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Abstract

Deep learning models for visual recognition often exhibit systematic errors due to under-
represented semantic subpopulations. While existing debugging frameworks can identify
these failure slices, effectively repairing them remains difficult. Current solutions often rely
on manually designed prompts to generate synthetic images—an approach that introduces
distribution shift and semantic errors, often resulting in new bugs. To address these issues,
we introduce SafeF'ix, a framework for distribution-consistent model repair via controlled
generation that employs a diffusion model to generate semantically faithful images that
modify only specific failure attributes while preserving the underlying data distribution. To
ensure the reliability of the repair data, we implement a verification mechanism using a
large vision-language model (LVLM) to enforce semantic consistency and label preservation.
By retraining models on the synthetic data, we significantly reduce errors in rare cases
and improve overall performance. Our experiments show that SafeFix achieves superior
robustness by maintaining high precision in attribute editing without introducing additional
bugs.

1 Introduction

Despite strong performance on standard benchmarks, computer vision models often fail on rare semantic
subpopulations (Barbu et al., [2019; |Gao et al. |2023; [Leclerc et al., [2022]). Such errors usually arise from
dataset bias: some attribute combinations (for example, individuals with red hair color) are rarely represented
in the training data (Buolamwini & Gebrul [2018). Finding and fixing these bug slices is important for
deploying Al systems in safety-critical applications.

Recent research has focused on identifying these failures using interpretable debugging pipelines (Gao et al.,
2023; |Chen et al.| 2023; [Singla et al.l 2024). For instance, HiBug (Chen et al., |2023) uses vision—language
models to discover failure slices based on shared visual attributes. However, the subsequent repair process
remains a major bottleneck. Existing repair strategies generally fall into two categories: retrieval-based and
generation-based. Retrieval-based methods (Gao et all [2023;|Singla et al., 2024)) collect samples from external
datasets, which often introduces a domain gap. Generation-based methods, such as those suggested by HiBug,
use text-to-image models to synthesize training data. However, standard generative augmentation suffers
from two critical flaws: (1) Semantic Drift: Generative models often fail to preserve attributes unrelated to
the intended edit, and (2) Distribution Mismatch: Synthetic images may not align with the original data
distribution, leading the model to learn generative artifacts rather than the intended semantic concepts.

To overcome these challenges, we propose SafeFix, a targeted model repair method designed to correct failures
caused by underrepresented semantic subpopulations through controlled image generation—without degrading
overall performance or introducing new errors. Compared to AdaVision (Gao et al. 2023) and DCD (Singla
et al.l 2024)), which retrieve samples from another dataset, our method generates new examples grounded
in the training set to ensure distributional consistency. Unlike HiBug (Chen et al.l [2023]), which simply
composes failure attributes into language prompts, SafeFix anchors generation on real instances in the training
set to preserve unrelated attributes and avoid unintended changes. While the latent-space-based filtering
method (Jain et al. 2023) explores repair via diffusion models, their approach relies solely on caption-based
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Figure 1: SafeFix addresses model repair challenges by generating images that target specific failure attributes,
such as snowy backgrounds. While prior work (Zhang et al., [2024; Chen et al., |2023) may produce data
that are insufficiently represented in the source dataset, such methods often miss true failure attributes and
cause distribution shifts. In contrast, SafeFix generates images under snowy conditions that maintain the
same road geometry to enforce distribution alignment, keeping generated samples consistent with the original
data distribution. This approach reduces bugs by improving training coverage of underrepresented semantic
subpopulations where model failures stem from insufficient data. It ensures that the augmented dataset
effectively repairs the model without introducing new errors.

prompting and does not guarantee the semantic accuracy of critical attributes. In contrast, SafeFix mitigates
the unreliability of generative models in rendering sensitive attributes—such as skin tone or hair color—by
further filtering out semantically inconsistent images using a large vision-language model (LVLM) (Bai et al.
[2025; [Liu et all, [2023), and the LVLM is verified by human audit. This system ensures that the final outputs
faithfully reflect the intended attribute change (e.g., generating a sad expression on a darker-skinned woman
with red hair, whereas standard diffusion models often mistakenly produce a darker-skinned man with black
hair instead), enabling precise and robust repair of underrepresented semantic subpopulation failures.

As shown in Figure [1} SafeFix directly addresses two major challenges in existing model repair strategies: 1)
ensuring the generated images reflect the true failure attributes, and 2) aligning them with the original data
distribution. By retraining models on this augmentation set, we reduce errors associated with underrepresented
semantic subpopulations, where model failures stem from insufficient training coverage of specific attributes.
The contributions of this work are as follows:

o We formulate a targeted model repair pipeline, SafeFix, which leverages conditional text-to-image
generation and LVLM-based filtering to synthesize high-quality, attribute-faithful data for correcting
model failures arising from underrepresented subpopulations.

o We introduce a verification mechanism that leverages LVLMs to mitigate the inherent unreliability
of generative models, ensuring that the synthesized repair data is both semantically accurate and
remains aligned with the original dataset distribution.

e We demonstrate that our approach significantly improves model performance on rare-case failure
slices across multiple architectures and datasets, leading to higher accuracy and robustness in
underrepresented scenarios without introducing new errors.

2 Related Work

Failure Pattern Discovery. HiBug (Chen et all [2023) proposes a pioneering pipeline that identifies
interpretable failure cases in vision models by clustering semantically meaningful attributes, revealing both
rare categories and spurious correlations. HiBug2 (Chen et al., [2025) extends this approach with more efficient
error-slice discovery and a closed-loop debugging mechanism, improving coherence and coverage of discovered
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model bugs. Several follow-up works attempt to strengthen interpretability in model debugging (Adebayo
et al. 2020; [2022)), though often limited by static failure patterns or inadequate visual grounding. Beyond
HiBug, MODE (Vendrow et al., |2023)) introduces a state-differential analysis framework that locates internal
model faults and proposes data-driven remedies. TCAV (Kim et al., |2018) further enriches interpretability by
testing the model’s sensitivity to high-level concepts and by correcting spurious activations at the concept
level. 3DB (Leclerc et al.l [2022]) complements these efforts by constructing structured attribute spaces over
failure modes, allowing discovery of underrepresented attributes through unsupervised analysis of visual
model errors.

Targeted Synthetic Augmentation via Diffusion Models. Diffusion models such as Stable Diffu-
sion (Rombach et al}2022) and classifier-free guidance (Ho & Salimans, 2022|) enable controllable, semantically
faithful image synthesis. These models have proven useful in debugging (Casper et al.| [2022; Fang et al.; 2024;
Huang et al., |2024), conditional text-to-image visualization (Augustin et al. 2022; |Boreiko et al., [2022), and
training data augmentation (Trabucco et al.l 2023} Dunlap et al.,|2023)), especially in few-shot and fine-grained
recognition tasks. Recent work like DiGA (Zhang et al.l [2024)) shows how editing spurious attributes while
preserving class semantics can mitigate bias without requiring new annotations. These advances highlight
how targeted generation can shape training distributions to address model weaknesses. Building on these
insights, our method forms a debugging pipeline that not only identifies failure cases but also synthesizes and
integrates targeted images to improve model performance. Compared to prior augmentation or error discovery
pipelines (Fang et al., 2024; Huang et al. [2024; |Chen et al.| |2023|), our approach is more generalizable and less
reliant on predefined attribute sets. We draw inspiration from efforts like StylizedlmageNet (Geirhos et al.l
2019)), debiasing pipelines (Jin & Rinard, 2021)), and adaptive augmentation methods (Mikolajczyk-Barela
et al., 2023} Zhao et al., [2022; Wang et all 2024b), but focus on semantically controllable generation tailored
to discovered bugs.

Multimodal Filtering via LVLMs. LVLMs like Flamingo (Alayrac et al., 2022) have demonstrated strong
capabilities in semantically grounding visual concepts. Recent studies show that using LVLMs as filters
to select high-quality image-text pairs enhanced dataset quality for downstream tasks (Wang et al., |2024a;
Li et al., [2024]). These approaches outperform traditional methods like CLIP-based filtering by providing
fine-grained, attribute-aware analysis of generated samples. In line with these trends, we adopt an LVLM as
an automated filtering component, grounding our approach in established methods that leverage LVLMs for
semantic validation of generated data.

Targeted Repair for Rare-Case Bugs. Recent work explores how underrepresented subpopulations
induce systematic errors in vision models and how targeted interventions can mitigate such failure modes.
DOMINO (Eyuboglu et al.l [2022) discovers coherent failure slices by clustering model errors in a cross-modal
embedding space, enabling automated identification of rare-case bugs without manual slice definitions.
REAL (Parashar et al., 2024)) focuses on rare visual concepts that are neglected in large-scale vision-language
datasets, augmenting them by retrieving semantically similar examples and fine-tuning lightweight classifiers
on the retrieved subsets to improve model robustness on these rare categories. This work reflects a broader
shift toward targeted model repair using interpretable diagnostics and subpopulation-aware interventions,
aligning with our controlled synthesis and refinement approach.

3 Background

Attribute-based Model Debugging. Let z € X be an input image with its corresponding ground-truth
label y(x) € Y. A computer vision model fyp: X — Y produces a prediction fp(x) for each input image z.
Denote the training, validation, and test splits by Dirain, Dyval, and Diest, respectively. The full dataset is
then given by D = Dirain U Dyal U Diest- The overall validation accuracy is computed as:

Ace(Du) = 15— S0 1folw) =y} (1)

| val| (z,y)EDyar

In attribute-based model debugging (Chen et al., |2023), each image is assigned several attributes that
represent different subpopulations. In particular, let A = {a1,...,a,} be a set of attribute functions, where



Under review as submission to TMLR

Questions to LVLM: Gender female
Attributes for Images ) E;';Eg;orhgéopr;de
-1 Gender: male, female.
2. Hair color: red, yellow, black, etc. i| Gender: male

3. Emotlon Sad, Surprised, etc. ‘ Hair color: black
4 Emotion: happy

Attributes
Assignment =

Tasks:
red hair or not?
sad emotion or not?

Per Attribute Lower Per Attribute _
Accuracy Frequency/Performance. Accuracy Repaired Performance:
RedHair () Red Hair
= Sad Emotion Sad Emotion -

Red Hair  Sad Emotion

Fine-grained prompt Combined with

Training Set and

i g 20—

’ ‘ | ~» Retraining
o= LVLMs Filter 1[0 = B |
Conditional Generated e ﬂ |

Diffusion Model Data

Figure 2: Overview of SafeFix. We propose a targeted model repair pipeline that identifies rare-case
failures, generates attribute-specific synthetic images using a conditional diffusion model, filters them via a
large vision—language model, and retrains the model to improve accuracy and fix rare-case bugs.

each a;: X — V; maps an image x to a discrete value v € V; and V; represents the set of all possible values for
attribute 7. A slice S is defined as the set of images that satisfy a conjunction of attribute-value assignments:

S:{x|aj1(x):1)j13"'?ajk(x):vjk}7 (2)
where J = {j1,...,jk} C [m] is the index set of attributes involved in the slice S. The slice accuracy is
€S

Underrepresented Semantic Subpopulations. Rare-case bugs, often caused by underrepresented
semantic subpopulations (Eyuboglu et all [2022)), are attribute-based failure modes for which the model’s
error rate on validation samples matching a target description significantly exceeds its overall error and those
samples appear infrequently in the training dataset. We say a slice S, is a rare-case slice if it constitutes less
than a fraction p of the training data, i.e.,

|Sr| < P }Dtrainyv (4)
where p is a rare threshold (e.g., 0.05). We flag a candidate slice S, as a bug slice S, if
Acc(Se) < Acc(Dyal) — €. (5)

where € is an accuracy difference threshold. Thus, the model shows significantly lower accuracy on the
bug slice—which represents an underrepresented semantic subpopulation—relative to its average validation
accuracy. A bug slice can be converted to a human-readable bug description (e.g., “people with red hair
smiling tend to have low accuracy on the ‘wearing lipstick’ classification task”).

4 SafeFix

To address rare-case bugs caused by underrepresented semantic subpopulations, we propose a targeted
model repair strategy that leverages controlled image generation and semantic filtering enabled by a large
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vision—language model. Our goal is to generate synthetic images that accurately represent underrepresented
semantic subpopulations while ensuring these images remain aligned with the training distribution. The
overall workflow is summarized in Figure

We begin by generating visually controlled images using a text-to-image diffusion model, Stable Diffusion,
guided by a structure-conditioned controller, ControlNet (Zhang et al., 2023)). Instead of relying solely on
language prompts, we generate images conditioned on training data while modifying specific attributes to
reflect failure slice semantics. Next, we employ an LVLM to automatically verify whether each generated
image accurately reflects the intended attributes. This filtering step ensures that only semantically faithful
samples are retained. Finally, we augment the original training dataset with the validated images and retrain
the model. SafeFix enhances performance on error-prone regions without compromising overall accuracy or
introducing new bugs.

4.1 Model Diagnosis for Identifying Rare-Case Bugs

We begin by training a standard computer vision model fy on the original training set Dy,qin. After obtaining
predictions on the validation set Dy, similar to HiBug, we use a large vision-language model (LVLM; e.g.,
GPT-4 with vision (OpenAl 2023))) to propose candidate attributes and a VQA model (e.g., BLIP (Li et al.,
2022)) to assign attribute values a;(z) to each image. We extract a set of rare-case bug slices {S.}, each
defined by a conjunction of attribute conditions that exhibit both high error rates and low coverage in the
dataset. Specifically, to identify underrepresented and error-prone subpopulations, we analyze each attribute
a; and its associated values v € V;. For each value v, we examine the slice S = {z | a;(z) = v} and compute
two quantities: (1) its proportion in the training set, and (2) the model’s accuracy on the corresponding
validation samples.

We flag the slice S as a rare-case bug if:

o The training support |S N Diyain| is below the threshold p - |Diain.

o The validation accuracy Acc(S) is significantly below the overall validation accuracy Acc(Dya) (by a
margin €).

For example, consider the attribute hair color. Suppose only 3% of the dataset have red hair, and the model
performs poorly on this group (e.g., 60% accuracy versus 85% overall). This makes red hair a rare-case bug.
In contrast, if yellow hair is infrequent but achieves high accuracy, it is not considered a bug. This analysis
helps isolate specific attribute values that contribute to systematic model failures.

4.2 Targeted Generation with Conditional Diffusion Models (CDMs)

Next, we aim to produce attribute-preserving edits on each original image x, focusing on targeted attributes
identified in problematic slices from the previous diagnostic stage. Specifically, we generate visually controlled
synthetic images 2’ using a text-to-image diffusion model, Stable Diffusion, guided by the structure-conditioned
controller ControlNet (Zhang et al., 2023).

To determine which attribute—value pairs to edit, we first identify rare-case slices S, by computing slice support
and validation accuracy across attribute conjunctions, as defined in Eq. equation [ and Eq. equation [f] Each
Se contains one or more attribute-value pairs {(a;, v})}je 7 that are both infrequent and underperforming.
These attributes yield significantly lower accuracy than average on the validation set. We rank all such
attributes by validation error and select the top-k attributes for augmentation. For each original image x that
does not satisfy all conditions in S,, we construct an edited variant 2’ by modifying the selected attributes
{a;j}jes to match the error-prone configuration defined by S, while preserving all other visual characteristics
and keeping the original label unchanged, i.e., y(z') = y(z).

Given an original image z in the training set with attribute assignment {(a;(x) = v;)}",;, we construct a
modified image 2’ by replacing a subset {(a;,v;)}jes with {(a;,v})}je7, where J C [m] indexes attributes
satisfying the slice condition S.. In practice, this subset is small (i.e., |J| < m), and the remaining
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attribute assignments {(a;, v;)}icim)\ s are left unchanged. For example, suppose 2 has attribute assignment
(black hair, happy emotion) and label “not wearing lipstick.” If both attributes are part of the rare-case slice
Se, then the synthetic variant 2’ is generated with attributes (red hair, sad emotion) while retaining the
same label “not wearing lipstick.” This attribute-preserving image generation aligns with fairness-driven
augmentation in attribute classification, where rare attributes (e.g., hair color or emotion) are modified while
the primary label is held fixed. By retraining the model on these synthetically augmented samples {z'}, we
encourage the model to correct rare-case bugs without introducing new bugs.

4.3 Filtering via Large Vision—Language Models

We found that synthetic images generated by the Conditional Diffusion Model (CDM) can sometimes fail to
accurately reflect the intended attribute modifications. To address this, we employ large vision—language
models (LVLMs), Qwen2.5-VL-7B (Bai et al.| [2025) and LLaVA-v1.5-7B (Liu et al.| [2023)), to automatically
verify that each generated image correctly exhibits the desired attributes and retains the original label.

Specifically, for each synthetic image x’ generated to satisfy a bug slice S., which contains the error attribute-
value pairs responsible for bugs, we iterate over each edited pair (a;,v}) for j = 1,...,k, and query the LVLM
with:

"Does the object have attribute a; equal to v}?"
"Is the object in this picture labeled y(z)?"

We retain only those images for which the LVLM answers “yes” to all queries and confirms that the label
matches the original ground truth y(z). Thus, after the LVLM filtering, the generated image a’ satisfies the
desired attributes and preserves the original label, i.e., y(z’) = y(x). These validated samples are then added
t0 Dirain for model retraining. We conduct human-audit experiments to verify that the LVLMs can reliably
filter out low-quality generated samples.

4.4 Combining Generated Images with the Original Dataset and Retraining

To repair the rare-case bugs while maintaining the model’s performance on the overall training distribution
(Lee et al, 2024), we augment the training set by adding the validated synthetic images {z'}, yielding an
updated training set Dj, i, = Dirain U {2'}. We then retrain the vision model fy on D} ,;, and evaluate its
performance on Ds,. We report both the overall accuracy improvement and the reduction in failure rates

(fix rate) on critical rare-attribute slices Se, before and after augmentation.

5 Results

5.1 Experimental Setup

Datasets. We evaluate our method on two classification tasks that exhibit attribute-based failure modes
and we use an 8:1:1 split for training, validation, and testing, respectively.

Lipstick-wearing classification. We use the CelebA dataset (Liu et al., [2015) and follow the same data split
protocol as (Chen et al., [2023) (80,000, 10,000, 10,000 for train/val/test). The task is to predict whether a
person is wearing lipstick, a label known to be correlated with other attributes such as gender and hair color.
In the following experiments, we refer to this dataset simply as CelebA.

ImageNet-10 classification. We construct a 10-class subset of ImageNet (Deng et al., |2009) containing the
following categories: backpack, barber chair, coffee mug, desk, electric guitar, park bench, pitcher,
purse, rocking chair, and water bottle. Each class contains 1,300 images. This subset is selected to
study classification failures related to visual attributes such as texture and color. In the following experiments,
we refer to this dataset simply as ImageNet10.

Baselines. We compare our method with six recent baselines that are either data augmentation or use
generative augmentation strategies:
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o Data Augmentation. We apply on-the-fly augmentations to each training image, including random
resizing, flipping, color jittering, grayscale conversion, erasing, and normalization, while keeping the
dataset size fixed. At test time, images are resized, center-cropped, and normalized deterministically.

o DiGA (Zhang et al., |2024). This method utilizes a two-stage framework to automatically detect
spurious attributes and modify them with varying degrees of intensity. It keeps the target attribute
constant while diversifying other features to mitigate the effect of spurious correlations on model
performance.

« DA-CDM (Fang et al., 2024)) is a data augmentation method for object detection. It uses a
controllable diffusion model guided by visual priors from original images, which enables direct reuse
of existing bounding box annotations. It then applies a category-calibrated CLIP score to filter
generated data and ensure high-quality, text-aligned samples.

e Mask-ControlNet (Huang et al., 2024]) is a text-guided image generation pipeline that uses
ControlNet with facial occlusion masks to synthesize diverse face images under specific occlusions as
a data augmentation method to improve model robustness.

« HiBug_Class (Chen et al., [2023). A Class-level method that augments training data with
synthetic images. For each class, it uses a diffusion model with a prompt:

“A photo of (*label).”

o HiBug_ Task (Chen et al., [2023). A Task-level variant of HiBug_ Class that targets failure-prone
attributes. It selects attribute slices with the highest validation error and generates prompts to guide
a diffusion model:

- CelebA: “A photo of a {gender} {beard clause} {makeup clause} {lipstick clause} (*label), with
{hair} hair and {skin} skin, looking {emotion}, appearing {age}.”

- ImageNet10: “A photo of a {color} {class name} (*label) with {texture} texture, located {object
position}, appearing {object size}, in a {background}, under {lighting} lighting, during {time}, from
a {perspective} perspective.”

Note: Unless otherwise specified, “HiBug” refers to this optimized “HiBug_ Task” variant in the
paper. We do not compare with HiBug2 (Chen et al.l 2025), which is a data selection method and
differs from the synthetic generation strategy.

Metrics. We focus on targeted improvements for rare slices, which are critical for fairness and safety,
while maximizing overall classification accuracy. Following prior work (Lai et al., [2023)), we report the Fix
Rate (FR), defined as

FR— Accafter - Accbefore

; (6)
which measures the fraction of previously misclassified samples that are corrected. Here, Accaser denotes the
accuracy obtained after applying the proposed method, and Accpefore represents the baseline accuracy from
standard training using the vision model.

1- Accbefore

Implementation Details. All experiments use an NVIDIA A100 GPU. We take the CelebA “wearing
lipstick” classification task as an example. We evaluate three backbone architectures for this classification task:
ResNet-18 (He et al., 2016), ViT-B/16 (Dosovitskiy et al., 2020), and CLIP (ViT-B/32) (Radford et al [2021)),
all of which are initialized with random weights. This design allows us to isolate the effectiveness of SafeFix
from pre-existing biases inherent in pre-trained weights, such as the latent knowledge of ImageNet. Moreover,
retraining on the original large-scale pre-training datasets is often infeasible as they may be unknown or
inaccessible. All vision models are trained using cross-entropy loss. For rare-case bug discovery, we set the
rarity threshold p = 0.05 and the accuracy difference threshold ¢ = 0.03. For synthetic augmentation, we use
ControlNet (Zhang et all [2023), a CDM based on Stable Diffusion 1.5 (Rombach et al. [2022)) and conditioned
on soft HED boundaries (Xie & Tul [2015), with 30 DDIM inference steps. Soft HED boundaries preserve
structural details, making this approach suitable for attribute-preserving edits like recoloring and stylizing.
To filter generated images, we employ the large vision-language models (LVLMs) Qwen2.5-VL-7B (Bai et al.,
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Table 1: Fix Rate (FR%) on CelebA for varying numbers of added images, models, and methods. Ours (L)
and Ours (Q) denote LLaVA-7B and Qwen-7B as the large vision—language model filters, respectively. The
highest FR in each column is marked in bold.

Method | ResNet (base acc: 90.57%) | ViT (base acc: 85.02%) | CLIP (base acc: 88.32%)
1k 5k 10k 1k 5k 10k 1k 5k 10k
Images Images Images Images Images Images Images Images Images
Data Augmentation 2.45 1.82 3.14 4.27 2.56 3.89 1.12 4.73 2.31
DiGA 2.34 4.18 3.57 5.91 4.82 5.16 3.44 2.89 6.03
DA-CDM 4.03 3.29 3.08 4.07 10.21 6.81 15.32 16.52 15.58
Mask-ControlNet 5.41 7.32 6.15 11.28 10.48 12.88 16.10 15.92 16.78
HiBug Class 5.09 5.83 3.40 5.14 7.74 7.21 14.64 14.98 13.96
HiBug Task 6.79 4.88 3.92 18.69 11.75 7.74 15.75 15.15 14.64
Ours (L) 10.39 11.45 11.66 18.09 18.42 15.35 22.26 22.52 21.75
Ours (Q) 14.32 12.09 14.95 19.29 15.42 15.95 22.77 23.12 20.46

Table 2: Fix Rate (FR %) on ImageNet10 under varying image counts, models, and methods.

Method | ResNet (base acc: 71.73%) | ViT (base acc: 97.42%) | CLIP (base acc: 93.78%)
100 500 1k 100 500 1k 100 500 1k
Images Images Images Images Images Images Images Images Images
Data Augmentation 3.52 2.19 4.67 1.05 3.44 2.78 4.12 1.56 3.93
DiGA 2.15 5.67 3.98 4.41 3.22 6.12 5.49 4.33 2.76
DA-CDM 5.24 7.32 8.53 6.20 13.18 13.57 2.89 4.34 5.95
Mask-ControlNet 1.73 2.87 2.33 -6.59 10.47 3.88 -5.47 1.61 -1.29
HiBug_ Class 1.80 1.49 0.74 -11.63 -13.57 -5.43 2.25 6.91 0.80
HiBug Task 6.30 4.07 5.77 9.30 13.95 6.20 -7.88 6.43 5.95
Ours (L) 8.38 8.70 7.75 30.62 29.07 26.74 11.41 16.40 10.61
Ours (Q) 9.13 6.01 11.14 31.01 25.97 38.37 12.70 17.68 18.81

2025) and LLaVA-v1.5-7B (Liu et al., 2023)). Generating 1,000 images with ControlNet takes about one hour,
and filtering these 1,000 images with the LVLM takes ten minutes. Filtering accuracy for most attributes
(e.g., hair color, skin tone) exceeds 90%, which is consistent with the human audit in Section Combining
three attributes yields at least a 70% pass rate for filtered images, showing that the diffusion model produces
high-quality samples and that the LVLM filtering is reliable.

5.2 Main Results

We summarize the main results on the CelebA and ImageNet10 datasets in Tables [[] and [2] respectively.

On CelebA, we select rare-case bugs defined by attribute—value combinations red hair, brown skin, and
sad emotion for ResNet and ViT, and yellow hair, brown skin, and sad emotion for CLIP, based on the
most frequent patterns identified among failure slices. SafeFix consistently achieves the highest test accuracy,
i.e., the highest FR, across all models (ResNet, ViT, and CLIP) and varying levels of synthetic augmentation.
For example, with 1,000 added images, our method improves FR by +14.32% (ResNet), +10.29% (ViT), and
+22.77% (CLIP) relative to their base accuracies. These results show that our attribute-targeted augmentation
and filtering pipeline is effective in repairing rare-case failure slices, outperforming both CDM-based and
HiBug baselines.

On ImageNet10, similar trends emerge, as shown in Table [2] For ResNet and ViT, we target rare-case bugs
involving pink color and fabric texture, while for CLIP we use orange color and fabric texture.
Across all models, our proposed method consistently surpasses the baseline methods. Specifically, our method
improves ResNet accuracy by +11.14% (with 1,000 images) compared to the base model. ViT and CLIP also
exhibit a steady improvement compared to other methods. Table [3| shows that the proposed SafeFix also
achieves better overall accuracy on ImageNet10 compared with the baselines.
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(a) Original Images (b) HiBug-Generated (c) SafeFix-Generated

Figure 3: Comparison of generated images from different methods with edited attributes red hair, brown
skin, and sad emotion. HiBug often produces invalid or imprecise samples due to the lack of conditional
generation and semantic filtering. In contrast, SafeFix generates attribute-faithful images that specifically
target rare-case bugs.

Analysis. Combined with Tables[I} 2 [3} and all other Table 3: Test accuracy (%) on ImageNetl0 using
test-accuracy results in Appendix [F] our experiments RegNet-18.

show that baseline performance is often unstable. For
instance, baselines like DA-CDM and Mask-ControlNet | ResNet

K . . . Method
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can introduce noise or modify unintended features. As
shown in Figure [3] this issue is compounded by the lack of LVLM filtering, resulting in generated data that is
often misaligned with the intended rare-case fixes.

In contrast, our method (SafeFix) consistently shows stable or improving performance. This
robustness indicates our attribute-targeted augmentation and LVLM filtering are highly effective at correcting
failure-prone subpopulations with meaningful data.

5.3 SafeFix Can Effectively Fix Rare-case Bugs

To verify that SafeFix’s improvements specifically address targeted rare-case bugs rather than merely enhancing
overall performance, we analyze attribute-level validation accuracy changes on CelebA and ImageNet10, as
shown in Figure [l For clarity, the ImageNet10 plot includes only three representative attributes—color,
background, and texture—as the dataset contains many attribute dimensions. Specifically, the left plot
highlights improvements for CelebA after adding 5,000 synthetic images to the original 80,000 training
samples. The right plot demonstrates accuracy gains on ImageNet10, achieved by adding 100 synthetic
images to the original training set of 10,400 samples.

Taking ImageNet10 as an example, our targeted synthetic augmentation on pink color and fabric texture
significantly improved accuracy for these selected rare-case attributes. Accuracy for the pink color attribute
increased from 69.90% to 74.76%, surpassing the overall accuracy of 74.31%. Similarly, accuracy for the
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Figure 4: Accuracy comparison of ResNet-18 trained using different augmentation methods. The dashed line
represents the average overall accuracy without additional synthetic training data.

fabric texture attribute improved from 65.85% to 75.61%, also exceeding the overall accuracy. In contrast,
attributes not explicitly targeted by augmentation, such as the rocks background, exhibited minimal or no
improvement—its accuracy remained unchanged—highlighting that the gains from SafeFix are concentrated
on the intended rare-case bugs rather than uniformly distributed across all attributes.

These substantial attribute-specific improvements confirm that SafeFix effectively repairs identified rare-case
failure slices rather than providing a generalized performance boost. SafeFix also shows that all attributes
improve across both datasets and introduces no new bugs, which indicates that the method remains stable
outside the targeted regions. Attributes not targeted by augmentation show negligible accuracy changes,
further reinforcing that SafeFix precisely and safely addresses the targeted rare-case failures.

5.4 SafeFix Directly Addresses Diagnosed Failure Modes, Not Merely Augments Data

To verify that SafeFix’s performance gains stem from accurately fixing rare-case bugs rather than from generic
data augmentation, we compare red-hair and yellow-hair augmentations on CLIP. As discussed in Section
we select red hair for ResNet and yellow hair for CLIP in the CelebA dataset, based on which attribute is more
likely to trigger rare-case bugs. For CLIP, both red hair and yellow hair are low-frequency attributes
that meet the rarity criterion in Eq. equation [d] However, only the yellow hair slice additionally satisfies
the low-accuracy criterion in Eq. equation [p] making it a true rare-case bug slice for CLIP.

Figure confirms that augmenting

1000 images wusing yellow-hair sam- 5.0
ples—the diagnosed failure mode for 3 4.51 B Red Hair Augment
CLIP——substantially improves accuracy & 4.0 Yellow Hair Augment
on its target slice (+4.51%). Further- ©
. ) £ 3.0 2.66
more, this targeted augmentation pro- >
vides positive gains across all other at- § 2.0
tributes, including on the "Red Hair" g—
slice (+0.91%) and a significant boost to = 19 0.91
=1 0.750.76
"Overall" accuracy (+2.66%). Con- g 0.46 0.29%-°4 03
versely, augmenting with red hair, which § 0.0 | [
is not a diagnosed bug, reveals a harm-  Q
. << -0.79
ful outcome. Most notably, it degrades -1.0 -
. . K \d A X\O' N
performance on its own target slice by ?\ed\»\a‘ \(a\\o“"\’\a 6(0\:4“% 696\3«\0 o (e

-0.79%. This counter-intuitive result con- __ %) i ‘ hai 1
frasts with the positive gains seen for Figure 5: Test accuracy (%) improvements for red-hair vs. yellow-

ResNet (Figure [fa), highlighting that dif- DIr augmentation on CLIP.
ferent architectures can react to synthetic
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Table 4: Fix Rate (FR %) for attribute-variant selections. Ours is the RH_BS_SE combination.

| # images | RH BS SE RH BS RH SE RH BS SE |

1,000 7.85 8.59 11.77 7.74 10.39 14.32
5,000 | 10.82 12.62 11.77 14.42 6.57 12.69
10,000 | 11.03 10.29 12.62 9.97 9.33 14.95

data in unpredictable ways. While red-hair augmentation does provide minor gains on other attributes
(e.g., +0.75% on sad emotion), its minimal overall accuracy impact (+0.62%) and significant negative side
effect on the targeted class itself underscore the importance of our diagnosis-driven approach. Augmenting
the correctly diagnosed bug (yellow hair) leads to effective and safe repair, while augmenting an
undiagnosed attribute (red hair) can be ineffective and harmful.

5.5 Effect of Alternative Bug Slice Selections

Table [4] reports FR on CelebA using ResNet augmenting with different subsets of rare-case attributes. RH,
BS, and SE refer to red hair, brown skin, and sad emotion, respectively. Combined settings like RH__ BS
and RH__BS_ SE (Ours) augment images with multiple attributes. Augmentation improves over the base
model (90.57%) across all settings. Notably, our three-way combination, RH_ BS__SE, achieves the highest
FR at 1,000 and 10,000 images and remains competitive at 5,000 images, showing that targeting intersecting
rare-case conditions is more effective than augmenting isolated attributes alone. Although RH__BS alone
achieves the highest FR at 5,000 images, augmenting only that slice does not address concurrent failure modes,
indicating persistent errors. Firstly, our RH__BS__SE combination improves all three slices concurrently
(Figure . Secondly, for the RH__BS__SE attribute combination, the number of bugs decreases from
10 to 4, while augmenting only SE or RH__BS reduces the count to 7 and 6 respectively (using p = 0.05
and € = 0.03). A similar pattern holds on ImageNet10: selecting the pink color + fabric texture slice
reduces rare-case bugs from 13 to 7, whereas augmenting only pink color reduces them to 9 and only
fabric texture reduces them to 10.

After further verification, this reduction does not introduce any new bugs that were not present before,
indicating that SafeFix repairs existing failures without adding new bugs on both datasets. The number of
identified bugs is sensitive to these thresholds and using different threshold values can change the number
of bugs fixed, as shown in Appendix We note that larger attribute combinations (4 to 7 attributes)
also operate correctly but reach lower FR, (around 9% on CelebA and 7% on ImageNet10), falling below our
selected attribute groups.

5.6 Effect of the LVLM Filter and Human Audit

We use an LVLM as the attribute filter, and a human-
based test yields nearly identical results. In a human
audit conducted with 5 Al graduate students on 300
CelebA images, the pass rates are 97% for “red hair”,
99% for “brown skin”, 78% for “sad emotion”, and 98%
for the original label, with an average overlap of about BG 7 2
95% with Qwen2.5-VL(Bai et al., 2025)) and 93% with ATTR, 24 3
LLaVA-v1.5(Liu et al.,|2023), showing that the LVLMs
closely match human verification. The main errors arise from background color changes (BG) (7%) and the
edited image failing to express the target attribute (ATTR) (24%); the LVLM fixes most of them, as shown
in Table

Table 5: Average error rates (%) before and after LVLM
filtering.

Error Type Before After

11



Under review as submission to TMLR

5.7 Ablation Study

We ablate the contributions of the two core compo- Table 6: Ablation on the impact of CDM and LVLM
nents in our pipeline: the Conditional Diffusion Model components at different scales, reported as Fix Rate
(CDM) and the LVLM filter. Table [6] reports the fix (FR %).

rate on CelebA when using different combinations of
these components across three augmentation scales. Components CelebA Fix Rate (FR %)
Note that configuration (a) corresponds to the base-

line strategy from HiBug (Chen et all [2023]). We (DM IVIM 1,000 5,000 10,000

observe several trends: adding either the LVLM (b)  a) 6.79  4.88 3.92
or the CDM (c) individually improves accuracy across — P) v 721 4T 6.99
all scales; SafeFix combining both the CDM and the ~ ¢) v 8.06  8.27 10.07

d) v v 14.32 12.09 14.95

LVLM (d) yields the highest performance in all cases.

6 Conclusion

We presented an automated model repair pipeline for vision tasks that combines failure-attribute diag-
nostics with targeted synthetic augmentation. We use a Conditional Diffusion Model (CDM) to generate
attribute-preserving variants and apply LVLM-based filtering to ensure semantic correctness, thereby focusing
augmentation on true rare-case failure slices. Experiments on CelebA and ImageNet10 with ResNet, ViT, and
CLIP backbones show consistent gains in accuracy and reduced bugs on underrepresented subpopulations,
outperforming CDM-based and HiBug baselines. Ablations confirm that the CDM and the LVLM contribute
complementary benefits, highlighting the importance of targeted, validated augmentation for robust model
repair.

Limitations. Our method’s effectiveness is constrained by its components. Crucially, the pipeline can inherit
biases from the diffusion model or the LVLM, potentially perpetuating the fairness issues if these components
have demographic bias. Other limitations include the computational cost of generation and filtering, potential
image artifacts, and a fixed attribute vocabulary that cannot address unmodeled failure modes. Future work
will focus on mitigating inherited biases, improving efficiency, and dynamic attribute discovery.
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