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Abstract. As Vision-Language Models (VLMs) become increasingly so-
phisticated and widely used, it becomes more and more crucial to un-
derstand their decision-making process. Traditional explainability meth-
ods, designed for classification tasks, struggle with modern autoregressive
VLMs due to their complex token-by-token generation process and in-
tricate interactions between visual and textual modalities. We present
DEX-AR (Dynamic Explainability for AutoRegressive models), a novel
explainability method designed to address these challenges by generat-
ing both per-token and sequence-level 2D heatmaps highlighting image
regions crucial for the model’s textual responses. The proposed method
offers to interpret autoregressive VLMs, accounting for the varying im-
portance of layers and generated tokens—by computing layer-wise gradi-
ents with respect to attention maps during the token-by-token generation
process. DEX-AR introduces two key innovations: a dynamic head filter-
ing mechanism that identifies attention heads focused on visual informa-
tion, and a sequence-level filtering approach that aggregates per-token
explanations while distinguishing between visually-grounded and purely
linguistic tokens. Our evaluation on ImageNet, VQAv2, and PascalVOC,
shows a consistent improvement in both perturbation-based metrics, us-
ing a novel normalized perplexity measure, as well as segmentation-based
metrics. Code is available at https://walidbousselham.com/DEX-AR

1 Introduction

Vision-Language Models (VLMs) have emerged as a transformative force in Al
with remarkable capabilities in bridging visual understanding and natural lan-
guage generation. Recent advances have produced increasingly better models
like LLaVA [25,26], PaliGemma [5], Gemini-1.5 [37] and GPT-4o [2|, which
can engage in complex visual reasoning tasks ranging from image captioning to
open-ended dialogue about visual content. These models have found applications
across diverse domains, from assisting visually impaired users [30,/42] to enabling
more natural human-AT interaction through multimodal interfaces [44]. However,
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as these models grow in complexity and capability, understanding their decision-
making process becomes increasingly challenging. Modern VLMs employ archi-
tectures that combine visual encoders with LLMs through multiple layers of
attention mechanisms, making it difficult to trace how visual information influ-
ences generated text. Understanding this process is crucial, as interpretability
studies have revealed critical failure modes in VLMs and shown that
model explanations significantly improve human-AlI collaboration. This under-
standing becomes particularly important as VLMs are deployed in high-stakes
applications like autonomous systems .

Per-token Weighting Scores
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Fig. 1: Example of token-level and sentence-level attribution maps for Vision-Language
Models (VLMs). Given an input image and prompt, DEX-AR produces per-token
heatmaps highlighting relevant image regions for each generated word. These are then
aggregated into a final sentence-level heatmap using token-specific weighting scores
that reflect visual relevance.

While numerous explainability methods exist for computer vision models @
and language models( ), these approaches are not designed to
account for the dynamic nature of autoregressive generation. Traditional com-
puter vision explainability methods typically focus on classification tasks with
fixed outputs, failing to capture the dynamic nature of token-by-token genera-
tion and the complex interaction between visual and textual modalities in VLMs.
Furthermore, while significant progress has been made in explaining contrastive
models (e.g., CLIP) @@, these approaches are designed to account
for the dynamic nature of autoregressive generation. Although emerging meth-
ods like TAM have begun to address this, accurately capturing the varying
importance of different generated tokens remains challenging, as some serve pri-
marily linguistic functions while others directly reference visual content. This
gap suggests that directly applying traditional methods to autoregressive tasks
may lead to incomplete interpretations, highlighting the need for specialized ap-
proaches that address both visual grounding and sequential dependencies This
lack of suitable explainability methods could lead to potentially misleading in-
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terpretations from traditional approaches, inhibiting the improvement of model
reliability as well as the detection of potential failure modes.

We argue that the unique characteristics of autoregressive VLMs demand a
specialized approach to explainability. Namely, as these models generate text to-
kens sequentially, with each token potentially attending to different parts of the
image and previous textual context, understanding this process requires tracking
the flow of visual information through the model’s layers and identifying which
image regions influence specific generated tokens, a challenge not addressed by
current explainability methods. To fill this gap, we introduce DEX-AR (Dynamic
Explainability for AutoRegressive models), a novel explainability method specif-
ically designed for autoregressive VLMs. DEX-AR leverages layer-wise gradients
with respect to attention maps to produce 2D heatmaps that highlight the im-
age regions most influential for each generated token. On top of that, we apply a
dynamic head filtering mechanism that identifies attention heads focused on vi-
sual information, and a token-level filtering approach that distinguishes between
visually-grounded and purely linguistic tokens. The resulting framework provides
per-token explanation maps that uncover the model’s decision-making process
at each generation step, enabling a layer-wise analysis to understand information
flow throughout the network, while remaining model-agnostic by leveraging the
attention’s gradient, common to all transformer-based architectures.

We evaluate the proposed method on various downstream tasks and datasets,
including perturbation on ImageNet |31] and VQAv2 |18|, showing a consistent
improvement over alternative explainability methods across different VLM archi-
tectures. To further quantitatively evaluate the proposed filtering, we introduce
PascalVOC-QA, a specialized dataset that provides natural language question-
answer pairs with segmentation information and explicit annotations distinguish-
ing between tokens derived from visual content and linguistic filler tokens. It
shows that the dual-filtering approach effectively distinguishes visually-relevant
content, improving the Signal-to-Noise Ratio from 9.16 to 96.12 on Pascal-QA.

We summarize the contributions of this work as follows:

1) We propose a gradient-based explainability method specifically designed
for autoregressive VLMSs, handling the specific characteristics of token-by-token
generation.

2) We extend the proposed method by a general dual-filtering mechanism that
dynamically weighs attention heads and tokens based on their visual relevance.

3) We propose a new evaluation setup together with a set of metrics to assess
the quality of the explainability methods for autoregressive VLMs.

2 Related Works

Explainability in Deep Learning Models Recent years have witnessed sig-
nificant advances in explaining deep learning models’ decisions, particularly
in computer vision tasks. Traditional gradient-based methods such as Grad-
CAM |[32], Guided Backpropagation [35|, and Integrated Gradients |36] com-
pute gradients of target outputs with respect to input features or intermediate



4 W. Bousselham et al.

activations to generate saliency maps. While effective for convolutional neural
networks (CNNs) in classification tasks, these methods face limitations when
applied to modern transformer-based architectures |39] and sequential genera-
tion tasks [21]. Attention mechanisms have emerged as an alternative approach
to model interpretability [11L|14]. Methods like Attention Rollout [1| aggregate
attention weights across layers to trace information flow. However, recent stud-
ies have shown that attention weights alone may not reliably indicate feature
importance [33},40|, particularly in deep architectures where attention patterns
are complex [7]. This limitation is especially pronounced in multimodal settings
where visual and textual information interact [5,/2223}25(26l/41]. Explainabil-
ity in Vision-Language Models VLMs present unique challenges for explain-
ability due to their multimodal nature and complex architectures. A substantial
body of work has focused on interpreting contrastive models like CLIP. Meth-
ods such as [6}[15] and adaptations of generic transformer explainability [9] have
proven effective in visualizing how these models align image and text embed-
dings. However, these techniques are primarily designed for static alignment
tasks and do not account for the dynamic state changes inherent to autoregres-
sive generation. Existing methods have been adapted for VLMs, such as develop-
ing hybrid approaches that combine gradients with attention [3}(9}/10]. Further-
more, established techniques such as Integrated Gradients (IG) |36] and model-
agnostic approaches like RISE [28] could also been utilized to interpret VLMs.
However, several key challenges remain unaddressed in current approaches. Se-
quential Generation: Most existing methods are designed for fixed outputs
and struggle with the token-by-token generation process in autoregressive mod-
els |2))5,1251/26,(34//37]. Token-Level vs Sequence-Level Attribution: Current
approaches either lack the granularity to attribute model outputs at the level
of individual tokens, or fail to distinguish between content and filler words. Re-
cent work has attempted to address these challenges through various approaches.
Methods like [12] have explored visualizing information flow in neural machine
translation, while others have focused on developing token-level attribution tech-
niques [13]. Most recently, TAM [24] proposed an estimated causal inference
method to mitigate context interference in autoregressive VLMs. However, TAM
relies on static visual features and post-hoc statistical estimation. In contrast,
DEX-AR utilizes layer-wise gradients to capture the dynamic attention mecha-
nism at each specific generation step. DEX-AR, builds upon these foundations
while extending those ideas by a novel layer-wise gradient computation approach
combined with dynamic filtering mechanisms, enabling attribution of visual in-
formation throughout the autoregressive generation process.

3 Method

3.1 Autoregressive Vision-Language Models

Current VLMs such as LLaVA combine a visual encoder (typically a Vision
Transformer) with a Large Language Model (LLM) to process multimodal con-
tent and generate text.
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Let N denote the number of visual tokens produced by the visual encoder, T
the number of context tokens in the input prompt, and T; the number of answer
tokens generated autoregressively by the model. The visual encoder processes an
input image to generate a set of IV visual tokens, which are concatenated with
T. context tokens that encapsulate instructions or queries, thereby forming an
initial token sequence. This sequence, comprising N + T, tokens, is ingested by
the LLM.

The LLM consists of L transformer layers, each equipped with h attention

heads, and generates a textual response comprising 7, tokens. At each generation
stept € {1,...,T,}, the model processes a token sequence of length T; = N+T.+
t, where ¢t denotes the current step in the autoregressive process. Consequently,
the total number of tokens processed by the LLM upon completion of generation
isT=N+T.+1T,.
Formally, for each layer [ € {1,..., L} and generation step ¢, the LLM produces
hidden states denoted as Z“* € RT:*4 where d is the embedding dimension.
For clarity and without loss of generality, we assume that the first N tokens
correspond to the visual tokens and the subsequent T, tokens correspond to the
context tokens, such that:

It l l l l l l
Z0 = 21,00 2N AN ANAT Yl s Ve )
—_——m——T —— N——
visual tokens Z!  context tokens Z! answer tokens Y! (1)

= {Zf)’ Zivyalyt}'

Here, Z! € RN¥*4 and Z! € RT*? denote the visual and context tokens,
respectively, which remain invariant across generation steps due to the causal
attention mechanism employed by the LLM.

At each step t, within each layer [, the model computes attention maps
Abt ¢ RAXTiXT: where Ty = N 4T, +t, capturing the interaction weights across
the h attention heads. At every generation step t, the LLM outputs a logits
vector o' € RY, where V is the vocabulary size, via a linear projection of the
final hidden state:

ot =LM_Head(Z"}) = LM_Head(y}) (2)

Then based on these logits, typically by applying a softmax function followed
by a selection mechanism such as argmax or sampling the predicted word is
selected. We denote 6 € R the logit corresponding to the selected word in the
vocabulary. This autoregressive process generates the answer, with each token
generation step influenced by both visual, context and already generated answer,
as encoded in the hidden states and attention maps.

3.2 Explainability per Token

Based on the objective of computing explainability maps that highlight the in-
fluence of regions of the image on each generated token in the autoregressive
process, we leverage gradients w.r.t. the attention maps in the transformer lay-
ers of the LLM. The method operates as follows:
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Computing Intermediate Logits: At each generation step t € {1,...,T,}, we
aim to assess the influence of the visual tokens Z! on the prediction of the next
token. To isolate the contributions from each layer I € {1,...,L}, we compute
the intermediate logits using the hidden states from layer [ instead of the final
output layer. Specifically, we obtain:

ot = LM _Head(Z"}) = LM_Head(y!) e R (3)

where Zlfl is the hidden state corresponding to the last token (the one being
predicted) at layer I. We denote 6" € R as the logit corresponding to the
sampled word at step t. This operation follows the Logit Lens approach [4,[17]
27|, which interprets intermediate hidden states by projecting them into the
vocabulary space. The residual stream architecture means intermediate states
are not out-of-distribution for the LM head, and our ablation (Supp. Tab. 7)
confirms that using intermediate features consistently improves IoU across all
four architectures. Conditioning on the last token index is dictated by the causal
attention mechanism, where the hidden state at step t accumulates the context
of all preceding tokens and visual embeddings required for prediction.
Gradient Computation: We com-

pute the gradient of the logit 6" w.r.t.

the attention mapAbt € RPXTexTi g ()
layer I: VAV = 000 ¢ RAXTxT.

where h is the number of attention . T whti .yl

heads and T; = N + T, +t is the total Al o vALL

number of tokens processed up to step MLP

t.

Focusing on the Last Token and Add & Norm

Visual Tokens: Since we are inter- Self-Attention

ested in the generation of the cur- T max| masd .
) ( b ,t,l) - Wl,t,L

rent token, we focus on the gradi-

ent w.r.t. the attention maps involv-

ing the last token in the sequence. We

extract the gradients Correspondilntg to Fig. 2: Architecture overview of DEX-AR.
the last row (see Figure : VAZ, = At each layer [, head ¢ and generation step
VAl’t[:v —-1,:] € R"*T:. Next, we iso- t, gradients of attention maps are computed
late the gradients of the visual to- and weighted based on their relative focus
kens: VAI_’tLU = VAZ_’t [;,: N] € RN 4n visual versus textual tokens to produce
where IV is the number of visual to- attribution maps.

kens.

Dynamic Head Filtering: In practice, not all heads/layers contribute
equally to attending to the visual tokens during the generation process. Some
attention heads may focus primarily on textual information or other aspects that
are not directly relevant to the image content.

Including gradients from such heads can introduce noise into the explain-
ability maps, reducing their interpretability. To address this, we introduce a
filtering mechanism that dynamically weighs the contributions of different at-
tention heads and layers based on their relative focus on visual tokens. For each
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attention head ¢ € {1,...,h} at layer | and generation step ¢, we compute the
maximum gradient magnitude with respect to the visual tokens and the text
tokens (i.e., context and answer tokens):

ShhE— max (VAZ 1ol ]]) eR, Shi= max (VA 1 texct b5 j]) €ER, (4)

img
J
where VA’ »l4,:] represents the gradients Wlth respect to visual tokens and
\v text b5 :] represents the gradients with respect to text tokens for head ¢

(see Figure 2 2).
The weighting factor for each attention head is computed as:

Wt = (ki - sita) )

where (-)* denotes the ReLU function, ensuring that only positive differences
contribute. This weighting factor reflects the focus of the attention head on
visual tokens relative to text tokens. A higher w"*’ indicates that head i at
layer [ is more attentive to the image content than to the text. A maximum-
based approach is particularly effective here because it captures the strongest
visual attention signals regardless of object size. For instance, when localizing
a small object like a "tennis ball" versus a large object like "sky", averaging-
based approaches would bias towards larger objects due to their spatial extent.
In contrast, a maximum-based approach identifies the most salient visual signals
independent of their coverage, leading to more accurate localization across ob-
jects of varying sizes (see also Sec. The heatmap for the generated token t,
noted E® | is then a weighted sum of:

over layers

E® = Zwa vAY , €R",

=1 =1 (6)

over heads

E® = Norm (Reshape(E(t))> € RW*H,

where Norm is the min-max normalization, Reshape reshape the tokens to a 2D
grid and H and W are the height and width dimensions of the visual token grid.

3.3 Sequence-level Explainability Map

When VLMs generate descriptions or answer questions about images, they pro-
duce sequences of tokens that vary in their reliance on visual information. Un-
derstanding the model’s reasoning requires aggregating these token-level expla-
nations while accounting for their varying visual relevance. For example, in the
response "The young woman is wearing a floral dress", tokens like "woman",
"floral", and "dress" directly reference visual content, while "the", "is", and
"wearing" serve primarily grammatical functions. We ground this filtering in
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the interpretation of gradients as a measure of prediction sensitivity. A high
gradient magnitude implies that perturbing the attending features would sig-
nificantly degrade model confidence for the current token. By comparing the
maximum sensitivity to visual features (S},,,) against textual history (S.,,), 6°
quantifies the "visual necessity" of the generated token. This effectively filters
out tokens governed by linguistic priors, where the model is robust to visual per-
turbation, while amplifying those where visual evidence is a necessary condition
for prediction. To address this, we introduce an additional filtering mechanism
that weighs the contribution of each generated token based on its reliance on
visual information, see Fig. For each token ¢, we compute a token-specific
weight by comparing the maximum attention to visual versus textual content

across all heads and layers: ' = (maxl,i Sllnig — max Sééi;i)+, where max; ;
denotes the maximum over all layers [ and heads i. This weighting scheme effec-
tively suppresses the contribution of tokens that are primarily predicted based
on linguistic context rather than visual information. The final explainability map

for the whole sequence of T, generated tokens is:

over tokens

T
— @ ~ 7
FE = Z(St .E® ¢ RN, E = Norm (Reshape(E)) c RWxH ( )
t=1

This dual-filtering approach at both head/layer and token level ensure that the
explainability maps focus on tokens and attention patterns that are genuinely
informed by visual content, rather than those driven by linguistic context.

Batched Computation. Since DEX-AR operates post-hoc, the full generated
sentence is available at explanation time. This enables replacing the T, sequential
forward passes with a single forward pass over the complete sequence (prompt
concatenated with all T, target tokens). Causal masking guarantees that the hid-
den state at each position is identical to the one obtained during autoregressive
generation, such that no information leaks from future tokens.

For the gradient computation, we exploit a structural property of causal at-
tention. At layer [, the intermediate logit at position n depends on the hidden
state at that position, which in turn is a function of attention row n only. The
gradient 965" /OA! is therefore non-zero exclusively at row n, meaning that gra-
dients for different target tokens occupy disjoint rows of the attention matrix.
We can thus sum the logits of all T, target positions and perform a single back-
ward pass per layer, recovering the exact per-token gradients without interfer-
ence. This reduces the overall cost from T, forward passes and T, x L backward
passes to 1 forward pass and L backward passes, while producing mathematically
identical attribution maps (see Sec. [4.7).
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4 Experiments

4.1 Datasets and Tasks

Perturbation: {Task: To quantitatively evaluate the proposed method, we em-
ploy a perturbation-based evaluation protocol. This approach is particularly
valuable for assessing explainability methods as it directly measures how the
removal of supposedly important image regions impacts model performance.
By systematically perturbing regions identified as significant, it can be verify
whether these regions truly contribute to the model’s decision-making process.
Specifically, for a range of percentages p € {0%, 10%, ...,90%}, we replace the
top-p pixels according to the heatmap values with the dataset’s mean pixel value.
{Metric: While such evaluation protocols are well-established for classification
tasks, they present unique challenges for generative models like VLMs. Tradi-
tional metrics such as classification accuracy are not directly applicable due to
the open-ended nature of text generation and the complexity of comparing gen-
erated text sequences. Prior work often relies on additional LLMs or manual
evaluation to assess the correctness of generated responses, which can introduce
external biases and typically yields only binary success metrics. We propose a
more natural approach leveraging the model’s internal confidence through per-
plexity measurements. For a sequence of ground truth tokens y = (y1,...,yr),
the perplexity is computed as: PPL(y) = exp (% 23:1 —log P(yt|y<t,I)) where
T represents the (potentially perturbed) input image. Higher perplexity scores
indicate increased uncertainty in the model’s predictions, making it an effec-
tive measure of how perturbations affect the model’s confidence and accuracy.
When important visual regions are removed, we expect to see a significant in-
crease in perplexity, reflecting the model’s reduced ability to generate accurate
responses without crucial visual information. This metric provides a continu-
ous score reflecting how confidently the model predicts the expected sequence
of tokens. To account for varying baseline perplexities across different samples
and model capacities, we normalize the perplexity at each perturbation level

by the original (unperturbed) perplexity: PPL"™ (p) = % where Z,

denotes the image with p% of pixels perturbed. This normalization helps iso-
late the impact of the perturbation from the inherent difficulty of predicting
certain sequences. The final evaluation metric is computed as the Area Un-
der the Curve (AUC) of the normalized perplexity versus perturbation percent-

age: AUC = f0049 PPL""™(p)dp For positive perturbation, a higher AUC indi-
cates that perturbing pixels identified as important by the heatmap lead to a
larger degradation in model performance, suggesting a more accurate attribu-
tion map. We evaluate all methods using both positive perturbation (remov-
ing highest-valued pixels) and negative perturbation (removing lowest-valued
pixels) to ensure a comprehensive assessment of the attribution quality. For a
detailed discussion of perplexity as evaluation metric, we refer to the Supp.
Matt., Sec 11. {$Datasets: We compare the performance on two dataset: Ima-
geNet [31] and VQAv2 [18]. From the ImageNet-val, we randomly sampled 5,000
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images spanning 1,000 object categories.From VQAv2-val, we randomly sampled
1,000 image-question pairs spanning various question types (e.g., yes/no, count-
ing, open-ended).This diverse selection ensures a comprehensive evaluation of all
method across recognition tasks.

Segmentation-based Evaluation <{Task: While perturbation analysis provides
insights into the overall quality of the resulting attributions, we also evalu-
ate how precisely explicitly referenced objects can be localized. This evalua-
tion serves as a critical sanity check: when a VLM identifies specific objects
in an image, the attribution map should highlight the corresponding regions.
{$Metrics: To quantitatively assess localization accuracy, we employ two com-
plementary metrics. First, we compute the Intersection over Union (IoU) be-
tween the continuous attribution maps and ground truth masks. Given the
continuous nature of attribution maps A, we determine the optimal thresh-
old 7* for each prediction by maximizing the IoU score across k = 20 thresh-
olds: IoU(A4, M) = maxTeT% where M represents the ground truth
binary mask and 7 is a set of k equally spaced thresholds spanning the range
of attribution values. We also introduce a soft version of IoU that directly op-
erates on continuous-valued attribution maps without requiring thresholding:

Zi,j Ai,jﬂfi)j
Soft-IoU(A, M) = S AT M, S A

This formulation provides a smooth evaluation metric that does not depend
on thresholding, thus avoids the potential loss of information from binary thresh.
Additionally, we employ the Energy Pointing Game (EPG) metric, which evalu-
ates how well the total attribution energy aligns with the target object without

requiring threshold selection: EPG(A, M) = % x 100. This metric

measures the percentage of the total attribution energy within the ground truth
mask, providing a threshold-free assessment of localization accuracy. $Dataset:
We evaluate these metrics on the Pascal VOC dataset, which provides object seg-
mentation masks across 20 common object categories. For each image, we prompt
the VLM with a simple classification query (e.g., "Classify the image") and
evaluate the attribution map against the ground truth segmentation masks of
all objects present in the image. This setup ensures that the model must identify
and localize multiple objects simultaneously, providing a more challenging and
realistic evaluation scenario. We report IoU and EPG metrics as complementary
metrics: while IoU assesses the spatial alignment of the attributions with ground
truth segments, EPG measures how well the method concentrates attribution
energy on relevant objects.High performance on both metrics indicates that a
method can reliably identify regions important to the model’s reasoning process.

Filler-words Filtering Evaluation To quantitatively evaluate the dual-filtering
strategy, we construct PascalVOCQA, a specialized dataset derived from Pas-
calVOC that enables quantitative assessment of filler word detection. For each
image, a controlled natural language description is generated where objects are
connected using predefined filler phrases (e.g., "I see a {object 1} as well as a
{object 2}"). By constructing the expected answer in a systematic way, with
predefined start phrases (e.g., "I see") and connecting phrases (e.g., "as well
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ImageNet VQAv2 ({)sec. . ’ ImageNet VQAv2

Model - Method o (1) Neg.(1) Pos(t) Neg.(1)| /img. M9l Method oy Neg.(1) Pos(t) Neg.(4)
Attention 2.17 1.01 0.88 0.89 | 0.45 Attention 0.78 0.84 0.94 1.00
GradCAM  1.43 1.1 091 0.77 | 0.66 Rollout 0.82 080 094 0.98

2 CheferCAM  2.06 1.03 0.93 0.78 6.20 Q CheferCAM 0.81 0.82 0.97 0097
& AttnxGrad 1.94 1.00 0.90 0.80 | 0.65 % AttnxGrad 0.80 0.81 0.95 0.99
>  Int.Grad 163 152 091 080 | 820 £  Int.Grad 084 080 076 0.74
3 RISE 1.24 099 092 0.78 11.8 = RISE 0.83 0.78 0.89 0.89
ITA 1.66 090 092 0.77 | 15.3 ITA 0.79 080 0.95 0.99
DEX-AR 2.31 0.96 0.93 0.77 | 0.71 DEX-AR 0.85 0.78 0.97 0.95
Attention 11.47 4.36 0.98 0.86 | 0.45 Attention 1.71 1.45 094 0.75

= Rollout 6.13 3.12 095 0.90 | 0.51 Rollout 1.68 149  0.90 0.80
7 GradCAM 7.49 4.39 1.01 0.86 0.66 g GradCAM 1.74 0.87 0.85 0.87
S CheferCAM 1115 407 105 0.84 | 6.20 £ CheferCAM 171 144 094 0.74
g AttnxGrad 12.6 3.74 1.06  0.86 0.65 O AttnxGrad 1.74 1.32 0.96 0.75
= Int.Grad 13.50 12.77 1.03 0.84 | 8.20 Zﬁ Int.Grad  1.86 148 0.86 0.86
A RISE 6.39 3.87 109 0.86 11.8 RISE 1.63 1.04 095 0.79
IIA 11.08 3.77 1.02 0.86 15.3 ITA 1.75 1.40 093 0.76
DEX-AR 18.10 2.48 1.13 0.81 | 0.71 DEX-AR 2.71 090 0.95 0.75

Table 1: Perturbation-based evaluation across different VLM architectures
(Decoder-only, Encoder-Decoder, Prefix-Decoder) on ImageNet and VQAv2. Values
represent Area Under the normalized perplexity Curve (AUC) for positive (1) and
negative () perturbations. Runtime (sec/img) is averaged over 1k ImageNet images.
LLaVA-1.5 and BakLLaVA share the same architecture and parameter count, hence
identical runtimes. Rollout is omitted for LLaVA-1.5 as its attention implementation
does not expose the required per-layer maps. TAM [24] results for LLaVA /BakLLaVA
are in Supp. Sec. 17.

as"), we maintain token-level annotations of which parts of the response corre-
spond to filler words versus content-bearing tokens. This automated construction
provides ground truth annotations for the position of the "filler words" in the
sequence, enabling quantitative evaluation of the filtering mechanism’s ability
to distinguish between tokens that convey visual content and those that serve
linguistic functions.

4.2 Experimental Setup

Implementation Details. We evaluate the method on diverse state-of-the-art
VLMs with varying architectural designs. We first consider decoder-only models:
LLaVA-1.5 25|, which combines a CLIP ViT-L/14 |29] vision encoder with Vi-
cuna, and BakLLaVA [34], which adopts a similar architecture but uses Mistral-
7B [20] as its foundation. We also evaluate on PaliGemma [5], which employs a
prefix language modeling approach allowing bidirectional attention between vi-
sual and textual tokens, and Florence-2 [41], which utilizes cross-attention mech-
anisms for multimodal integration. This diverse selection allows us to validate
DEX-AR’s effectiveness across different VLM architectures.

Baselines: We compare DEX-AR against a comprehensive set of explainability
methods, including gradient-based (GradCAM |[32|, AttnxGrad [10], Integrated
Gradient [36], CheferCAM [9] and ITA [3]), attention-based (Raw Attention,
Attention Rollout [1]) and perturbation-based (RISE [28]), as detailed in Table[t}
Implementation details are provided in the Supp. Matt. Sec. 9.
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4.3 Perturbation Results

Table [I] compares DEX-AR against established explainability methods across
different VLM architectures. Note that metric ranges vary across models due to
base performance differences, making relative improvements more meaningful.
$On ImageNet, DEX-AR shows superior performance across architectures, no-
tably on BakLLaVA-v1 (AUC of 18.1 for positive perturbation, 5.5 points above
Attnx Grad) while achieving better negative perturbation scores (2.48), indicat-
ing accurate identification of both relevant and irrelevant regions.

On the more Cf)mPleX VQAVQ datz?,s'et, Table 2: Segmentation Performance
DEX-AR maintains higher positive on PascalVOC. Comparison of different
perturbation scores (1.13 for BakLLaVAy,ethods on four VLM architectures using
v1, 0.95 for PaliGemma), though with  soft-IoU and IoU, and EPG (Energy Point-
more modest gains. On PaliGemma, ing Game).

while achieving the best positive yjodel Method  soft-IoU () IoU(1) EPG(1)
scores (2.71), it performs similarly Attontion 500 1910 16.00
to baselines in negative perturbation Rollout 254 1959 11.41
(0.90 vs GradCAM’s 0.87). More- GradCAM  10.20  28.90 19.30
over, DEX-AR is significantly faster CheferCAM  1.60 2101 17.10
to traditional methods like Inte- A]t)t]f:l;é Cj&a{d 157'1;)0 333(4)1 %5
grated Gradient, RISE, IIA or Chefer- _ i : i
CAM. DEX-AR’s consistent perfor- Attention 2,04 19.56 16.84

LlaVA-1.5

s archi . (Decod I Rollout 3.30 2014 14.67
mance across architectures (Decoder- = GradCAM .19 24.36  24.76
only, Encoder-Decoder, and Prefix- = CheferCAM ~ 1.62 2107 17.07
Decoder) validates its approach for gs AttnxGrad ~ 5.09  24.23 26.32
understanding VLMs’ visual reason- DEX-AR ~ 17.00 35.85 26.33
ing. o  Aftention 837 2120 20.51

& Rollout 5.67 26.59 21.34

§ CheferCAM  9.68 2116 18.87

4.4 Segmentation Results = AftnxGrad 935 2392 23.15

DEX-AR 17.10 32.48 24.46

Table [2] compares the localization =  Attention 4.11 20.38 16.55

performance using the aggregated é GradCAM 844  22.55 26.95

sequence-level map E. On LLaVA- 5 ihefergAl\("ll ‘égé ;;1),(3)2 ;ggg
. = ttnx Gra . . .

- - < E—— =

1.5, DEX-AR achieves a soft-IoU of £ DEXAR  15.26 23.55 2043

17.70%, IoU of 36.34%, and EPG of
27.75%, representing relative improvements of 73.5%, 25.7%, and 4.3% respec-
tively over the next best method. This advantage is consistently maintained
across BakLLaVA and Florence-2, where DEX-AR outperforms all baselines by
significant margins. The method’s effectiveness is particularly evident in the
soft-IoU metric, where it achieves scores approximately 2-3x higher than other
approaches. On PaliGemma, DEX-AR leads in soft-IoU (15.26 vs 8.44) and
IoU (23.55 vs 23.32) but trails GradCAM in EPG (20.43 vs 26.95). This is be-
cause GradCAM produces narrow, peaky maps that concentrate energy inside
the object mask, scoring high on EPG, but lack spatial coverage. We there-
fore report three complementary metrics. Note that segmentation serves as a
spatial sanity check. Our primary evaluation is perturbation-based faithfulness
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(Tab. , which directly measures whether removing highlighted regions degrades
the model’s predictions, without assuming that attribution maps should resem-

ble full segmentation masks.

4.5 Dynamic Filtering Ablations

Heads Filtering: We conduct an abla-
tion study to evaluate the effectiveness
of the attention head filtering mecha-
nism, which aims to identify and prior-
itize attention heads that are more fo-
cused on visual information. We com-
pare different filtering approaches: us-
ing only the maximum gradient value
(max), selecting a percentage of top gra-
dient values (ko;), or averaging all gra-
dients (avg). We evaluate these variants
using two complementary metrics: Signal-
to-Noise Ratio (SNR) and Mean Squared
Error (MSE). SNR measures the ratio
between the explanation intensity inside
versus outside the ground truth mask:

E,M)/|M
SNR = 10-log ((E,(<1—M§)//HH1HIJVIH1) where

Table 3: Head Filtering Ablation:
Analysis of different filtering thresholds
(k%) measuring Signal-to-Noise Ratio
(SNR) and Mean Squared Error (MSE)
on PascalVOC.

LlaVA BakLlaVA
ks, SNR(T) MSE(])|SNR(1) MSE(})

- 164 033 | 527 015

max 3.64 0.22 | 6.02 0.14
0.05 3.35 0.24 4.13 0.17
0.1 3.09 0.25 4.13 0.19
0.2 245 0.28 3.18 0.22
0.3 1.98 0.31 2.36 0.25
0.4 1.66 0.33 1.92 0.26
0.5 1.45 0.34 1.62 0.27
0.6 1.29 0.35 1.42 0.28
0.7 1.20 0.35 1.30 0.29
0.8 1.16 0.36 1.20 0.29
09 1.12 0.36 1.14 0.29

avg 1.09 030 | 105  0.30

E € RE*W is the explanation map, M € {0,1}7*W is the binary ground truth
mask, (-,-) denotes the element-wise dot product, and || - ||; is the L1 norm.
Higher SNR values indicate better localization as they reflect stronger activa-
tion inside the target region compared to the background. MSE quantifies the
direct alignment between the explanation map and the ground truth mask, where

lower values indicate better agreement.
Results in Table [B] demonstrate that
selective filtering of attention heads sig-
nificantly improves explanation quality
across both models. The max-based fil-
tering achieves the best performance, im-
proving SNR from 1.64 to 3.64 for LLaVA
and from 5.27 to 6.02 for BakLLaVA,
while also reducing MSE. Using more gra-
dient values to compute the head scoring
(ko) consistently degrades performance,
suggesting that considering too many gra-
dients introduces noise in the head selec-

Table 4: Filler words Filtering Ab-
lation: Analysis of the impact of the
different filtering strategies on the fil-
tering of the filler words produced by
the VLM on PascalVOC using LlaVA-
1.5-7B.

Filtering
Head Filler SNR(T) MSE(}) EPG(T)

9.16 0.13  44.96

v 16.84 0.10 63.38
v 8929 011  92.50

v v 96.12 0.12 95.04

tion process. This is further evidenced when using the average of all gradients
(avg) to score the heads, which performs even worse than the baseline (no filter-
ing), highlighting the importance of selective head filtering based on the most

salient gradient signals.
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Filler words Filtering: Using PascalVOC-QA with LLaVA-1.5-7B, we assess
the impact of both, head-level filtering, which weighs attention heads based
on their visual focus, and filler word filtering, which identifies tokens primarily
driven by linguistics.

We use three complementary metrics: Signal-to-Noise Ratio (SNR), measur-
ing the ratio between attention given to non-filler words versus the attention
given to filler words; Mean Squared Error (MSE) quantifying the pixel-wise de-
viation from ground truth masks; and Energy Point Game (EPG), evaluating
the proportion of explanation energy that falls within the ground truth regions.

Results in Table [4] demonstrate the benefits of the dual-filtering approach.
While head filtering alone improves performance across all metrics compared to
the baseline (SNR: 9.16 — 16.84, EPG: 44.96% — 63.38%), the most substantial
gains come from filler word filtering.

4.6 Qualitative Examples

Figure [4] compares DX-AR against to baselines across diverse queries, showing
focused attributions that align with the objects being discussed, while compara-
ble methods tend to generate more diffuse or scattered heatmaps. The "no Fil-
tering" row particularly highlights the advantage of the dual-filtering approach,
producing clean, object-centric attributions where other methods struggle to dis-
tinguish between relevant objects and backgrounds. Further qualitative results
can be found in Supp. Matt. Section 15.

4.7 Runtime Analysis

—e— DEX-AR (autoregressive)
144 DEX-AR (batched)

Figure[3|reports wall-clock time as a func- || Singleayer gradient
tion of the number of generated tokens
T, for DEX-AR and its batched variant
on LLaVA-1.5-7B. Both variants scale lin-
early with T,, consistent with the O(7,)
complexity. Batched DEX-AR achieves up
to 18 x speedup at T,,=100 while produc-
ing mathematically identical attribution 0 20 umber of generated tokens 100
maps. Even without batching, DEX-AR is

already 8-21x faster than methods such
as CheferCAM, RISE, ITA, and Integrated
Gradients (Tab. , making it practical for typical VLM explainability tasks
(short-answer VQA with 5-10 tokens, classification with 1-3 tokens, short cap-
tions with 15-20 tokens).

Time (seconds)
@

Fig. 3: Wall-clock time vs. number of
generated tokens T, on LLaVA-1.5-7TB.

5 Conclusion

We presented DEX-AR, a novel explainability method for autoregressive VLMs
that introduces dynamic head and token-level filtering mechanisms, demonstrat-
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ing substantial improvements over existing methods across multiple architec-
tures. The dual-filtering approach validates the importance of selective attention
for accurate attribution, while providing a tool for better model understanding
and facilitating the responsible deployment of Al systems.
Acknowledgments Walid Bousselham is supported by the German Federal Ministry
of Education and Research (BMBF) project STCL-011522067.

Cat Plant Table Boat

Fig. 4: Qualitative Comparison
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