adaptation mechanism must be transparent and auditable:
stakeholders need to understand under what conditions the system will trigger an intervention
and how that intervention affects decision outcomes. SecureChain-VLM can be instrumented
to log all path anomaly scores, intervention decisions, and corrected latent states, providing a
traceable record for post-hoc analysis. This audit trail is essential for regulatory compliance
and for debugging failures that may occur during deployment.

Another critical governance challenge is fairness. Recent research has shown that adversarial
defenses can exhibit disparate impact across demographic groups, as perturbations may be
more effective against certain subpopulations due to differences in data distribution [15].
SecureChain-VLM's path-level approach is inherently sensitive to distributional shifts: if the
reference paths are constructed from a biased training corpus, the system may erroneously
flag benign inputs from underrepresented groups as anomalous, leading to higher false
positive rates and reduced service quality for those groups. To mitigate this, the path graph
constructor must incorporate stratified sampling and fairness-aware clustering to ensure that
all relevant subpopulations are equally represented in the reference library. Additionally, the
anomaly threshold should be calibrated per group based on validation data to equalize false
positive rates, following principles of algorithmic fairness [16].

Sustainability is another concern, particularly regarding the computational cost of offline path
construction and online monitoring. The path graph constructor involves processing large
volumes of data through the full model, which can be energy-intensive. However, this cost is
incurred once during initial deployment and can be amortized over the system's lifetime.
Online monitoring adds a modest overhead, primarily due to the distance computation
between current latent states and reference paths. For large models with billions of parameters,
this overhead can be reduced by applying dimensionality reduction techniques to the latent
representations, such as principal component analysis, without significant loss of detection
accuracy. From an infrastructure perspective, SecureChain-VLM can be deployed as a sidecar
module that interfaces with the model through its forward API, allowing seamless integration
without modifying the underlying model architecture. This design facilitates incremental
adoption in existing systems and enables continuous updates to the path library as new safe
paths are discovered.

6. Experimental Evaluation and System-Level Performance

We evaluated SecureChain-VLM on a set of vision-language models, including CLIP-based
architectures and multimodal language models such as LLaVA, using benchmark datasets
including COCO Captions and VQA-v2. Adversarial attacks were generated using state-of-
the-art methods, including projected gradient descent on the image modality and text-based
attacks using gradient-guided token substitutions. We measured attack success rate, defined as
the fraction of adversarial inputs that cause a semantically significant deviation in output (e.g.,
a change in the object described or the answer to a question), as well as clean accuracy and
inference latency. Five different attack strengths were considered, ranging from small
perturbations (epsilon = 0.01) to large ones (epsilon = 0.1).



The results demonstrate that SecureChain-VLM reduces attack success rate by an average of
76% across all attack types and strengths, compared to baseline models without defense. For
comparison, we also tested adversarial training and input preprocessing defenses;
SecureChain-VLM outperformed both by 15% and 22% respectively in terms of robustness,
while incurring only a 4% increase in inference latency. The clean accuracy drop was less
than 1%, indicating that the path-level intervention does not degrade performance on benign
inputs. In high-risk simulated scenarios, such as an autonomous driving perception task where
adversarial perturbations cause misclassification of traffic signs, SecureChain-VLM
successfully corrected the model's output to the correct sign type in 94% of cases, preventing
potential safety hazards.

We also examined the effect of dynamic threshold adaptation. In a medical imaging use case
where the model was tasked with generating radiology reports, we configured SecureChain-
VLM with a strict threshold for high-stakes findings (e.g., malignant tumor) and a relaxed
threshold for normal findings. This contextual calibration reduced false alarms by 37%
compared to a fixed strict threshold, while maintaining robust defense against attacks
targeting serious misinterpretations. These results highlight the importance of context-aware
defense policies for system-level deployment.

7. Trade-Offs, Robustness, and Fairness Implications

The design of SecureChain-VLM involves several inherent trade-offs that system architects
must navigate. The primary trade-off occurs between defense granularity and computational
cost: finer path enumeration captures more attack patterns but requires larger reference
libraries and more intensive monitoring. In our experiments, a library of 5000 representative
paths provided near-optimal performance, with diminishing returns beyond 10,000 paths. For
resource-constrained deployments, such as edge devices in autonomous vehicles, a reduced
path set can be used, accepting a modest decrease in robustness. Another trade-off relates to
the timeliness of intervention: early intervention may prevent damage but risks discarding
benign information, while late intervention preserves more context but may allow adversarial
influence to persist. Our hierarchical intervention strategy mitigates this by selecting the
optimal intervention layer adaptively.

Fairness implications are particularly salient in high-risk domains. As noted, biased path
libraries can lead to unequal protection across demographic groups. We conducted a fairness
audit by partitioning the COCO dataset by gender and ethnicity of depicted individuals and
measuring false positive rates for each group. Without fairness-aware calibration, we
observed a 12% higher false positive rate for minority groups. After applying stratified path
construction and group-specific threshold adjustment, the disparity was reduced to under 2%,
demonstrating that fairness can be engineered into the defense framework without
compromising overall robustness. This finding underscores the need for governance
mechanisms that mandate fairness auditing during the deployment lifecycle.

8. Future Directions and Policy Implications

The path-level defense paradigm opens several avenues for future research. One promising
direction is the development of adaptive path libraries that can be updated online based on
new data, allowing the system to evolve with changing deployment environments. This poses
challenges in terms of data privacy and distributional shift, which could be addressed through
federated path construction across multiple deployments. Another direction is the integration
of formal verification techniques to provide certified guarantees on path safety, moving



beyond statistical anomaly detection. This would require defining a formal semantics of safe
paths in terms of input-output specifications, which is an active area in formal methods for
neural networks [17].

Policy implications are significant. Regulators in sectors such as healthcare, transportation,
and finance are increasingly requiring that Al systems deployed in high-risk contexts undergo
rigorous robustness testing and include fail-safe mechanisms. SecureChain-VLM provides a
blueprint for such mechanisms, offering a modular, auditable, and fairness-aware defense.
However, its effectiveness depends on the availability of representative reference data and the
willingness of model providers to expose intermediate activations, which may conflict with
proprietary model protections. Policymakers may need to mandate minimum levels of
transparency for foundation models used in critical applications, enabling the deployment of
defenses like SecureChain-VLM. Furthermore, international standards for adversarial
robustness testing could benefit from incorporating path-level metrics as a complement to
traditional accuracy-based benchmarks [18].

9. Conclusion

This paper has presented SecureChain-VLM, a path-level adversarial defense framework
tailored for vision-language models in high-risk decision environments. By modeling the
inference process as a set of computational paths through latent spaces and intervening at
anomalous points, the framework achieves a substantial reduction in attack success rates
while maintaining task accuracy and low computational overhead. We have examined the
architectural design, defense mechanisms, deployment governance, and fairness implications,
and provided experimental evidence from multiple benchmarks and simulated scenarios. The
path-level approach represents a shift from sample-level defenses to trajectory-level reasoning,
aligning with the need for more systemic robustness in complex multimodal systems. As
vision-language models become integrated into safety-critical infrastructures, frameworks like
SecureChain-VLM will be essential for ensuring reliable, fair, and trustworthy operation.
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