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Abstract

Explainable AI (xAl) is increasingly important for the trustworthy deployment of vision
models in domains such as medical imaging, autonomous driving, and safety-critical sys-
tems. However, modern vision models are typically trained on massive datasets, making it
nearly impossible for researchers to manually track how models learn from each sample, es-
pecially when relying on saliency maps that require intensive visual inspection. Traditional
x Al methods, while useful, often focus on the instance-level explanation and risk losing im-
portant information about model behavior at scale, leaving analysis time-consuming, sub-
jective, and difficult to reproduce. To overcome these challenges, we propose an automated
evaluation pipeline that leverages Vision-Language Models to analyze vision models at both
the sample and dataset levels. Our pipeline systematically assesses, generates, and inter-
prets saliency-based explanations, aggregates them into structured summaries, and enables
scalable discovery of failure cases, biases, and behavioral trends. By reducing reliance on
manual inspection while preserving critical information, the proposed approach facilitates
more efficient and reproducible xAI research, supporting the development of robust and
transparent vision models.

1 Introduction

Understanding how vision models make decisions is crucial for building reliable and trustworthy AT systems,
especially in safety-critical applications. While numerous explainable AI (xAI) methods such as CAM |Zhou
et al.| (2016), GradCAM |Selvaraju et al| (2017), ScorecCAM Wang et al| (2020b), LIME [Ribeiro et al.
(2016), and TCAV |Kim et al.| (2018) have been proposed, their practical use remains limited by a lack of
automation. Most existing approaches explain model behavior at the instance level, requiring researchers
to manually inspect saliency maps or generated explanations for large numbers of images. This process is
time-consuming, labor-intensive, and often subjective, making it difficult to scale analyses to large datasets
or to capture the general behavior of vision models despite the need to understand how they learn and
function on large datasets. TCAV partially addresses this by working at the dataset level, but it depends
heavily on manually curated concepts. Similarly, frameworks such as LangXAI|Nguyen et al.| (2024]) automate
description generation with Vision-Language Models (VLMSs), yet still require human effort to summarize
results and identify trends across datasets.

To overcome these limitations, we propose a scalable and automated pipeline that integrates CAM-based
methods with VLMs to explain and evaluate vision models both at the single-sample and dataset levels. At
its core, the pipeline generates saliency maps, transforms them into masked images, and leverages VLMs to
produce interpretable explanations. These outputs are automatically aggregated into a confusion-matrix-
based framework, which summarizes model behavior across an entire dataset. By reducing the reliance
on manual inspection, our evaluation pipeline enables efficient discovery of failure cases, identification of
systematic biases, and analysis of attention patterns in a scalable way.

This work makes three key contributions:

1. We introduce a fully automated evaluation pipeline that combines CAM-based xAI methods with
VLMs to explain vision models at scale.
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2. We propose masked CAM images, which improve the interpretability of attended regions and enhance
correlation with human judgments.

3. We design a confusion-matrix-based summarization that provides a dataset-level perspective on
model behavior, allowing researchers to gain a general understanding of vision models with minimal
effort.

By automating the process of analyzing and summarizing model explanations, this research addresses one
of the bottlenecks in xAl: the dependence on manual effort. Our pipeline helps move explainability beyond
single-sample inspection toward scalable, dataset-wide analysis, an essential step for integrating xAI into
vision model development and ensuring transparent, reliable Al systems.

2 Related Work

Although many frameworks focus on evaluating vision model performance with metrics like accuracy, IoU,
ensuring transparency and interpretability through explainable AI (xAl) is also crucial |Gunning & Aha)
(2019); Zhao et al.| (2015). xAI includes a variety of techniques to make machine learning models more
interpretable and is generally classified as model-agnostic and model-specific methods|Lundberg & Lee| (2017)).
Model-agnostic approaches, applicable to any model, often assess feature importance, while model-specific
methods leverage internal model structures for explanation Bach et al.| (2015)). For vision tasks, popular
techniques such as LIME [Ribeiro et al.|(2016]), TCAV [Kim et al.|(2018)), and CAM-based methods, including
CAM [Zhou et al| (2016), Grad-CAM [Selvaraju et al| (2017), Grad-CAM-+-+Chattopadhyay et al. (2017),
LayerCAM Jiang et al.| (2021)), ScoreCAM Wang et al. (2020a)), EigenCAM Muhammad & Yeasin| (2020)),
and XGradCAM |Oquab et al| (2015); [Wang et al. (2020b)) highlight regions important for predictions [Ttti
et al.| (1998); Kiimmerer et al.| (2014); |Zhao et al| (2015). These tools are especially valuable in fields like
healthcare Borys et al.| (2023); [Kakogeorgiou & Karantzalos| (2021); Kim & Joe| (2022), although many still
require expert interpretation, which poses challenges to integration into development workflows.

The development of Vision-Language Models (VLMs) expands the capabilities of LLMs such as Qwen
(2023)), Llama [Touvron et al| (2023)), PerspectiveNet (2024), and Phi |Li et al| (2023b)) by

enabling them to process visual information and text simultaneously [Ranasinghe et al. (2024)); [Liu et al.|
(2023). VLMs use vision models such as CLIP [Radford et al|(2021)) to excel in multimodal tasks. Prominent

examples include Flamingo |Alayrac et al. (2022), BLIP (2022)), which integrates a visual encoder
with an LLM via a querying transformer |Li et al.| (2023al), and different VLMs such as GPT-40, Qwen-

VL (2023), and Llama Vision [Chu et al.| (2024), show strong ability to understand visual data.

Consequently, they are used in many applications, including evaluating vision models |Chen et al.| (2024]).

Despite the importance of xAI and the significant advancement in VLMs in recent years, the applications
to analyze interpretive visualizations, such as Grad-CAM, in visual models remain underexplored. To fill
this gap, LangXAI Nguyen et al. (2024) explored the potential of using VLMs to generate explanations for
visual recognition based on the intensity of colors extracted from CAM methods. However, the framework
generates a description for one sample at a time without summarizing, evaluating, and comparing the general
interpretability of models on a set of images, making it difficult to understand their general underlying
features and behaviors, as we cannot just read many descriptions for each model. To further bridge this gap,
we developed a scalable pipeline that uses VLMSs to evaluate predictions from vision models, score them,
provide detailed explanations, and summarize the model’s attention with a confusion matrix on a larger
dataset. This method overcomes prior work by providing quantitative results on a larger dataset, thereby
generalizing the use of xAI and better connecting training to understanding.

3 Methodology

We introduce a novel pipeline to explain vision models automatically. This pipeline combines CAM methods
to visualize the model’s attention and uses vision-language models to generate descriptions, evaluations,
scores, and a confusion matrix. The entire proposed pipeline to explain and score vision models is illustrated
in Figure
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Figure 1: The pipeline evaluates vision models’ ability to understand an image. The VLM model
can describe, justify, and score the input image and the corresponding attention map. In the description, the
model’s interpretation of positive objects is highlighted in red, while gray illustrates the negative description.

3.1 Masked CAM image

The pipeline starts by feeding an image to vision models and getting a predicted result on the image. After
that, different methods to extract models’ attention, including CAM, LayerCAM, and more, are utilized to
get an attention map of vision models on the image. Then, we apply a more general version of the sigmoid
function to the attention map and get a mask for each image. The activation function is illustrated in
Equation |1} where v, ranging from 0 to 1, is the value of the attention map at position (z,y), indicating
the importance of the pixel, and My, is the activated value at position (z,y).

1

Moy = e (@ (B —umy))

(1)

In the equation, the values of v;, > B are scaled closer to 1 to highlight important regions, while v,, < 8
gradually decrease toward 0, reflecting reduced importance. Meanwhile, o controls the transition speed. The
higher «, the more sudden the transition from blacked-out to visible.

After achieving the mask, we apply it to the original image to hide regions with less attention according
to the CAM-based method. This process is formulated in Equation 2] where we multiply each pixel in the
original image I by the corresponding value in the calculated mask M in Equation [I] to achieve the final
masked image A.

Agy = Iy - Myy. (2)

The main reason we use the masked image instead of the heatmap overlay to explain the vision model’s
attention is to prevent image quality degradation, which can negatively affect VLM performance. A heatmap
overlay can obscure important object features, thereby reducing a VLM’s ability to interpret attention regions
accurately. By blacking out areas outside the model’s focus while retaining the attended regions, we preserve
image quality for relevant objects while ensuring that VLMs focus exclusively on the regions required for
evaluation. Furthermore, the vision model’s attention should provide sufficient evidence to justify and explain
its prediction. Insufficient evidence to recognize or distinguish objects within attended regions might suggest
an underlying problem with the vision model.
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3.2 VLM assessment

The result of the previous process is an image largely blacked out, except for areas the model considered
important in its output. The masked image and the predicted label of the model are then fed to a VLM for
evaluation and scoring. In the pipeline, VLMs are asked to find the relevance between the vision model’s
prediction and the visible object(s) in the masked image, and then explain further. Finally, VLMs score
every pair of masked pictures and labels to quantify the model’s ability.

3.3 Evaluation metrics

This section defines a confusion matrix for this pipeline based on the labels and generated explanation scores
for each image. First, we select a threshold score to determine which generated scores indicate that the
vision model struggles to understand the image. We then construct the matrix as shown in Figure [T} using
the VLM scores and the model’s prediction correctness for each sample. The proposed confusion matrix
categorizes the model into four quadrants:

e Correct: The model attends to the correct object and predicts the correct label, indicating a strong
understanding of the image.

e« Misunderstood object: The model predicts the correct label, but its attention does not align
with the target object, suggesting a misunderstanding of the object’s visual appearance. When this
pattern occurs frequently, inspecting the training data for this object category is recommended.

e Attending to the wrong object: The model focuses its attention on an object different from
the labeled one and consequently makes an incorrect prediction. This behavior suggests difficulty
in distinguishing the main object from contextual or background objects, and may be mitigated by
architectures with stronger global attention mechanisms.

e Lack of understanding: The model fails to produce meaningful attention and predicts an incorrect
label, indicating insufficient knowledge for the task. In such cases, training on a larger or more diverse
dataset may be beneficial.

Given a large number of input samples, we can count the occurrences of each category and compute their
proportions to obtain a comprehensive evaluation of the model. Furthermore, the resulting confusion ma-
trix between attention alignment and prediction correctness can be used to derive actionable insights for
mitigating the identified failure modes.

4 Experiment

We evaluated the pipeline’s trustworthiness with four experiments to assess the VLMs’ output (descriptions,
scores), hyperparameter selection, and the usage of masked CAM and CAM images. The last one assesses
our confusion matrix in predicting problems of trained vision models. The scoring system ranges from zero
(random attention) to five (perfect attention), and saliency maps are extracted from the last layer as in the
GradCAM paper.

4.1 Pipeline evaluation

Pipeline scoring ability. In the first experiment, we evaluated our pipeline by comparing VLM-based
scores with human judgments and segmentation-based metrics. We sample 700 images from the COCO
dataset for segmentation and extract saliency maps using ResNet18 with Grad-CAM. To avoid multi-object
predictions, we filter for samples in which a single (or main) object occupies more than one-third of the image
area and falls within the ResNet18 output classes, ensuring a dominant subject for analysis. Two authors
independently rated the samples, achieving a Pearson correlation of 0.71. Then, we average their ratings to
obtain the human ground truth, alongside automatic metrics (IOU, Dice, PA, and F1), which is computed
from the golden segmentation mask and attention mask (before applying to create the masked image), for
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Model Method Human IOU Dice PA F1
Gemini Pr Masked CAM 0.78 0.37 0.37 0.34 0.37
¢ © CAM image 075 036 036 0.36 0.36
Gemini Flash-lit Masked CAM 0.67 0.31 0.31 0.33 0.31
emimt Fasie - GAM image 0.64 028 029 029 0.29
Commagor,  Masked CAM 0.65 031 031 028 031
CAM image 0.51 0.22 0.23 0.26 0.23

D&I 0.46 0.29 0.28 0.33 0.28

Baselines Average Drop (AD) 0.34 022 0.22 0.19 0.22
AOPC 0.11 0.21 0.21 0.11 0.21

Table 1: Comparison across explanation methods on multiple evaluation metrics. All values are
Pearson correlations between explanation scores and reference metrics: human ratings, Intersection-over-
Union (IOU), Dice, Pixel Accuracy (PA), and F1. We report results for Gemini Pro, Gemini Flash-lite,
Gemma-3-27B, and model-agnostic baselines.

comparison with the VLMs’ scores using Pearson correlation. While human ratings may be high when the
model attends to discriminative features or entire objects, metric scores only improve when attention aligns
precisely with object regions at the pixel level. As shown in Table [I, when using masked CAM images,
Gemini-2.5-flash-lite achieves correlations of 0.67 with human ratings, 0.31 with IOU, 0.31 with Dice, 0.33
with Pixel Accuracy (PA), and 0.31 with F1. Gemini-2.5-pro achieves the highest performance with 0.78
(human), 0.37 (IOU), 0.37 (Dice), 0.34 (PA), and 0.37 (F1). Using the original CAM images by modifying
the LangXAT framework for scoring, Gemini-2.5-flash-lite obtains 0.64 (human), 0.28 (IOU), 0.29 (Dice),
0.29 (PA), and 0.29 (F1), while Gemini-2.5-pro achieves 0.75, 0.36, 0.36, 0.36, and 0.36, respectively, which
is still lower than our method in most metrics. Compared to traditional XAI methods such as Delete and
Insert (D&I) |Petsiuk et al.|(2018), Average Drop (AD) |Chattopadhyay et al|(2017), and AOPC |Samek et al.
(2015)), which produce human correlations of 0.46, 0.34, and 0.11 and show consistently weaker alignment on
segmentation metrics, our pipeline achieves substantially stronger consistency with both human judgments
and pixel-level ground truth. Although direct comparisons are not strictly ‘fair’ in human correlation because
these baselines were not designed with human interpretability in mind, these methods still have lower scores
in metrics like F1, PA, IOU, and Dice based on the segmented areas, showing the potential of our approach.
This also highlights a key limitation of traditional approaches in analyzing saliency images: the lack of
contextual understanding. While these methods can identify attended regions as important, they cannot
explain whether the attention truly aligns with the model’s prediction, leading to lower-quality analysis and
reducing the usefulness of information extracted from saliency maps. Finally, our approach benefits from
the ability of vision-language models to reason about whether the model attends to the correct objects while
maintaining better scores on different popular metrics. This leads to more reliable analysis if the model’s
attentions are biased, which most traditional methods fail to detect.

Description and Justification. Next, the authors checked the VLMs’ output on 200 ImageNet samples
to verify the quality of descriptions and justification for CAM and masked CAM images. In this experiment,
they read the VLMs’ output and decide whether those texts are acceptable. An output is unacceptable if the
VLMs provide incorrect information, do not match the predicted object, or the score is not aligned with the
justification and description. The results show that 85.58% of the GPT-40-mini’s generated samples on the
masked CAM images are correct, while Gemini-1.5-flash achieves 79.41%. Meanwhile, results on the original
CAM image show a lower rate; Gemini-1.5-flash achieves 54.22% and GPT-4o-mini achieves 75.62%. This
indicates that weaker LLMs tend to benefit more from masked images.

Hyperparameters. The third experiment examines the impact of hyperparameters on framework corre-
lation with humans and different metrics. As reported in Table [2] the best performance is achieved with
a = 15,8 = 0.6, reaching the highest correlation on all metrics, while the setting with @ = 25,58 = 0.7
achieves slightly higher than (human, PA) or equal to (Dice, F1) a = 25,8 = 0.4 on most metrics except
for the IOU score, where 8 = 0.4 achieves 0.29 and g = 0.7 achieves 0.28. In general, the performance of
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different settings is still slightly or significantly better than that of using the original CAM image in the mod-
ified LangXAI method, which does not use hyperparameters, in both human interpretation and pixel-level
evaluation.

a=25 | a=15 | a=25
B8=04|p5=06| 8=07
Masked CAM (Human) 0.64 0.67 0.66
Masked CAM (IOU) 0.29 0.31 0.28
Masked CAM (F1) 0.29 0.31 0.29
Masked CAM (PA) 0.28 0.33 0.30
Masked CAM (Dice) 0.29 0.31 0.29
Original CAM (Human) 0.64
Original CAM (IOU) 0.28
Original CAM (F1) 0.29
Original CAM (PA) 0.29
Original CAM (Dice) 0.29

Table 2: Pearson correlation of Gemini-2.5-flash-lite with humans and different metrics under
different hyperparameters. Bold value highlights the highest value across settings.

4.2 The Impact of Prompt Style

In this section, we investigate how variations in prompts influence the performance of our pipeline, poten-
tially yielding positive or negative effects. In this experiment, we maintain the same output requirements
(description, justification, and score) and inputs (evaluation criteria, scoring criteria, and image description)
to ensure that we are comparing only prompting styles, without modifying the underlying target or pipeline
functionality. Accordingly, we employed two additional distinct prompts using the Gemma-3-27B model.
The first prompt is a concise version of our original that shortens the image description, evaluation criteria,
and scoring criteria while maintaining their semantic meaning and the pipeline objectives. The second is an
extended prompt that requires more detailed and longer image descriptions and justifications. The results
are reported in Table [3] Overall, we observe that prompt variations are not significant, with the original
prompt achieving the highest performance across all metrics.

Prompt Human IOU  Dice PA F1

Original 0.651 0316 0.317 0.286 0.317
Extended  0.640 0.306 0.306 0.280 0.306
Concise 0.651 0.301 0.301 0.273 0.301

Table 3: Comparison of different prompt types across various metrics. The evaluation is conducted
on 700 samples from the COCO datasets.

4.3 Model analysis

We further experimented to analyze how different vision models rely on attention mechanisms when making
predictions. Table [4] presents the distribution of samples across four categories: Correct-High (CH), where
the model makes a correct prediction with high attention focused on the target object; Correct-Low (CL),
where the prediction is correct but attention is low or scattered; Wrong-High (WH), where the model predicts
incorrectly despite attending strongly to an object (often a secondary or boundary object); and Wrong-Low
(WL), where the model both predicts incorrectly and fails to attend to any object meaningfully.

For segmentation models, the majority of cases fall under CH, with DeepLabv3-ResNet101 |Chen et al.
(2017) achieving the highest CH rate (80.9%), followed by DeepLabv3-ResNet50 [He et al.| (2015) (76.9%).
This suggests that segmentation architectures generally rely on their attention mechanism to segment the
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Model CH CL WH WL Avg
Segmentation Models

DeepLabv3-ResNet50 76.9 54 108 6.9 3.98
DeepLabv3-ResNet101 80.9 4.9 7.8 6.4 3.94
LRASPP-MobileNet v3-Large 66.2 6.4 12.3 15.2 3.52
FCN-ResNet50 71.1 59 147 83 3.73
Classification Models

ResNet18 64.2 4.9 176 132 3.45
ConvNeXt-tiny 66.2 284 29 2.5 3.00
MaxViT-t 67.1 230 6.9 29 314
Efficientnet-bl 74.0 142 74 4.4 343

Table 4: Confusion matrix-based attention analysis of different vision models. CH, CL, WH, WL
are referred to as Correct-High, Correct-Low, Wrong-High, Wrong-Low in the confusion matrix (percentage).
Meanwhile, Avg denotes the Average Attention Score from the pipeline. We evaluate those models using
PASCAL VOC [Everingham et al.| (2025) and ImageNet.

correct objects and make predictions, which aligns with their dense pixel-level supervision. However, there are
many cases where all segmentation models failed with high attention score, 10.8% for DeepLabv3-ResNet50,
7.8% for DeepLabv3-ResNet101, 12.3% for LRASPP-MobileNet v3-Large [Howard et al.| (2019), and 14.7%
for FCN-ResNet50 [Shelhamer et al.| (2014), which indicates that some segmentation models do not fully
utilize their attention mechanism for segmenting objects or their attentions are still too complex to segment
from. LRASPP-MobileNet v3-Large exhibits the weakest attention stability among segmentation models
(66.2% CH, 15.2% WL), suggesting that this model frequently fails to leverage contextual cues necessary
for accurate object localization and segmentation, resulting in significantly lower performance compared to
other architectures.

For classification models, the distribution varies more significantly. ResNet18 achieves only 64.2% CH and
exhibits a high WH rate (17.6%) and WL (13.2%) with a very low rate on CL, indicating the model strongly
depend on the attention mechanism to make decision and its attention captures nearly entire objects, if the
model fails to capture the object (low attention score), the model is likely to fail the task. This also suggests
that the model is susceptible to distraction from background objects, leading to erroneous predictions that
pose potential security risks. EfficientNet-bl |Tan & Le (2019) improves CH to 74.0%, but still shows a
non-negligible WH (7.4%) and WL (4.4%). Furthermore, its CL score is relatively high, suggesting stronger
representational power but partial bias on localized features of the object or possible flaws in its attention
mechanism. ConvNeXt-tiny [Liu et al.| (2022) and MaxViT-t Tu et al. (2022) demonstrate an interesting
trend: while they achieve relatively high CH (66.2% and 67.1%), their CL ratios are unusually high (28.4%
and 23.0%, respectively). This suggests that these models can make accurate predictions even when attention
is not clearly aligned with the main object, similar to Efficientnet-b1, possibly due to learning more abstract
or global representations rather than relying strictly on localized attention. However, this also implies a
potential bias toward partial features, where small discriminative patches suffice for classification, rather
than full-object reasoning.

Overall, the results suggest that segmentation models maintain more consistent attention alignment with the
target object, whereas classification models vary in their reliance on attention. Models such as ConvNeXt-
tiny and MaxViT-t appear less dependent on object-centered attention, favoring global or distributed feature
learning, while traditional CNNs like ResNet18 rely more heavily on attention consistency but remain vul-
nerable to boundary confusions. This experiment highlights the ability of our pipeline to reveal intrinsic
differences in how vision models allocate and utilize attention for decision-making.

5 Ablation study - Potential applications

In the next set of experiments, we evaluate the ability of different frameworks to analyze the internal
mechanisms of vision models for detecting flawed samples on two widely used datasets: COCO [Lin et al.
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(2014) and ImageNet Deng et al.[(2009)) in two scenarios, to detect noisy labeled images with multiple objects
and detect wrong labeled images from an augmented dataset using a vision model.

Detect incorrect sample. Flawed samples in 700 COCO samples primarily come from incorrect or am-
biguous annotations in complex, multi-object scenes: some images contain multiple valid labels, and a small
portion are simply mislabeled. For our evaluation, one of the authors manually annotated these flawed
instances by strictly applying these criteria—specifically identifying images with ambiguous boundaries,
multi-object conflicts, or clear misassignments against the original COCO labels to establish the ground
truth. These issues can confuse a vision model or lead to inconsistent predictions. Our framework detects
such cases by exploiting the correlation matrix and focusing on “WH?” cases, where the model attends to
the correct region but produces predictions inconsistent with the given label, suggesting a labeling issue. As
shown in Table [p] our method achieves accuracy 0.829, precision 0.924, recall 0.864, and F1 0.893. Com-
pared to baselines, ResNet18 shows very high precision (0.966) but extremely low recall (0.679), accepting too
many invalid samples. On the other hand, confident learning (CL) Northcutt et al.| (2021)), low-normalized
margin (LNM) [Yuan et al. (2025), and Low Self Confidence (LSC) [Northcutt et al| (2021)) provide high
recall (0.981, 0.975, and 0.993) but at the cost of lower precision, retaining many flawed samples. Proposed
filtering strategies such as prune-by-noise-rate (PNR) [Northcutt et al.| (2021)) and low-self-confidence per-
form the best overall, with F1-scores of 0.940 and 0.934, respectively. Although not specifically designed for
data filtering, our method offers a competitive trade-off: higher purity than recall-heavy baselines, and less
restrictive than conservative filters, making it robust for dataset auditing in challenging scenarios.

Detect mislabeled samples. We further simulate large-scale augmentation pipelines by introducing noisy
labels from vision models themselves (i.e., automatic relabeling). This allows us to test whether methods
can identify mislabeled samples introduced by model-driven noise rather than human annotators. For this
experiment, we randomly sample 518 ImageNet images and use ResNetl8 to generate noisy labels (i.e.,
automatic relabeling that may conflict with ground truth). From the extracted CAMs and internal model
signals, each method detects whether ResNet18’s prediction is accurate. The ‘ResNet18’ baseline shown in
Table [0] serves as a reference by treating all predictions as correct, disregarding any confidence or attention
cues. Results in Table |§| show that our framework achieves the highest accuracy (0.828) and precision
(0.843), along with strong recall (0.932) and Fl-score (0.885). In contrast, CL and LNM perform poorly
across all metrics. PNR and LSC outperform CL and LNM but still trail our framework in both accuracy
and precision. Interestingly, LangXAI-m achieves a competitive F1 (0.885), though it slightly lags behind
our framework in accuracy and precision. These results highlight that our framework—though not explicitly
designed as a filtering tool—is particularly effective at suppressing model-induced labeling errors, which are
common in large-scale automatic pipelines, by leveraging its ability to evaluate and analyse the models’
attention mechanisms.

Taken together. These experiments suggest that our pipeline, although not explicitly tailored for flawed-
sample detection, generalizes across different noise regimes. It is robust to ambiguous multi-label annotation
errors in COCO and highly effective against model-generated relabel noise in ImageNet. By leveraging the
internal attention mechanisms of vision models, our framework shows strong potential in dataset evaluation
tasks and related applications.

6 Conclusion

This paper proposed a novel framework to integrate CAM visualizations with VLM to explain vision models.
The pipeline can be easily integrated into the evaluation process to provide more details, including text-based
explanations, scores, and a confusion matrix. This pipeline’s specialty is that it can provide assessments for
both the sample-level and dataset-level, providing more insights for researchers. The research also highlights
the potential of the VLM-as-a-judge paradigm for large-scale evaluation, explanation, and analysis of deep
learning models, where the need to interpret complex mechanisms across large datasets is rapidly growing.
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Method Acc. Prec. Recall F1
ResNet18 0.714 0.966 0.679 0.797
LangXAI-m 0.818 0.920 0.855 0.886

CL 0.864 0.871 0.981 0.922
PNR 0.898 0.915 0.967 0.940
LSC 0.884 0.881 0.993 0.934
LNM 0.855 0.866 0.975 0.917
Ours 0.829 0.924 0.864 0.893

Table 5: Comparison of methods for detecting flawed samples in the COCO dataset. Bold
indicates the best result and underline the second best. Abbreviations: LXM = LangXAI (modified), CL
= Confident Learning, PNR = Prune by Noise Rate, LSC = Low Self Confidence, LNM = Low-Normalized
Margin.

Method Acc. Prec. Recall F1
ResNet18 0.713 0.713 1.000 0.833
LangXAI-m 0.826 0.835 0.943 0.885

CL 0.735 0.758 0.924 0.832
PNR 0.723 0722 0.994 0.836
LSC 0.742 0762 0.929 0.837
LNM 0.716  0.747 0911 0.821
Ours 0.828 0.843 0.932 0.885

Table 6: Comparison of methods for detecting flawed samples in the ImageNet dataset. Bold in-
dicates the best result and underline the second best. Abbreviations: LangXAl-m = LangXAI (modified), CL
= Confident Learning, PNR = Prune by Noise Rate, LSC = Low Self-Confidence, LNM = Low-Normalized
Margin. ResNet18 is used to create ‘fake’ labels for this dataset, while other methods have to find out which
image and label pair from ResNet18 is incorrect.

Limitations

Despite being scalable and helpful in detecting scenarios where the vision models behave incorrectly, the
pipeline still contains some limitations, including the dependence on VLMs to generate a correct description
with a suitable score for each sample. Furthermore, the pipeline only utilizes CAM-based methods to
extract the attention regions, but not methods like finding the decision boundary and other xAl visualization
techniques.

Potential risk

The quality of the generated descriptions is highly dependent on the performance of the VLM, despite it has
similar or better performance in our evaluation. Therefore, the pipeline should be used only as a supporting
tool, with the researcher remaining the primary decision maker in the analysis.
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A Appendix

A.1 Examples of Model’s Evaluation

We present additional qualitative results of our benchmark to analyze the effectiveness of our method and
evaluation metrics. The example shown in Figure [2| demonstrates how the model’s attention can sometimes
focus on irrelevant features, but does not lead to reduced interpretability.

A.2 Prompting

The prompt used for the evaluation framework consists of an image description, evaluation criteria, scoring,
and output format. The task involves analyzing a masked image in which the model’s focused areas are
highlighted, while irrelevant regions are blacked out. Key criteria for evaluation include focus accuracy,
object recognition, object coverage, and potential distractions from background or irrelevant elements. The
evaluator is instructed to analyze the model’s attention on the object and provide an explanatory analysis,
considering factors like visual challenges or misleading elements. A score from 0 to 5 is assigned, with specific
descriptions for each score reflecting the model’s attention and recognition performance. The output includes
a concise evaluation and score with justification.

Prompt to get sample description justification and score from masked CAM images

Task: Evaluate the Model’s Attention Mechanism Using the Provided Masked Image.

e Image Description:

— The image is masked with a Grad-CAM heatmap, where only the areas the model focuses
on are visible, while all other regions are blacked out.

— The model is attempting to focus on the object.

o Evaluation Criteria:

— Focus Accuracy: Analyze which part of the image the Grad-CAM is highlighting. Is the
model’s attention placed accurately on the object, or is it scattered across other areas?

— Object Recognition: Determine whether the model correctly recognizes the object. Is the
attention primarily on the correct object, or does the model focus on irrelevant areas?

— Object Coverage: Evaluate how much of the object is being captured by the model’s
attention. Is the entire object covered, only a small part, or none at all?

— Background and Irrelevant Focus: Check for any significant focus on the background or
irrelevant objects. Does this distract the model from the primary object?

— Explanatory Analysis: Provide possible reasons for the model’s attention pattern. Con-
sider whether the model is being misled by similarly shaped or colored objects, complex
backgrounds, or other visual challenges.

e Scoring:
Assign a score between 0 and 5 based on the relevance and accuracy of the model’s attention:

— 0: The model’s attention is completely irrelevant to the object, leading to a wrong result.

1: The model fails to recognize the object entirely, focusing on irrelevant areas.

— 2: The model captures only a small part of the object.

— 3: The object is recognized, but the attention also covers irrelevant parts or other objects.
4:

Most of the object is detected correctly, with minimal distraction from irrelevant areas
or the background.

5: The model perfectly captures the entire object without being distracted by irrelevant
areas or the background.
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Original image Masked image

Description: The Grad-CAM highlights the [iatenibliialosineadianaiieck, demonstrating a good grasp of the primary
object. However, the model also focuses on the person's hand reaching towards the buffalo, suggesting potential
misdirection due to the hand's proximity and similar shape to the animal's head. The attention is primarily on the
water buffalo, with minimal focus on the background.

Distification: The model effectively identifies the water buffalo's head and neck but exhibits slight distraction from the
hand, highlighting a potential influence of similar visual features on the attention mechanism.

Score: 4.
Prediction: water buffalo
13bel: water buffalo

Original image Masked image

Description: The Grad-CAM highlights ElSialiSIeaIaIoUNIMONENISINaINGIONIICIVISHSBNoORIEY . The attention
does not align with an aircraft carrier, as none is present in the image. There is no significant focus on irrelevant
areas or the background, as the majority of the image is blacked out except for the immediate area around the
woman. The model's focus on the woman may be due to her being a prominent feature in the limited visible section,
leading the attention mechanism to highlight her as the most significant element within the masked area. The
absence of an aircraft carrier suggests a mismatch between the provided image and the task description.

Jistification: | scored this a 1 because the model's attention is entirely misdirected. It focuses on a woman, which is

completely unrelated to the specified object of interest, an aircraft carrier. The model demonstrates a fundamental
failure to recognize or attend to the relevant object.

Score: 1.
Prediction: aircraft carrier
1368l street corner

-

Figure 2: Two prediction examples of the proposed pipeline.
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e Output Format:

— Evaluation: Provide a concise evaluation (5-6 sentences), discussing: Where the Grad-
CAM is focusing. Whether the attention aligns with the object. Whether there is any
significant focus on irrelevant areas or the background. Explain why the model might
focus on specific regions.

— Score: Assign a score from 0 to 5, justifying your rating based on the model’s performance
in recognizing the object and avoiding distractions.

— The format must be presented as follows:

* Evaluation: [evaluation],
* Justification: [justification],
% Score: [score]

Prompt to get sample description justification and score from original CAM images
I g I I J g g

Task: Conduct an evaluation of the model’s attention mechanism by analyzing its response to the
supplied CAM heatmap. This assessment aims to test the model’s capacity to effectively interpret
and utilize attention when processing visual data.

o Image Description:

— The heatmap uses warm colors (orange, red) to represent areas where the model is
focusing most, while cool colors (blue, purple, dark) indicate regions of little to no
attention.

— The model’s focus is on the object.

— Identify the warm-colored regions and analyze what those regions represent in relation
to the object of interest. In addition, assess the presence of cool-colored regions and
their alignment with irrelevant areas or the background.

o Evaluation Criteria:

— Focus Accuracy: Analyze which part of the heatmap the warm colors (orange, red)
highlight. Is the model’s attention accurately placed on the object, or is it scattered
across other areas?

— Object Recognition: Determine if the model is correctly recognizing the object. Is the
attention primarily on the correct object, or does the model focus on irrelevant areas?

— Object Coverage: Evaluate how much of the object is being captured by the model’s
attention. Is the entire object covered, only a small part, or none at all?

— Background and Irrelevant Focus: Check for any significant focus on cool-colored regions.
Does this distract the model from the primary object?

— Explanatory Analysis: Provide possible reasons for the model’s attention pattern. Con-
sider whether the model is being misled by similar-colored areas, complex backgrounds,
or other visual challenges.

o Scoring:
Assign a score between 0 and 5 based on the relevance and accuracy of the model’s attention:

— 0: The model’s attention is scattered with no clear target, showing that it does not
understand the task or the object.

— 1: The model consistently directs its attention to something unrelated to object, indi-
cating a fundamental misunderstanding of the object it is supposed to recognize.

— 2: Partial object recognition: The model captures only a small fragment of the object,
missing most of its critical features. The attention is mostly misdirected, with just minor
alignment to the actual object.
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— 3: The model identifies a limited area of object, but its attention still includes some
irrelevant parts surrounding it.

— 4: The model predominantly focuses on object, with only minor distractions or irrelevant
attention in the background.

— 5: The model accurately captures the entire object without any distractions from irrel-
evant areas or background elements.

e Output Format:

— Evaluation: Provide a concise evaluation (5-6 sentences), discussing: Where the heatmap
focuses (warm colors). Whether the attention aligns with the object. Whether there is
any significant focus on irrelevant areas or the background. Explain why the model
might be focusing on specific regions.

— Score: Assign a score from 0 to 5, justifying your rating in a sentence.

— Your output format must be presented in a dictionary as follows, which is extremely
important for the evaluation process to run without any error:

* Evaluation: [evaluation],
* Justification: [justification],
% Score: [score]
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