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Abstract001

Slice discovery refers to identifying system-002
atic biases in the mistakes of pre-trained vi-003
sion models. Current slice discovery methods004
in computer vision rely on converting input005
images into sets of attributes and then testing006
hypotheses about configurations of these pre-007
computed attributes associated with elevated008
error patterns. However, such methods face009
several limitations: 1) they are restricted by010
the predefined attribute bank; 2) they lack the011
common sense reasoning and domain-specific012
knowledge often required for specialized fields013
e.g., radiology; 3) at best, they can only identify014
biases in image attributes while overlooking015
those introduced during preprocessing or data016
preparation. We hypothesize that bias-inducing017
variables leave traces in the form of language018
(e.g., logs), which can be captured as unstruc-019
tured text. Thus, we introduce LADDER, which020
leverages the reasoning capabilities and latent021
domain knowledge of Large Language Mod-022
els (LLMs) to generate hypotheses about these023
mistakes. Specifically, we project the internal024
activations of a pre-trained model into text us-025
ing a retrieval approach and prompt the LLM026
to propose potential bias hypotheses. To de-027
tect biases from preprocessing pipelines, we028
convert the preprocessing data into text and029
prompt the LLM. Finally, LADDER generates030
pseudo-labels for each identified bias, thereby031
mitigating all biases without requiring expen-032
sive attribute annotations. Rigorous evaluations033
on 3 natural and 3 medical imaging datasets,034
200+ classifiers, and 4 LLMs with varied ar-035
chitectures and pretraining strategies – demon-036
strate that LADDER consistently outperforms037
current methods. Code is available: https:038
//github.com/annonymous-vision/ACL.039

1 Introduction040

Error slices are data subsets on which vision clas-041

sifiers systematically fail. Discovering such slices042

is critical for improving model robustness. Iden-043
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Figure 1: Synthetic dataset containing Class 0 images
consistently with a yellow box to the left of a red box,
while Class 1 images have boxes placed randomly. Cap-
tions encode the spatial bias, used by LADDER for slice
discovery.

tifying such slices is challenging in vision clas- 044

sifers where biases are pervasive and can be traced 045

through textual artifacts such as image captions, 046

metadata, and medical imaging headers e.g., DI- 047

COMs. However, their unstructured nature makes 048

manual analysis impractical. Natural language, 049

with its inherent flexibility, offers a powerful tool 050

for capturing subtle biases beyond predefined at- 051

tribute sets. LLMs, equipped with advanced reason- 052

ing capabilities and latent domain knowledge, excel 053

at analyzing such free-form text to detect complex 054

relationships and domain-specific biases. However, 055

existing slice discovery methods often rely on pre- 056

defined attribute banks or unsupervised clustering, 057

both of which lack the reasoning ability to identify 058

nuanced and domain-specific biases. This paper 059

proposes LADDER, that leverages LLMs to system- 060

atically identify and mitigate error slices in vision 061

classifiers by analyzing captions, metadata, and be- 062

yond – without relying on fixed attribute sets or 063

clustering methods. 064

Prior slice discovery methods e.g., DrML (Zhang 065

et al., 2023) use text encoders to mitigate biases in 066

CLIP by closing the modality gap through cross- 067

modal transfer, which limits their applicability to 068

non-multimodal models. Plus, DrML relies on 069

user-defined prompts with fixed attribute sets, in- 070

troducing human bias into the mitigation process. 071

Similarly, Facts (Yenamandra et al., 2023) ampli- 072

fies the spuriousness in the initial training stage 073

by setting large weight decay, deviating from stan- 074

dard supervised learning practices. Methods like 075
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Age: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
            …

Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS)Patient Data (EHR) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   

H2: fluid levels
           
     [“Chest X-ray 
with high fluid 
levels”, ..]

H1: chest tubes
          
     [“Chest X-ray 
with chest tubes”, 
..]

LLM-generated hypotheses
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Figure 2: Schematic of LADDER. (a): Projection (π) of model representation (Φ) to VLR space. (b): Retrieval of
topK sentences based on the image embeddings difference (∆) of correct and incorrect groups in VLR space. (c):
LLM is invoked with topK sentences/other metadata. (d-e): LLM generated hypotheses ({H, T }). (f-g): Finding the
clusters faithful to the hypotheses. In red, we highlight the chest tubes (ground truth bias for NIH) in this example.

Domino (Eyuboglu et al., 2022) and Facts discover076

slices by clustering samples with similar attributes077

within the vision-language representation (VLR)078

space. However, the slices often exhibit seman-079

tic inconsistencies – attributes within slices lack080

coherence, leading to unreliable interpretations of081

model errors. PRIME (Rezaei et al., 2023) relies082

on expensive tagging models, limited to detecting083

the presence/absence of a fixed set of attributes.084

All these methods lack the reasoning capabilities085

and domain knowledge required to capture com-086

plex error patterns, limiting their effectiveness in087

specialized tasks. Also, their dependence on pre-088

existing semantic labels (e.g., visual tags) hinders089

the detection of biases in the metadata or domain-090

specific fields such as DICOM headers.091

Prior mitigation methods (Sagawa et al., 2020;092

Liu et al., 2021; Kirichenko et al., 2022) rely on ex-093

pensive and incomplete attributes. While they im-094

prove worst group accuracy (WGA), they amplify095

errors in other groups (Li et al., 2023b). Although096

Li et al. (2023b) addresses errors across multiple097

biases, it assumes prior knowledge of the number098

and types of biases to design specific data augmen-099

tations. This reveals a critical gap: the need for an100

automated method to discover and mitigate multi-101

ple biases without prior knowledge/annotations.102

This paper proposes LADDER with the following103

contributions: 1. Using language for error slice104

discovery: LADDER uses image captions/radiology105

reports to retrieve sentences indicative of model er-106

rors, utilizing the flexibility of natural language to107

capture deeper insights beyond the simple presence108

or absence of attributes, unlike tagging models. 2.109

Using LLMs’ reasoning capabilities and latent110

domain knowledge: To identify biases, LADDER111

leverages LLMs’ advanced reasoning to generate 112

testable hypotheses from these sentences, unlike 113

traditional methods. For instance, in a synthetic 114

dataset (Appendix A.11), where Class 0 images 115

consistently feature a yellow box to the left of a 116

red box (Fig 1), the classifier exhibits poor per- 117

formance on test data without this bias. LADDER 118

correctly identifies this reliance on spatial position- 119

ing by analyzing textual descriptions through LLM 120

(Fig 11). Note, LLM in LADDER processes only 121

text inputs without images (total cost of ∼$28). 122

In medical images, LADDER uses LLMs’ domain 123

knowledge to identify fine-grained biases, includ- 124

ing disease subtypes and pathological patterns. 3. 125

Slice discovery from any off-the-shelf model: 126

It detects slices from any supervised model, re- 127

gardless of architecture/pretraining, overcoming 128

specific training requirements of Facts and DrML. 129

4. Detecting biases beyond captions: LADDER 130

uses LLM to analyze metadata, such as Electronic 131

Health Records (EHR) or DICOM headers, discov- 132

ering biases beyond captions. 5. Mitigating multi- 133

ple biases w/o any annotation: LADDER mitigates 134

biases by generating pseudo-labels for each hy- 135

pothesis and fine-tuning the classifier’s linear head 136

through attribute rebalancing. By ensembling debi- 137

ased model predictions, LADDER corrects multiple 138

biases without requiring attribute annotations/prior 139

knowledge of their number and type. Additionally, 140

we explore the use of instruction-tuning models 141

(e.g., LLaVA) in applicable domains to reduce LAD- 142

DER’s reliance on captions. Rigorous evaluations 143

on 6 datasets with 200+ classifiers and 4 LLMs 144

across architectures and pretraining strategies show 145

that LADDER outperforms slice discovery and miti- 146

gation baselines. 147
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Figure 3: Bias identification by LADDER in RN Sup IN1k classifier. Each panel shows the classifier’s performance
for a specific dataset (RSNA) and class label (Cancer) when biased attributes in the identified hypotheses are
present/absent. Hypotheses indicative of ground truth biases (e.g., water for waterbirds) are shown in red.

2 Related Work148

Slice discovery. Initial methods (d’Eon et al., 2022;149

Sohoni et al., 2020; Kim et al., 2019; Singla et al.,150

2021) on slice discovery utilize dimensionality re-151

duction, lacking comprehensive evaluation. Re-152

cent methods e.g., Domino (Eyuboglu et al., 2022)153

projects data into VLR space, identifies slices via154

a mixture model, and captions them. Facts (Yena-155

mandra et al., 2023) amplifies spurious correla-156

tions in the initial training phase by increasing157

weight decay and discovering slices in VLR space.158

Both approaches compromise visual semantics, re-159

sulting in attribute inconsistencies within slices.160

DrML (Zhang et al., 2023) probes only CLIP-based161

classifiers using modality gap geometry and user-162

defined prompts, introducing potential human bi-163

ases. Also, Facts and DrML are restricted to spe-164

cific training setups, limiting generalizability to165

standard ERM classifiers. PRIME (Rezaei et al.,166

2023) uses expensive tagging models to discover167

attributes for slice discovery. HiBug (Chen et al.,168

2024a) prompts LLM to suggest biases for model169

errors without any textual context from the data.170

Thus, it results in superficial keyword-based at-171

tributes derived purely from general user prompts,172

lacking the deeper contextual grounding needed for173

bias detection. Recently, OpenBias (D’Incà et al.,174

2024) detects biases in T2I models via LLM-driven 175

keyword queries but is not designed for posthoc 176

classifier error analysis. B2T (Kim et al., 2024) ex- 177

tracts keywords from captions. All these methods 178

are limited by incomplete tags or keyword-based at- 179

tributes and lack reasoning or latent domain knowl- 180

edge, essential in fields e.g., radiology. Bias mitiga- 181

tion. Mitigation methods e.g., GroupDRO (Sagawa 182

et al., 2020) optimizes for worst-performing groups, 183

while JTT (Liu et al., 2021) reweights minority 184

groups. DFR (Kirichenko et al., 2022) retrains the 185

final layer using a balanced validation set. All of 186

them require group annotations and focus on mit- 187

igating errors in the worst-performing group, am- 188

plifying errors in other subgroups. Li et al. (2023b) 189

mitigates multiple biases using an ensemble-based 190

approach but relies on predefined bias types, which 191

limits its adaptability to unknown biases. LAD- 192

DER overcomes all these limitations. For discov- 193

ery, LADDER incorporates the domain knowledge 194

of LLMs, reason about model errors, and gener- 195

ates hypotheses identifying biases from any pre- 196

trained model without external attributes, unlike 197

existing methods. For mitigation, LADDER lever- 198

ages pseudo-labels for each bias to finetune the clas- 199

sifier’s last layer – without any group annotations, 200

predefined bias types, or human intervention. 201
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3 Method202

Assume the classifier f = g ◦ Φ is trained using203

ERM to predict the labels Y from the images X ,204

where Φ and g are the representation and classi-205

fication head, respectively. {ΨI ,ΨT } denote the206

image and text encoders of the joint VLR space.207

For a set of images XY of a class Y ∈ Y , LADDER208

identifies error slices where f underperforms and209

mitigates it. Throughout the paper, ⟨·, ·⟩ denotes210

the dot product to estimate the similarity between211

two representations. Fig. 2 shows the schematic212

of LADDER. We do not rely on sample-specific213

paired annotations, human-generated prompts, or214

prior knowledge of bias types or their numbers. We215

utilize a text corpus tval from radiology reports or216

image captions from the validation dataset to dis-217

cover and mitigate errors. Error slice. An error218

slice for a class Y includes subsets XY where the219

model performs significantly worse than its overall220

performance on the entire class Y , formally de-221

fined as: SY = {SY,¬attr ⊆ XY |e(SY,¬attr) ≫222

e(XY ), ∃attr}, where e(·) is the error rate on the223

specific data subset and SY,¬attr denotes the subset224

of XY without the attribute attr. Alternatively, f225

is biased on the attribute attr, resulting in better226

performance on the subpopulation with attr e.g.,227

error rate in pneumothorax patients w/o chest tubes228

is higher than overall pneumothorax patients (Doc-229

quier and Rapoport, 2012).230

Figure 4: Precision@10 for CNN models (f ) quantify-
ing slice discovery. LADDER outperforms the baselines,
especially for medical imaging datasets.

3.1 Retrieving Sentences Indicative of Biases231

First, for a particular class, LADDER retrieves the232

sentences that describe the visual attributes con-233

tributing to correct classifications but missing in234

misclassified ones, leading to model errors. Fol-235

lowing Moayeri et al. (2023), it learns a projec-236

tion function π : Φ → ΨI (Appendix A.4) to237

align the representation of the classifier, Φ, with238

the image representation ΨI of the VLR space.239

Then, for a class label Y , we estimate the differ- 240

ence in mean of the projected representations of 241

the correct and misclassified samples as ∆I = 242

EX,Y |f(X)=Y [π(Φ(X)]− EX,Y |f(X )̸=Y [π(Φ(X)]. 243

Assuming the mean representations preserve se- 244

mantics, this difference captures key attributes con- 245

tributing to correct classifications but are poorly 246

captured or misrepresented in misclassified ones. 247

Denoting the text embedding of tval as ΨT (tval), 248

we retrieve the topK sentences as: topK = 249

R
(
⟨∆I ,ΨT (tval)⟩, tval

)
, where R is a retrieval 250

function retrieving topK sentences from the text 251

corpus having the highest similarity score with the 252

mean difference of the projected image representa- 253

tions. Next, the LLM analyzes the sentences and 254

constructs hypotheses to find error slices. 255

3.2 Discovering Error Slices via LLM 256

Generating hypothesis. To form the set of hy- 257

potheses, LADDER invokes an LLM with the topK 258

sentences. Formally, {H, T } = LLM
(
topK), where 259

H is a set of hypotheses with attributes that f may 260

be biased and T is a set of sentences to be used 261

to test each hypothesis. f underperforms on the 262

subpopulation without the attributes in H. Each 263

hypothesis H ∈ H is paired with TH ∈ T , a set 264

of sentences that provide diverse contextual de- 265

scriptions of the hypothesis-specific attribute as it 266

appears in various images. Representations of im- 267

ages with the attribute specified in H , are highly 268

similar to the mean text embedding of TH . Refer 269

to Appendix A.7 for the prompt used by LLM to 270

generate the hypothesis. Identifying error slices. 271

For each hypothesis H ∈ H, we first compute 272

the mean embedding of the set of sentences TH 273

as ΨT (TH) = 1
|TH |

∑
t∈TH ΨT (t). For an image 274

X ∈ XY , we obtain the projected representation 275

π(Φ(X)) in VLR space and compute the similarity 276

score, sH(X) = ⟨π(Φ(X)),ΨT (TH)⟩ Finally, for 277

a class label Y , we retrieve images with similar- 278

ity scores below a threshold τ as SY,¬H = {X ∈ 279

XY |sH(X) < τ}. The hypothesis H fails in these 280

images as they lack the attribute specified in the H . 281

The subset SY,¬H may be a potential error slice if 282

the error e(SY,¬H) is greater than XY . Formally, 283

ŜY , the predicted slice for a class Y is: ŜY = 284

{SY,¬H ⊆ XY |e(SY,¬H) ≫ e(XY ), ∃H ∈ H} 285

3.3 Mitigate Multi-bias w/o Annotation 286

For the attributes linked to a hypothesis, LADDER 287

treats sH as a logit and converts it to a probability. 288

If the probability exceeds a threshold (0.5 in all 289
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experiments), LADDER assigns a pseudo-label 1 to290

the attribute and 0 otherwise. Thus, it generates291

pseudo-labels for all relevant attributes, enabling er-292

ror mitigation without annotations. To do so, LAD-293

DER adopts an ensemble-based strategy. Following294

DFR, we create a balanced dataset from a held-295

out validation set, for each pseudo-labeled attribute296

per hypothesis. We then fine-tune the classifica-297

tion head g using this balanced dataset, producing298

a debiased model per hypothesis. During infer-299

ence, we again compute the similarity score sH for300

all hypotheses and select the classifier head gH∗301

associated with the hypothesis having maximum302

similarity: H∗ = argmaxH∈H sH(X).303

4 Experiments304

We perform experiments to answer the research305

questions: RQ1. How does LADDER perform in306

discovering error slices compared to baselines?307

RQ2. How does LADDER leverage reasoning and308

latent domain knowledge of LLMs for slice dis-309

covery? RQ3. How does LADDER discover bi-310

ased attributes with different architectures and pre-311

training methods? RQ4. How does LADDER miti-312

gate biases using the discovered attributes? RQ5.313

Can LADDER operate w/o captions? RQ6. Can314

LADDER detect biases beyond captions/reports?315

Datasets. We evaluate LADDER on 6 datasets316

(AppendixA.1 for details): 1) Waterbirds (Wah317

et al., 2011): bird classification where background318

correlates with bird type. 2) CelebA (Liu et al.,319

2018): blond hair classification with gender as a320

spurious feature. 3) MetaShift: cat vs. dog classifi-321

cation with background correlation. 4) NIH Chest-322

X-ray (CXR) (Wang et al., 2017): pneumothorax323

detection with chest tubes as a shortcut (Docquier324

and Rapoport, 2012). 5) RSNA-Mammo and 6)325

VinDr-Mammo (Nguyen et al., 2023): breast can-326

cer and abnormality detection from mammograms,327

with calcifications as a shortcut (Wen et al., 2024).328

Experimental details. For natural images and329

CXRs, we use an ImageNet1k (IN1k)-initialized330

ResNet50 (RN Sup IN1k) as the model f that LAD-331

DER aims to probe, trained with a standard super-332

vised loss. For mammograms, we use EfficientNet-333

B5 (EN-B5) as f . For the text corpus (tval),334

we use BLIP-captioner (Li et al., 2022), radiol-335

ogy reports from MIMIC-CXR (Johnson et al.,336

2019) and the radiology texts from Mammo-337

FActOR (Ghosh et al., 2024) for natural images,338

CXRs and mammograms, respectively. For VLR339

space ({ΨI ,ΨT }), we use CLIP (Radford et al., 340

2021), CXR-CLIP (You et al., 2023), and Mammo- 341

CLIP (Ghosh et al., 2024) for natural images, CXR 342

and mammograms, respectively. We use 200 and 343

100 sentences as topK for natural and medical im- 344

ages (CXR and mammo). We use GPT-4o (Wu 345

et al., 2024) as the LLM. Error slices are defined 346

as subsets where the error rate exceeds the overall 347

class error by at least 10%. Refer to Appendix A.10 348

for further experimental details. All reported re- 349

sults are obtained from experiments conducted over 350

3 random seeds. 351

Baselines. For slice discovery, we compare LAD- 352

DER with Domino and Facts (Appendix A.2). For 353

mitigation, we compare with the baselines, includ- 354

ing ERM (Vapnik, 1999), GroupDRO (Sagawa 355

et al., 2020), JTT (Liu et al., 2021), DFR (Guo 356

et al., 2019), CVaRDRO (Duchi and Namkoong, 357

2021) and LfF (Nam et al., 2020) (Appendix A.3). 358

Evaluation metrics. We use Precision@10 359

(Appendix A.5) (Eyuboglu et al., 2022) to eval- 360

uate the slice discovery methods and the CLIP 361

score (Kim et al., 2024) to quantify the effect of 362

biased attributes. For mitigation, we report Worst 363

Group Accuracy (WGA) for mitigation for natu- 364

ral images. We report mean AUROC and WGA 365

for medical images, where WGA refers to model 366

performance on pneumothorax patients w/o chest 367

tubes (NIH) and cancer or abnormal patients w/o 368

calcifications (RSNA & VinDr-Mammo). 369

5 Results 370

RQ1: Comparison of LADDER with slice discov- 371

ery baselines. Following (Eyuboglu et al., 2022; 372

Yenamandra et al., 2023), Fig. 4 compares the 373

Precision@10 of different slice discovery meth- 374

ods for CNN models (EN-B5 for mammograms 375

& RN Sup IN1k for others). For medical im- 376

ages, LADDER achieves a substantial 50% improve- 377

ment over the baselines. Refer to Fig. 12 in Ap- 378

pendix A.12.1 for WGA evaluation using the slices 379

discovered from Domino, Facts, and LADDER with 380

our ensemble-based mitigation strategy. In all the 381

experiments, LADDER outperforms the baselines. 382

Facts and Domino cluster the images by projecting 383

them directly into VLR space, often leading to inco- 384

herent slices. In contrast, LADDER first projects the 385

model’s representation into the VLR space, preserv- 386

ing the nuanced semantics of the classifier features. 387

Instead of relying solely on unsupervised cluster- 388

ing, it leverages the reasoning capabilities of LLMs 389
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Figure 5: Biased attributes detected by LADDER w/
captions and w/ instruction-tuned models (w/o captions).
Bright/light colors show presence/absence of attributes

and signals from the captions/radiology reports to390

identify the coherent-biased attributes within the391

discovered slices. Next, we assign pseudo-labels to392

the attributes using similarity scores (sH(X)). The393

coherent slices produced by LADDER ensure that394

the pseudo-labeling process is more accurate than395

the baselines leading to superior bias mitigation396

performance (Appendix A.12.1).397

(a)

(b)

Figure 6: (a) Precision@10 for slice discovery and (b)
WGA for bias mitigation using LADDER w/ captions vs.
instruction-tuned models.

Figure 7: LADDER detects biases beyond reports, iden-
tifying biases from metadata (age, view and implant)
and DICOM headers (Photometric interpretation).

RQ2. Leveraging LLM’s reasoning and do-398

main knowledge for bias discovery. Fig. 8 dis-399

plays the sentences retrieved by LADDER indicat-400

1. a seagul sitting on a dock with boats in the background
2. a duck swimming in the ocean with a blue sky and clouds in the background
3. a seagul sits on the water in front of a container ship at night
4. a seagul catching a fish in the ocean
5. a seagul sitting on a rock in the ocean

(a) Waterbirds (waterbird)

(c) NIH (pneumothorax)
1. perhaps mild increase in hydropneumothorax but with chest tube
2. in comparison with the study of ___ , there is little change in the 3 left chest 
tubes with area of hydro pneumothorax
3. a moderate sized loculated hydropneumothorax shows  decrease in fluid 
4. the previous basal pneumothorax that developed with previous drainage of 
pleural effusion and placement of 2 thoracostomy tubes

(b) Waterbirds (landbird)
1. a yellow bird perched on a branch in a bamboo forest 
2. a bird perched on a tree branch in a bamboo forest 
3. a cardinal bird in a bamboo forest 
4. a bird perched on a tree in a bamboo forest 
5. a bird perched on a branch in a bamboo forest
                             
                                                                  

….

….

….

Figure 8: Sentences retrieved by LADDER in Sec. 3.1
encoding model biases (in bold) for LLM to analyze.
Each panel denotes a class label of a specific dataset.

ing the different model biases. Fig. 3 shows the 401

biased attributes discovered by LADDER. The pres- 402

ence of these attributes correlates with f ’s perfor- 403

mance, while their absence results in error slices 404

where f ’s performance drops. Recall, LADDER 405

uses LLM to generate hypotheses from the sen- 406

tences, indicative of biases. The similarity score 407

(sH(X)) tests these hypotheses to validate if the 408

absence of specific attributes linked to each hy- 409

pothesis results in a drop in f ’s performance. For 410

e.g., waterbirds flying vs. not flying achieve 411

97.3% vs. 68.6% accuracy. In NIH, pneumothorax 412

patients with and without chest tubes achieve 413

an accuracy of ∼98%, compared to 31%. For all 414

tasks, LADDER effectively detects ground truth bi- 415

ases. In the Waterbirds dataset, LADDER identi- 416

fies diverse water-related biases such as boat and 417

lake. Also, Fig.3 reports that LADDER identi- 418

fies domain-specific biases (e.g., chest tubes, 419

loculated pneumothorax for NIH; subtypes of 420

calcifications for RSNA & VinDr Mammo), 421

capturing a more granular characterization of bi- 422

ases. Unlike the keyword extraction or tagging 423

models, which struggle with missing or insufficient 424

attributes, LADDER leverages LLM-driven latent 425

medical knowledge to generate comprehensive hy- 426

potheses. Such fine-grained detection of contex- 427

tual biases, including subtypes, allows LADDER 428

to for the detection of patterns that would be diffi- 429

cult to detect without domain expertise. Refer to 430

Appendix A.12.3, A.12.2 and A.12.6 for detailed 431

qualitative results, the hypotheses closest to the 432

ground truth biases, and the influence of biased 433

attributes via CLIP score, respectively. 434

RQ3: Biased attributes discovery across 435
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Figure 9: Biased attributes discovered by LADDER show consistent biases across architectures and pretraining.
Several attributes (e.g., ocean, lake, beach etc.) represent the same visual concepts (water bodies) denoting the
groundtruth bias. Bright and light colors indicate attribute presence and absence, respectively.

Table 1: Impact of captioners on LADDER’s perfor-
mance for RN Sup IN1k classifier. Though GPT-4o
is expensive, its quality is better than others.

Waterbirds CelebA

Method Mean Acc WGA Mean Acc WGA

BLIP (Li et al., 2022) 93.1 91.4 89.8 88.9
BLIP2 (Li et al., 2023a) 93.3 91.6 89.8 89.2
ClipCap (Mokady et al., 2021) 93.7 91.8 88.3 87.4
GPT-4o (Wu et al., 2024) 94.2 93.1 91.4 90.3

architectures/pre-taining methods. In this setup,436

we extract biases using LADDER on a range of437

model architectures (both ResNet50 and ViT), ini-438

tializing f (the model to be probed) with diverse439

pretraining methods, including SimCLR (Chen440

et al., 2020), Barlow Twins (Zbontar et al., 2021),441

DINO (Caron et al., 2021), and CLIP (Radford442

et al., 2021). These methods are pretrained on443

datasets e.g., ImageNet-1K (IN1k) (Deng et al.,444

2009), ImageNet-21K (IN21k) (Ridnik et al.,445

2021), SWAG (Singh et al., 2022), LAION-446

2B (Schuhmann et al., 2022), and OpenAI-CLIP447

(OAI) (Radford et al., 2021). Yang et al. (2023)448

shows that every ERM-trained classifier (f ) ex-449

hibits low WGA irrespective of architecture/pre-450

training due to consistently learning similar biases.451

Figure 9 shows that LADDER, leveraging LLM-452

driven reasoning and domain knowledge, consis-453

tently identifies similar biases across different ar-454

chitectures, pretraining methods, and datasets. In455

the NIH dataset, LADDER identifies mostly key456

attributes such as chest tubes, fluid levels457

etc. Also, in the Waterbirds dataset, LADDER de-458

tects attributes e.g., ocean and bamboo forest459

consistently, showing the correlation of the spuri-460

ous backgrounds with class labels and the ground461

truth biases. Appendix A.12.8 lists more results.462

RQ4: Mitigating biases using LADDER. Tab. 2463

shows that LADDER outperforms other bias mitiga-464

tion baselines in estimating WGA, without requir- 465

ing the expensive ground truth shortcut attributes, 466

for both training and validation datasets across 467

CNN models (EN-B5 for Mammograms and RN 468

Sup IN1k for the rest). LADDER achieves a WGA 469

of 91.4%, 76.4% and 82.5% – a 3.6%, 7.3% and 470

21.1% improvement (↑) over DFR in the Water- 471

birds, RSNA, and VinDr datasets, respectively. For 472

NIH, LADDER outperforms JTT and DFR by 8.2% 473

and 7.4%, respectively. Appendix A.12.4 illustrates 474

further analysis with an additional 9 baselines. 475

Fig. 15 shows LADDER’s consistent performance 476

gain across various architectures and pre-training 477

methods. Tab. 11 in Appendix A.12.7 shows that 478

LADDER outperforms Li et al. (2023b) on multi- 479

shortcut benchmark UrbanCars. Leveraging LLMs’ 480

advanced reasoning, LADDER accurately derives 481

pseudo labels for the biased attributes from hy- 482

potheses to identify true model biases. LADDER 483

then applies targeted bias mitigation by fine-tuning 484

the last layer, resulting in a systematic debiased 485

model per hypothesis. This efficient strategy ef- 486

fectively enhances model performance across the 487

biases, modalities, and architectures. 488

Table 2: Error mitigation results (WGA) for EN-B5 for
mammograms and RN Sup IN1k for the rest. We bold-
face and underline the best and second-best results. We
compare with 9 additional baselines in A.12.4.

Method Waterbirds CelebA NIH RSNA VinDr

ERM 69.1±1.2 62.2±1.5 60.3±0.0 69.8±0.0 45.6±0.0

JTT 84.5±0.3 87.2±7.5 70.4±0.0 68.5±0.0 66.1±0.0

GroupDRO 87.1±1.3 88.1±0.7 71.1±0.0 72.3±0.0 67.1±0.0

CVaRDRO 85.4±2.3 83.1±1.5 71.3±0.0 71.7±0.0 67.1±0.0

LfF 75.2±0.7 63.0±4.4 61.6±0.0 66.4±0.0 64.5±0.0

DFR 88.2±0.3 87.1±1.1 70.5±0.0 71.2±0.0 68.1±0.0

LADDER 91.4±0.8 88.9±0.4 76.2±0.0 76.4±0.0 82.5±0.0

RQ5: Relaxing the dependency on captions. To 489

reduce LADDER ’s reliance on captions/reports, we 490

leverage instruction-tuned models to generate tex- 491
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tual descriptions for the correctly classified sam-492

ples. Specifically, we use LLaVA-1.5 7B (Liu493

et al., 2024) for natural images and RaDialog (Pel-494

legrini et al., 2023) and cheXagent (Chen et al.,495

2024b) for CXRs to probe RN Sup IN1k classifier.496

Refer to Appendix A.8 for the utilized prompts.497

LADDER ’s LLM pipeline utilizes these generated498

descriptions to identify biased attributes. Recall499

we aim to detect biases consistently present in500

correctly classified instances. Figure 5 compares501

the biases identified using LADDER ’s retrieval502

pipeline (captions/reports) vs. those detected via503

instruction-tuned models. Figure 6(a) compares504

Precision@10 for LADDER under both settings,505

while Figure 6(b) evaluates the WGA metric, eval-506

uating the bias discovery and mitigation quantita-507

tively, respectively. For natural images, LADDER508

with instruction-tuned models perform compara-509

bly to the standard pipeline using captions. For510

CXRs, the retrieval-based approach utilizing actual511

reports outperforms methods using cheXagent and512

RaDialog, highlighting the importance of domain-513

specific reports in medical imaging. Thus, us-514

ing models e.g., LLaVA can eliminate LADDER’s515

need for captions. However, this approach is chal-516

lenging for 2D mammograms and dermatology517

imaging (Alzubaidi et al., 2021) etc.where robust518

instruction-tuned models are lacking. In such cases,519

LADDER’s retrieval pipeline remains highly adapt-520

able and shows broad applicability. Thus, a trade-521

off emerges: models can either leverage explicit522

radiology reports for bias identification or develop523

robust VLRs to reduce dependence on reports.524

Figure 10: WGA comparison across different LLMs
for bias mitigation by LADDER with RN Sup IN1k for
natural images and CXRs, and EN-B5 for mammograms.
GPT-4o and Gemini excel in medical imaging tasks.

RQ6: Detecting biases beyond captions/reports.525

While prior work (Boyd et al., 2023) highlights bi-526

ases in EHR and medical imaging headers (e.g.,527

DICOMs), LADDER extends bias detection be-528

yond captions. We use metadata from the RSNA-529

Mammo dataset, which includes metadata e.g.,530

BIRADS(0-2), age, implant, view (CC or MLO),531

laterality (left or right breast), machine_id, and 532

site_id. Also, the DICOM headers provide at- 533

tributes e.g., photometric interpretation, VOI LUT, 534

and pixel intensity relationships. We probe the 535

same EN-B5 classifier to find attributes consistently 536

present in correctly classified samples, whose ab- 537

sence results in a performance drop. By listing 538

each sample’s metadata to a Python dictionary (re- 539

fer to Appendix A.9) and using LADDER ’s LLM 540

pipeline (Sec. 3.2), we generate hypotheses about 541

the biased attributes; we then validate their impact 542

on the classifier’s performance based on the pres- 543

ence/absence of these attributes, with their ground 544

truth values from the metadata. Figure 7 shows that 545

LADDER detects an age bias (a 19.5% accuracy gap 546

for patients aged 70+ vs. the rest) and a 10% gap to 547

different photometric interpretations (Monochrome 548

1 vs. Monochrome 2). This finding aligns with ex- 549

isting evidence of age bias in oncology (Tasci et al., 550

2022). Existing methods lack LLM-based reason- 551

ing, limiting them to fixed attributes or clustering, 552

while LADDER uses LLMs to reason across meta- 553

data for comprehensive analysis. 554

6 Ablations and Additional Results 555

Table 1 compares LADDER’s performance across 556

different captioning methods, while Fig.10 presents 557

the WGA of LADDER for various LLMs. Due to 558

space constraints, we provide detailed analyses in 559

Appendices A.12.10 and A.12.12. Additionally, 560

Appendices A.12.11, A.12.13 and A.12.14 include 561

ablation studies on slices discovered using different 562

LLMs, their computational costs, and the impact 563

of different VLRs on LADDER. Appendix A.12.9 564

demonstrates LADDER’s ability to identify biases 565

in the ImageNet dataset (multiclass classification), 566

while Appendix A.12.5 shows how these identified 567

attributes improve CLIP’s zero-shot accuracy. 568

7 Conclusion 569

We introduce LADDER, a novel LLM-driven 570

method for error slice discovery and bias mitiga- 571

tion for vision classifiers. Unlike prior methods 572

that rely on predefined attributes or unsupervised 573

clustering, LADDER leverages LLM’s reasoning to 574

detect coherent error slices without requiring ex- 575

plicit annotations from any off-the-shelf pretrained 576

classifier. Next, it mitigates multiple biases through 577

pseudo-label generation and attribute rebalancing. 578

Extensive evaluations on 6 datasets show LADDER 579

’s effectiveness, outperforming existing baselines. 580
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Limitations581

While LADDER demonstrates superior performance582

in bias discovery and mitigation, we outline the583

limitations of our work and potential areas for im-584

provement: 1. Dependence on captions for bias585

discovery: LADDER primarily relies on captions586

to identify biases, which may not be suitable for587

domains with sparse or limited textual descriptions.588

While we introduce a workaround using instruction-589

tuned models e.g., LLaVA for specific applications,590

future research will explore reducing language de-591

pendence across broader domains. 2. Potential592

bias in pretrained models: LADDER utilizes pre-593

trained models such as CLIP and LLMs, which594

inherently reflect biases present in their training595

data. This dependency may influence the bias dis-596

covery process and potentially undermine fairness597

objectives. Addressing and mitigating these inher-598

ent biases in foundational models is an important599

direction for future research. 3. Lack of human600

oversight in bias discovery: To prevent the in-601

troduction of additional bias, LADDER automates602

the discovery phase without human intervention.603

Instead, domain experts (e.g., clinicians) validate604

the identified biases prior to mitigation. While this605

strategy minimizes human-induced bias during dis-606

covery, it introduces subjectivity in the validation607

phase. Enhancing and standardizing this validation608

process remains a key focus for future work.609

Ethical Considerations610

We strongly adhere to ethical standards in the han-611

dling of medical data, the use of language models,612

and the implementation of machine learning meth-613

ods. We provide the following details: 1. Medical614

datasets: All medical datasets used in this study, in-615

cluding MIMIC-CXR, RSNA-Mammo, and VinDr-616

Mammo, are anonymized and publicly available.617

We strictly follow the respective data-use agree-618

ments and ethical guidelines associated with each619

dataset. 2. Language models for medical tasks:620

The large language models (LLMs) employed for621

medical applications adhere to the guidelines es-622

tablished for MIMIC1. Specifically, we use GPT-623

4o (Wu et al., 2024) via Azure OpenAI service as624

LLM for NIH in the main experiments. For abla-625

tions, we use Google’s Gemini via Vertex AI. For626

LLaMA, we set up the model on a local machine.627

No information from NIH datasets was processed628

1https://physionet.org/news/post/
gpt-responsible-use

using language models not covered by these guide- 629

lines, such as Claude. 3. Classifier models and 630

codebase: All classifiers used in this research are 631

standard architectures and publicly available mod- 632

els, ensuring reproducibility and transparency. We 633

list them in detail in Appendix A.10. 4. Vision- 634

Language representations (VLRs): All VLRs 635

utilized in this study are publicly available, and we 636

list the corresponding resources in Appendix A.10. 637

We adhere strictly to the license terms specified by 638

the creators of these resources. 639

Broader Impact 640

The development and deployment of LADDER have 641

potential implications for AI applications in medi- 642

cal and general computer vision tasks. We outline 643

the broader impacts as follows: 1. Medical ap- 644

plications and patient outcomes: LADDER can 645

improve the robustness and interpretability of vi- 646

sion models in medical imaging. By identifying 647

and mitigating biases, it can lead to more reliable 648

diagnostic tools, ultimately enhancing patient care 649

and reducing diagnostic disparities. 2. Bias detec- 650

tion and fairness: LADDER offers a generalizable 651

approach to uncovering and addressing systematic 652

biases across datasets. This can contribute to the 653

development of fairer AI models, particularly in 654

domains prone to dataset biases, such as healthcare 655

and social applications. 3. Continuous auditing 656

and bias mitigation: LADDER can act as an au- 657

ditor for any pretrained network in a continuous 658

manner. By running it on a dataset, it can identify 659

and mitigate biases using language. Whenever a 660

bias can be traced in language, LADDER can de- 661

tect it with its superior reasoning capabilities and 662

domain knowledge. 663
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A Appendix1018

A.1 Extended details on datasets1019

Waterbirds1020

The Waterbirds dataset (Wah et al., 2011) is fre-1021

quently employed in studies addressing spurious1022

correlations. This binary classification dataset over-1023

laps images from the Caltech-UCSD Birds-200-1024

2011 (CUB) dataset with backgrounds sourced1025

from the Places dataset (Zhou et al., 2017). The1026

primary task involves determining whether a bird1027

depicted in an image is a landbird or a waterbird,1028

with the background (water or land) as the spurious1029

attribute. For consistency and comparability, we1030

adhere to the train/validation/test splits utilized in1031

prior research (Guo et al., 2020).1032

CelebA1033

The CelebA dataset (Liu et al., 2015) comprises1034

over 200,000 images of celebrity faces. In the con-1035

text of spurious correlations research, this dataset1036

is typically used for the binary classification task1037

of predicting hair color (blond vs. non-blond), with1038

gender serving as the spurious correlation. In align-1039

ment with previous studies (Guo et al., 2020), we1040

use the standard dataset splits. The CelebA dataset1041

is available under the Creative Commons Attribu-1042

tion 4.0 International license.1043

MetaShift1044

The MetaShift dataset (Liang and Zou, 2022)1045

offers a flexible platform for generating image1046

datasets based on the Visual Genome project (Kr-1047

ishna et al., 2017). Our experiments utilize the1048

pre-processed Cat vs. Dog dataset, designed to1049

differentiate between cats and dogs. The dataset1050

features the image background as a spurious at-1051

tribute, with cats typically appearing indoors and1052

dogs outdoors. We use the "unmixed" version of1053

this dataset, as provided by the authors’ codebase.1054

NIH chestXrays 1055

The NIH ChestX-ray dataset (Wang et al., 2017), 1056

also known as ChestX-ray14, is a large dataset 1057

of chest radiographs (X-rays) provided by the Na- 1058

tional Institutes of Health (NIH). The dataset com- 1059

prises 112,120 frontal-view X-ray images of 30,805 1060

unique patients. Each image is associated with one 1061

or more of the 14 labeled thoracic diseases, which 1062

include atelectasis, cardiomegaly, effusion, infil- 1063

tration, mass, nodule, pneumonia, pneumothorax, 1064

consolidation, edema, emphysema, fibrosis, pleural 1065

thickening, and hernia. Previous works (Docquier 1066

and Rapoport, 2012) show that most pneumothorax 1067

patients have a spurious correlation with the chest 1068

drains. Chest drains are used to treat positive Pneu- 1069

mothorax cases. We adopt the strategy discussed 1070

in Murali et al. (2023) to annotate chest drains 1071

for each sample. We use the official train/val/test 1072

split (Wang et al., 2017). 1073

RSNA breast mammograms 1074

The RSNA-Mammo dataset2 is a publicly avail- 1075

able dataset containing 2D mammograms from 1076

11,913 patients, with 486 diagnosed cancer cases. 1077

The task is to classify malignant cases from screen- 1078

ing mammograms. We use a 70/20/10 train/valida- 1079

tion/test split for evaluation as Ghosh et al. (2024). 1080

VinDr breast mammograms 1081

The VinDr-Mammo dataset3 (Nguyen et al., 2023) 1082

is a publicly available 2D mammogram dataset 1083

of 5,000 exams (20,000 images) from Vietnam, 1084

each with four views. It includes breast-level BI- 1085

RADS assessment categories (1-5), breast density 1086

categories (A-D), and annotations for mammo- 1087

graphic attributes (e.g., mass, calcifications). Fol- 1088

lowing Wen et al. (2024), we classify patients with 1089

BI-RADS scores between 1 and 3 as normal and 1090

those with scores of 4 and 5 as abnormal. We adopt 1091

the train-test split from Nguyen et al. (2023). 1092

A.2 Extended details on slice discovery 1093

algorithms 1094

Domino. Domino (Eyuboglu et al., 2022) identi- 1095

fies systematic errors in machine learning models 1096

by leveraging cross-modal embeddings. It oper- 1097

ates in three main steps: embedding, slicing, and 1098

describing. 1099

2https://www.kaggle.com/competitions/
rsna-breast-cancer-detection

3https://www.physionet.org/content/
vindr-mammo/1.0.0/
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1. Embedding: Domino uses cross-modal mod-1100

els (e.g., CLIP) to embed inputs and text in the1101

same latent space. This enables the incorpora-1102

tion of semantic meaning from text into input1103

embeddings, which is crucial for identifying1104

coherent slices.1105

2. Slicing: It employs an error-aware mix-1106

ture model to detect underperforming regions1107

within the embedding space. This model clus-1108

ters the data based on embeddings, class la-1109

bels, and model predictions to pinpoint areas1110

where the model performance is subpar. The1111

mixture model ensures that identified slices1112

are coherent and relevant to model errors.1113

3. Describing: Domino generates natural lan-1114

guage descriptions for the discovered slices.1115

It creates prototype embeddings for each slice1116

and matches them with text embeddings to de-1117

scribe the common characteristics of the slice.1118

This step provides interpretable insights into1119

why the model fails on these slices.1120

Domino’s approach improves slice coherence1121

and generates meaningful slice descriptions.1122

Facts. Facts (Yenamandra et al., 2023) (First1123

Amplify Correlations and Then Slice) aims to iden-1124

tify bias-conflicting slices in datasets through a1125

two-stage process:1126

1. Amplify Correlations: This stage involves1127

training a model with a high regularization1128

term to amplify its reliance on spurious corre-1129

lations present in the dataset. This step helps1130

segregate biased-aligned from bias-conflicting1131

samples by making the model fit a simpler,1132

biased-aligned hypothesis.1133

2. Correlation-aware Slicing: In this stage,1134

FACTS uses clustering techniques on the1135

bias-amplified feature space to discover bias-1136

conflicting slices. The method identifies sub-1137

groups where the spurious correlations do not1138

hold, highlighting areas where the model un-1139

derperforms due to these biases.1140

Facts leverages a combination of bias amplifi-1141

cation and clustering to reveal underperforming1142

data slices, providing a foundation for understand-1143

ing and mitigating systematic biases in machine1144

learning models.1145

A.3 Extended details on error mitigation 1146

baselines 1147

We categorize the various bias mitigation algo- 1148

rithms and provide detailed descriptions for each 1149

category below. 1150

Vanilla 1151

The empirical risk minimization (ERM) algorithm, 1152

introduced by Vapnik (Vapnik, 1999), seeks to min- 1153

imize the cumulative error across all samples. 1154

Subgroup Robust Methods 1155

GroupDRO: GroupDRO (Sagawa et al., 2020) pro- 1156

pose Group Distributionally Robust Optimization 1157

(GroupDRO), which enhances ERM by prioritizing 1158

groups with higher error rates. CVaRDRO: Duchi 1159

and Namkoong (Duchi and Namkoong, 2021) in- 1160

troduce a variant of GroupDRO that dynamically 1161

assigns weights to data samples with the highest 1162

losses. LfF: LfF (Nam et al., 2020) concurrently 1163

trains two models: the first model is biased, and 1164

the second is de-biased by re-weighting the loss 1165

gradient. Just Train Twice (JTT): JTT (Liu et al., 1166

2021) propose an approach that initially trains an 1167

ERM model to identify minority groups in the train- 1168

ing set, followed by a second ERM model where 1169

the identified samples are re-weighted. LISA: 1170

LISA (Yao et al., 2022) utilizes invariant predic- 1171

tors through data interpolation within and across 1172

attributes. Deep Feature Re-weighting (DFR): 1173

DFR (Kirichenko et al., 2022) suggests first train- 1174

ing an ERM model and then retraining the final 1175

layer using a balanced validation set with group 1176

annotations. 1177

Data Augmentation 1178

Mixup: Mixup (Zhang et al., 2018) proposes an 1179

approach that performs ERM on linear interpola- 1180

tions of randomly sampled training examples and 1181

their corresponding labels. 1182

Domain-Invariant Representation Learning 1183

Invariant Risk Minimization (IRM): IRM (Ar- 1184

jovsky et al., 2020) learns a feature representa- 1185

tion such that the optimal linear classifier on this 1186

representation is consistent across different do- 1187

mains. Maximum Mean Discrepancy (MMD): 1188

MMD (Li et al., 2018) aims to match feature distri- 1189

butions across domains. Note: All methods in this 1190

category necessitate group annotations during 1191

training. 1192
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Imbalanced Learning1193

Focal Loss (Focal): Focal (Lin et al., 2017) intro-1194

duces Focal Loss, which reduces the loss for well-1195

classified samples and emphasizes difficult samples.1196

Class-Balanced Loss (CBLoss): CBLoss (Cui1197

et al., 2019) suggests re-weighting by the inverse ef-1198

fective number of samples. LDAM Loss (LDAM):1199

LDAM (Cao et al., 2019) employs a modified mar-1200

gin loss that preferentially weights minority sam-1201

ples. Classifier Re-training (CRT): CRT (Kang1202

et al., 2020) decomposes representation learning1203

and classifier training into two distinct stages, re-1204

weighting the classifier using class-balanced sam-1205

pling during the second stage. ReWeightCRT:1206

ReWeightCRT (Kang et al., 2020) proposes a re-1207

weighted variant of CRT.1208

A.4 Learning Projection from classifier to1209

VLR space1210

π is a learnable projection function, π : Φ → ΨI ,1211
projecting the image representation of the classifier1212
Φ(x) to the VLR space, Ψ(x), where x ∈ Dtrain.1213
Dtrain denotes the training set. We follow (Moay-1214
eri et al., 2023) to learn π. Specifically, π is an1215

affine transformation, i.e., πW,b(z) = W T z + b,1216
where W and b are the learnable weights and biases1217
of the projector π. To retain the original semantics1218
in the classifier representation space, we optimize1219
the following objective:1220

W, b = argmin
W,b

1

|Dtrain|
∑

x∈Dtrain

∥∥WTΦ(x) + b−Ψ(x)
∥∥2

2

(1)

1221

1222

A.5 Precision@k1223

Precision@k (Eyuboglu et al., 2022; Yenamandra1224

et al., 2023) measures the degree to which the pre-1225

dicted slices overlap with the ground truth slices in1226

a dataset.1227

Let S = {s1, s2, . . . , sl} represent the ground1228

truth bias-conflicting slices in a dataset D. A1229

slice discovery algorithm A predicts a set of slices1230

Ŝ = {ŝ1, ŝ2, . . . , ŝm}. For each predicted slice ŝj ,1231

let Oj = {oj1, oj2, . . . , ojn} denote the sequence1232

of sample indices ordered by the decreasing like-1233

lihood that each sample belongs to the predicted1234

slice ŝj .1235

Given a ground truth slice si and a predicted1236

slice ŝj , we compute their similarity as:1237

Pk(si, ŝj) =
1

k

k∑
i=1

I[xoji ∈ si],1238

where Pk(si, ŝj) is the proportion of the top k sam- 1239

ples in the predicted slice ŝj that overlap with the 1240

samples in the ground truth slice si, and I is an indi- 1241

cator function that returns 1 if the sample belongs 1242

to si and 0 otherwise. 1243

For each ground truth slice si, we map it to 1244

the most similar predicted slice ŝj by maximizing 1245

Pk(si, ŝj). We then compute the average similar- 1246

ity score between the ground truth slices and their 1247

best-matching predicted slices. Specifically, the 1248

Precision@k for a slice discovery algorithm A is 1249

given by: 1250

Precision@k(A) =
1

l

l∑
i=1

max
j∈[m]

Pk(si, ŝj), 1251

where l is the number of ground truth slices, m is 1252

the number of predicted slices, and Pk(si, ŝj) is 1253

the similarity score for the ground truth slice si and 1254

predicted slice ŝj . 1255

This metric evaluates how well the algorithm’s 1256

predicted slices match the bias-conflicting slices 1257

in the dataset, with higher scores indicating bet- 1258

ter alignment between predicted and ground truth 1259

slices. By computing the Precision@k, we can as- 1260

sess the effectiveness of slice discovery algorithms 1261

in identifying and isolating the most significant 1262

bias-conflicting regions in the data. 1263

A.6 Clip Score 1264

Kim et al. (2024) introduces the CLIP score, a met- 1265

ric that leverages the similarity between language 1266

and vision embeddings to quantify the influence 1267

of specific attributes on misclassified samples. In 1268

their method, attributes frequently present in mis- 1269

classified images receive a high CLIP score, while 1270

absent ones score lower. For instance, in the Wa- 1271

terbirds dataset, the CLIP score for "bamboo" is 1272

high, as many misclassified waterbirds appear with 1273

bamboo in the background. 1274

We propose a modification to the CLIP score. As 1275

discussed in Sec. 3.1, our goal is to identify visual 1276

attributes that are prevalent in correctly classified 1277

samples but absent in misclassified ones. This ap- 1278

proach provides deeper insights into the attributes 1279

contributing to correct classifications, which is par- 1280

ticularly valuable for medical images. In scenar- 1281

ios such as pneumothorax detection in the NIH 1282

dataset, understanding biases incorrectly classified 1283

cases—such as the presence of chest tubes—can 1284

help isolate features that lead to reliable diagnoses 1285

while addressing spurious correlations. Formally 1286
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we define the CLIP score corresponding to the at-1287

tribute attr and a dataset D as,1288

sCLIP (attr,D) = sim(attr,Dcorrect) − sim(attr,Dwrong),1289

where attr is the attribute obtained from the spe-1290

cific hypothesis by LLM, described in Sec. 3.2,1291

Dcorrect and Dwrong are the correctly classified1292

and misclassified samples. Also, sim(attr,D) is1293

the similarity between the attribute attr and the1294

dataset D, estimated as the average cosine simi-1295

larity between normalized embedding of a word1296

ΨT (attr) and images ΨI(x) for x ∈ D, where1297

sim(attr,D) =
1

D
∑
x∈D

ΨI(x)ΨT (attr)1298

Refer to Appendix A.12.6 for the results.1299

A.7 Prompts used by LLM for hypotheses1300

generation1301

The following is a general template of the prompt1302

utilized to generate the hypotheses from LLM,1303

discussed in Sec. 3.2. In this template, we sub-1304

stitute the <task> placeholders with bird species,1305

hair color, animal species, pneumothorax, can-1306

cer, and abnormality based on the corresponding1307

dataset – Waterbirds, CelebA, MetaShift, NIH,1308

RSNA-Mammo, and VinDr-Mammo. The modal-1309

ities are natural images, chest-x-rays, and 2D1310

mammograms. Crucially, we only replace these1311

two placeholders. We never include the actual1312

dataset names or words like “water”, “land”,1313

“gender”, “tube”, “background” or any other1314

attributes leading to model’s mistakes in the1315

prompt, as these may bias the LLM’s output.1316

For medical images, we also add: Ignore ‘___’1317

as they are due to anonymization. We focus1318

only on positive <disease> patients, as1319

many reports consist of ‘___’ for clarity. top <K>1320

depends on the dataset discussed in the experiment1321

section (Sec. 4).1322

16



Prompt for Hypothesis Generation

Context: <task> classification from <modality> using a deep neural network.

Analysis Post-Training: On a validation set:

a. Get the difference between the image embeddings of correct and incorrectly classified sam-
ples to estimate the features present in the correctly classified samples but missing in the
misclassified samples.

b. Retrieve the top <K> sentences from the <captions/radiology report> that match closely to the
embedding difference in step a.

c. The sentence list is given below:

TopK Sentence List

Retrieved using Sec. 3.1

These sentences represent the features present in the correctly classified samples but missing in the
misclassified samples.
Task: Consider the consistent attributes present in the descriptions of correctly classified and
misclassified samples regarding <task>. Formulate hypotheses based on these attributes. Attributes
include all concepts (e.g., explicit or implicit anatomies, observations, symptoms of change related
to the disease, concepts leading to potential bias in medical images, or visual cues in natural images)
in the sentences. Assess how these characteristics might influence the classifier’s performance.
Your response should only contain the list of top hypotheses, formatted as follows:

hypothesis_dict = {
'H1': 'The classifier is making mistake as it is biased toward <attribute>',
'H2': 'The classifier is making mistake as it is biased toward <attribute>',
'H3': 'The classifier is making mistake as it is biased toward <attribute>',
...

}

To effectively test Hypothesis 1 (H1) using the CLIP language encoder, create prompts explicitly
validating H1. These prompts will help generate text embeddings that capture the essence of the
hypothesis, which can be compared with the image embeddings from the dataset. The goal is to
verify alignment with or violation of H1. Prompts must focus only on the <task>. Each hypothesis
must have five prompts, formatted as:

prompt_dict = {
'H1_<attribute>': [List of prompts],
'H2_<attribute>': [List of prompts],
...

}

Final response format strictly:

hypothesis_dict
prompt_dict

Table 3: Detailed description of the prompt for hypothesis generation and analysis for the <task> classification
problem.
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A.8 Prompts and details on the experiments1323

in RQ5 with instruction-tuned models1324

(e.g., LLaVA)1325

In this setup, we don’t use CLIP as VLR for the1326

retrieval step discussed in Sec. 3.1. Instead, us-1327

ing the instruction-tuned vision language models1328

(LLaVA-1.5 7B for natural images; cheXagent and1329

RaDialog for CXRs), we first select the correctly1330

classified images by the classifier f . Next, for each1331

of the images, we pass them through the vision en-1332

coder in LLaVA and use the prompt for the natural1333

images: “Describe the image” for the language1334

model in LLaVA. For NIH, we use the prompt:1335
1336

You are a radiologist. Based on the provided1337
Chest X-Ray image and generate a structured1338
report. The report should include sections1339
for `Findings,' `Impression,' and1340
`Recommendations,' emphasizing relevant1341
findings like consolidation, effusion,1342
cardiomegaly, pneumonia, or pneumothorax.1343
Use a formal radiology reporting style.13441345

We select the texts for all the correctly classified1346

images and follow LADDER’s pipeline discussed in1347

Sec 3.2 to generate the hypothesis (results shown1348

in Fig. 5). Finally, we utilize LADDER’s mitiga-1349

tion strategy, discussed in Sec. 3.3 to mitigate the1350

biases (results shown in Tab. 6). Note: in this ex-1351

periment, we did not use any language explicitly.1352

However, there is always a trade-off between1353

getting language or using an instruction-tuning1354

model like LLaVA.1355

A.9 Prompts and examples of metadata for1356

detecting biases beyond radiology reports1357

in RQ61358

Refer to Tab. 4 for the prompt and the example of1359

Python dictionary of metadata details of the cor-1360

rectly classified cancer patients to detect biases1361

using LADDER.1362

A.10 Extended details on general1363

experiments1364

A.10.1 Implementation details of the source1365

model f using ERM1366

For natural images and chest X-rays (CXRs), we1367

resize the images to 224×224 and train ResNet-1368

50 (RN)(He et al., 2016) and Vision Transformer1369

(ViT)(Dosovitskiy et al., 2020) models as f to1370

predict labels. We explore various pretraining1371

methods for initializing model weights, includ-1372

ing supervised learning (Sup), SIMCLR(Chen1373

et al., 2020), Barlow Twins (Zbontar et al., 2021),1374

DINO (Caron et al., 2021), and CLIP-based pre- 1375

training (Radford et al., 2021). The pretraining 1376

datasets utilized include ImageNet-1K (IN1)(Deng 1377

et al., 2009), ImageNet-21K (IN-21K)(Ridnik 1378

et al., 2021), SWAG (Singh et al., 2022), LAION- 1379

2B (Schuhmann et al., 2022), and OpenAI-CLIP 1380

(OAI) (Radford et al., 2021). For instance,“RN Sup 1381

IN1k” refers to a ResNet model pretrained using 1382

supervised learning and ImageNet-1K. 1383

We train both ResNet and ViT models as f for 1384

natural images and NIH-CXR following the setup 1385

in Yang et al. (2023)4. Preprocessing steps include 1386

resizing the images to 224×224, applying center- 1387

cropping, and normalizing the images using Im- 1388

ageNet channel statistics. Consistent with prior 1389

work (Guo et al., 2020, 2019), we apply stochastic 1390

gradient descent (SGD) with momentum for opti- 1391

mization across all image datasets. Each model is 1392

trained for a total of 30,000 steps across all datasets, 1393

with specific training on Waterbirds and MetaShift 1394

for 5,000 steps each. For NIH, we utilize the Adam 1395

optimizer with a learning rate of 0.0001 and train 1396

for 60 epochs to achieve optimal convergence. 1397

For RSNA-Mammo, we leverage the setting 1398

from one of the leading Kaggle competition so- 1399

lutions5. In this setup, the images are resized 1400

to 1520×912, and we train an EfficientNet-B5 1401

model (Tan and Le, 2019) for 9 epochs using the 1402

SGD optimizer, with a learning rate of 5e-5 and a 1403

weight decay of 1e-4. 1404

Additionally, for CXR-CLIP, we use their pre- 1405

trained models6, which were trained on MIMIC- 1406

CXR and CheXpert (MC) datasets. For Mammo- 1407

CLIP, we utilize their EN-B5 variant7. 1408

A.10.2 Ablations 1409

For the captioning ablations, we compare the per- 1410

formance of LADDER using BLIP (Li et al., 2022), 1411

BLIP-2 (Li et al., 2023a), ClipCap (Mokady et al., 1412

2021), and GPT-4o (Wu et al., 2024). Additionally, 1413

for LLMs, we compare the performance of LAD- 1414

DER with GPT-4o (Wu et al., 2024), Claude 3.5 1415

Sonnet, Llama 3.1 70B (Dubey et al., 2024), and 1416

Gemini 1.5 Pro (Team et al., 2024). 1417

4https://github.com/YyzHarry/SubpopBench
5https://github.com/Masaaaato/

RSNABreast7thPlace
6https://github.com/kakaobrain/cxr-clip
7https://huggingface.co/shawn24/

Mammo-CLIP/blob/main/Pre-trained-checkpoints/
b5-model-best-epoch-7.tar
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Context: Breast cancer classification from mammograms using a deep neural network
Analysis post-training: On a validation set, you are provided with the metadata details for the
correctly classified positive cancer patients in a Python dictionary, as follows

Metadata Dictionary (Sample Entries)

• Patient 1: {site_id: 1, laterality: L, view: MLO, age: 71, biopsy:
1, invasive: 1, BIRADS: 0, implant: 0, density: B, machine_id: 49,
photometric_interpretations: Monochrome 1, voi_lut_function: SIGMOID,
pixel_intensity_relationship: LOG}

• Patient 2: {site_id: 2, laterality: L, view: CC, age: 83, biopsy:
0, invasive: 0, BIRADS: 0, implant: 1, density: D, machine_id: 49,
photometric_interpretations: Monochrome 1, voi_lut_function: SIGMOID,
pixel_intensity_relationship: LOG}

• · · · (Additional metadata entries omitted for brevity)

Task: Consider the consistent attributes present in the dictionary regarding the positive cancer
patients. Formulate hypotheses based on these attributes. Assess how these characteristics might
be influencing the classifier’s performance. Your response should contain only the list of top
hypothesis, nothing else. For the response, you should be the following python dictionary template,
no extra sentence:

hypothesis_dict = {
'H1': 'The classifier is making mistake as it is biased toward <attribute>',
'H2': 'The classifier is making mistake as it is biased toward <attribute>',
'H3': 'The classifier is making mistake as it is biased toward <attribute>',
...

}

Table 4: Prompts and examples of metadata for detecting biases beyond radiology reports in the experiment RQ6.

A.10.3 Radiology text synthesis for 2D1418

Mammograms1419

In Ghosh et al. (2024), the authors generate1420

mammography reports using labeled mammo-1421

graphic attributes from the VinDr dataset in1422

collaboration with a board-certified radiologist.1423

This approach leverages the templated nature1424

of breast mammogram reports, which are more1425

standardized than those for other medical imag-1426

ing modalities. This standardized structure fol-1427

lows protocols like BI-RADS (Breast Imaging-1428

Reporting and Data System), which promotes uni-1429

formity in reporting (Palanisamy et al., 2023).1430

Specifically, they focus on the following at-1431

tributes: mass, architectural distortion,1432

calcification, asymmetry (focal, global),1433

density, suspicious lymph nodes, nipple1434

retraction, skin retraction, and skin1435

thickening. Then they follow the report templates 1436

with radiologist-defined prompts in Ghosh et al. 1437

(2024), describing key parameters such as: 1438

Attribute Value: Positive, negative, etc. 1439

Subtype: Suspicious, obscured, spiculated, etc. 1440

Laterality: Left or right breast. 1441

Position: Upper, lower, inner, outer quadrant. 1442

Depth: Anterior, mid, or posterior. 1443

Finally, they generate concise report-like sen- 1444

tences by substituting these values into the tem- 1445

plates. The authors leverage these sentences in 1446

Mammo-FActOR to perform weakly supervised 1447

localization of mammographic findings. In our 1448

work, we collect all these sentences to probe the 1449

EN-B5 classifier f , analyzing its errors during the 1450

retrieval step (Sec. 3.1) for the RSNA-Mammo and 1451

VinDr-Mammo datasets. 1452

Below are some examples of mammography re- 1453
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port sentences corresponding to the specific mam-1454

mographic attributes.1455

Mass:1456
1457

1. there is a mass in the right breast1458
2. there is a mass in the right breast at1459

anterior depth1460
3. there is a mass in the upper right breast1461

at mid-depth1462
...14631464

Architectural distortion:1465
1466

1. there is architectural distortion in the1467
right breast1468

2. there is architectural distortion in the1469
right breast at anterior depth1470

3. there is architectural distortion in the1471
right breast at mid-depth1472

...14731474

Calcification:1475
1476

1. there is calcification in the right breast1477
2. there is calcification in the right1478

breast at anterior depth1479
3. there is calcification in the right1480

breast at mid depth1481
...14821483

Asymmetry:1484
1485

1. there is a developing asymmetry in the1486
outer right breast1487

2. there is an asymmetry in the inner right1488
breast at anterior depth1489

3 .there is an asymmetry in the right breast1490
at mid-depth1491

...14921493

Global Asymmetry:1494
1495

1. there is a global asymmetry in the right1496
breast1497

2. there is a new global asymmetry in the1498
right breast1499

3. there is a global asymmetry in the inner1500
right breast1501

...15021503

Focal Asymmetry:1504
1505

1. mthere is a focal asymmetry in the right1506
breast1507

2. there is a focal asymmetry in the right1508
breast at anterior depth1509

3. there is a focal asymmetry in the right1510
breast at mid depth1511

...15121513

Density:1514
1515

1. the breasts being almost entirely fatty1516
2. scattered areas of fibroglandular density1517
3. the breast tissue is heterogeneously dense1518
4. the breasts are extremely dense1519

...15201521

Suspicious lymph node:1522

1523
1. there is a suspicious lymph node in the 1524

right axilla 1525
2. there is a hyperdense lymph node in the 1526

right axillary tail 1527
3. there is an increased lymph node in the 1528

right axillary tail 1529
... 15301531

Suspicious lymph node: 1532
1533

1. there is a suspicious lymph node in the 1534
right axilla 1535

2. there is a hyperdense lymph node in the 1536
right axillary tail 1537

3. there is an increased lymph node in the 1538
right axillary tail 1539

... 15401541

Nipple retraction: 1542
1543

1. there is a new nipple retraction in the 1544
right breast 1545

2. there is an increased nipple retraction 1546
in the right breast 1547

3. there is a possible nipple retraction in 1548
the right breast 1549

... 15501551

Skin retraction: 1552
1553

1. there is skin retraction in the right 1554
breast 1555

2. there is skin retraction in the inner 1556
right breast 1557

3. there is skin retraction in the lower 1558
right breast 1559

... 15601561

Skin thickening: 1562
1563

1. there is increasing skin thickening of 1564
the periareolar right breast 1565

2. there is asymmetric skin thickening of 1566
the lower right breast 1567

3. there is asymmetric skin thickening of 1568
the inner right breast 1569

... 15701571

A.11 Toy dataset construction 1572

We construct a synthetic dataset based on the CUB- 1573

200-2011 (Wah et al., 2011) dataset, classifying 1574

bird species into two categories: Class 0 (y = 0) 1575

and Class 1 (y = 1). Class 1 consists of the fol- 1576

lowing bird species: Albatross, Auklet, Cormorant, 1577

Frigatebird, Fulmar, Gull, Jaeger, Kittiwake, Peli- 1578

can, Puffin, Tern, Gadwall, Grebe, Mallard, Mer- 1579

ganser, Guillemot, and Pacific Loon. All remaining 1580

bird species are assigned to Class 0. To introduce 1581

spurious correlations, we overlay two 3D boxes 1582

on each image. In the training set for Class 0, the 1583

majority of samples (95%) were biased, with the 1584

yellow box consistently placed to the left of the red 1585

box. For Class 1, the boxes were randomly placed, 1586
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introducing variability in their positioning. In the1587

validation and test sets, we split the positioning1588

evenly, with 50% biased and 50% random samples1589

across both classes, ensuring a balanced evaluation1590

of the model’s reliance on spurious cues.1591

The primary goal of this dataset is to introduce1592

a form of reasoning beyond the mere presence1593

or absence of spurious correlations. Unlike prior1594

datasets that rely on background cues (e.g., Water-1595

birds or Metashift) or attributes like gender (e.g.,1596

CelebA), our dataset integrates positional reason-1597

ing. Specifically, for Class 0, the yellow box is1598

consistently placed to the left of the red box, creat-1599

ing a spurious correlation. For Class 1, the boxes1600

are randomly positioned, removing this shortcut.1601

The relative positioning of the boxes allows the cap-1602

tions to encode spatial relationships, which can be1603

consumed by large language models (LLMs) to rea-1604

son about these spatial cues. We train an ImageNet1605

pretrained-ResNet model (RN Sup IN1k) on this1606

dataset. Predictably, the classifier latches onto the1607

spurious correlation of rectangle position, leading1608

to underperformance on subsets where the shortcut1609

is absent. The model achieves a mean accuracy1610

of 85.6% and a worst-group accuracy (WGA) of1611

65.2%.1612

To analyze the model’s errors, we generate a cor-1613

pus of rich captions for the validation set using a1614

GPT-4o-based captioner. These captions describe1615

both the presence of the rectangle and its position1616

relative to the bird. Using LADDER, we aim to1617

detect the reason for the classifier’s mistakes and1618

mitigate it. LADDER leverages the reasoning capa-1619

bilities of LLMs to capture both the presence of1620

the rectangles and their relative spatial position. In1621

contrast, methods e.g., PRIME, rely on external1622

tagging models, which only detect the presence1623

or absence of shortcuts. Furthermore, since LAD-1624

DER discovers biased attributes via LLM-generated1625

reasoning, it can effectively mitigate these biases1626

without requiring ground truth annotations or prior1627

knowledge of the attributes.1628

The data is split into training, validation, and test1629

sets, with all metadata (including labels, rectangle1630

positions) saved for future analysis.1631

A.12 Extended main results1632

A.12.1 Results on WGA for using all slice1633

discovery methods:1634

Fig.12 shows that LADDER improves WGA com-1635

pared to other slice discovery methods for natural1636

images and CXRs. In this experimental setup, we 1637

first discover the slices with Domino (Eyuboglu 1638

et al., 2022), Facts (Yenamandra et al., 2023) and 1639

LADDER’s hypothesis-driven approaches. Next, we 1640

apply LADDER’s mitigation approach for each dis- 1641

covered slice to mitigate the biases and compute the 1642

WGA for each slice discovery method. As LAD- 1643

DER detects the slices precisely, it achieves better 1644

WGA compared to Domino and Facts. Fig. 13 1645

shows LADDER improves WGA compared to other 1646

slice discovery methods for RSNA-Mammo and 1647

VinDr-Mammo datasets. 1648

A.12.2 Closest hypothesis to the ground truth 1649

attribute 1650

Tab. 6 and Tab. 5 show the top3 hypotheses for 1651

RN Sup IN1K (convolution-based) and ViT Sup 1652

IN1K (transformer-based) architectures, respec- 1653

tively. These hypotheses are the most similar to the 1654

ground truth attribute on which the source model f 1655

is biased.

Table 5: Top 3 associated hypotheses for the ground
truth biased attribute for ViT Sup IN1K model on vari-
ous datasets

Dataset (Label) Attribute Top 3 hypotheses

Waterbirds (waterbird) Water
1. activities like swimming or flying
2. conditions like cloudy or sunny
3. presence of objects like boats or rocks

Waterbirds (landbird) Land
1. bird in the middle of a forest
2. yellow bird
3. bird sitting on top of a tree

CelebA (Blonde) Women
1. woman wearing red dress
2. woman with red top
3. black jacket

MetaShift (Dog) Outdoor
1. presence of a leash
2. presence of a ball
3. presence of a car

MetaShift (Cat) Indoor
1. beds
2. windows
3. televisions

1656

A.12.3 Extended qualitative results for our 1657

slice discovery method on various 1658

datasets 1659

Figures 24 and 19 report LLM-generated the list 1660

of hypotheses and the prompts to test them dis- 1661

cussed in the Sec. 5. Figures 20, 21, 22, 23, 1662

and 25 illustrate qualitative results of our method 1663

applied on various datasets using RN Sup IN1k 1664

models. Specifically, they showcase the classifica- 1665

tion of pneumothorax patients from NIH, “landbird” 1666

from the Waterbirds, “blond” from CelebA, “cat” 1667

and “dog” from MetaShift, and “cancer” from the 1668

RSNA-Mammo datasets, respectively. In all the 1669

cases, LADDER correctly identifies the hypothe- 1670

sis with true attribute causing biases in the given 1671

classifier f . 1672
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Extracted hypotheses by Ladder 
The classifier is making mistake as it is 
biased toward:
H1: relative positioning of red and yellow box
H2: images with small birds
H3: images with overlapping boxes
H4: the position of boxes relative to the bird
H5: images with  bird on branches

Figure 11: Sample images of our toy dataset to validate the reasoning of LLM utilized by LADDER. The dataset has
two classes. Images with class 0 are biased, with the yellow box always placed to the left of the red box. For images
with class 1, the boxes are randomly placed.

Figure 12: LADDER slices consistently outperform those from Domino and Facts when combined with LADDER’s
bias mitigation strategy across various settings.

A.12.4 Comparing the performance of1673

LADDER for error mitigation across1674

architectures1675

Tab. 8 compares LADDER with additional bias mit-1676

igation baselines for CNN-based models. Tab. 91677

compares different error mitigation algorithms for1678

ViT Sup IN1K-based models (f ), for all the SOTA1679

mitigation baselines discussed in Appendix A.3.1680

For natural images (Waterbirds and CelebA), we1681

report mean accuracy. For medical images (NIH,1682

RSNA and VinDr), we report mean AUROC.1683

Fig. 15 reports the WGA and shows that LADDER1684

outperforms the other slice discovery baselines1685

across the different architectures and pre-training1686

strategies.1687

A.12.5 Application: Improvement on the 1688

zero-shot accuracy of Vision Language 1689

models using the attributes from the 1690

extracted hypothesis by LADDER 1691

To evaluate the impact of LADDER’s attribute- 1692

based slice discovery on zero-shot performance, we 1693

conducted experiments using a CLIP-based vision- 1694

language model across multiple datasets. LAD- 1695

DER extracts fine-grained attributes from error- 1696

prone data slices, which we incorporated as de- 1697

tailed prompts for zero-shot classification. These 1698

prompts were generated from hypotheses produced 1699

by the LADDER framework and reflect nuanced 1700

characteristics of the data that a model might other- 1701

wise overlook. We compare these attribute-driven 1702

prompts against standard, baseline prompts typi- 1703

cally used for zero-shot tasks. 1704
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Figure 13: LADDER improves WGA compared to other
bias mitigation methods for RSNA-Mammo and VinDr-
Mammo datasets.

Figure 14: Effect of different VLRs for CXRs on biased
attribute discovery by LADDER. Bright/light colors de-
note presence/absence of the attributes.

Experimental Process. For each dataset, we1705

implemented two types of zero-shot prompts:1706

• Baseline prompts: CLIP-based1707

prompts (Radford et al., 2021) e.g., [a1708

photo of a landbird and a photo of1709

a waterbird] for the Waterbirds dataset1710

for natural images, CXR-CLIP (You et al.,1711

2023) prompts e.g., [no pneumothorax,1712

pneumothorax] for NIH, Mammo-1713

CLIP (Ghosh et al., 2024) prompts e.g.,1714

[{no cancer, no malignancy}, {cancer,1715

malignancy}] for RSNA-Mammo and1716

VinDr-Mammo.1717

• LADDER-derived prompts: These prompts1718

were generated based on the attributes ex-1719

tracted from LADDER’s hypotheses, provid-1720

ing a more detailed description of the data.1721

For example, in the Waterbirds dataset, we1722

used prompts like a photo of a waterbird1723

on docks and boats or a photo of a1724

landbird inside on bamboo forest. In1725

this experiment, we use the attributes from1726

the hypotheses extracted from RN Sup IN1k1727

(Resnet 50 pretrained with ImageNet 1K and1728

supervised learning) classifier.1729

Table 6: Top 3 associated hypotheses for the ground
truth biased attribute for RN Sup IN1K model on various
datasets

Dataset (Label) Attribute Top 3 hypotheses

Waterbirds (waterbird) Water
1. water bodies like oceans and lakes
2. actions like flying or sitting
3. conditions, e.g., cloudy skies

Waterbirds (landbird) Land
1. bird being in flight
2. bird perching on top of a tree
3. bird perching on a tree branch

CelebA (Blonde) Women
1. woman with long hair
2. woman wearing red dress
3. a black jacket

MetaShift (Dog) Outdoor
1. dogs in motion
2. dogs on leashes
3. beach environments

MetaShift (Cat) Indoor
1. televisions
2. windows
3. beds

NIH (pneumothorax) Chest tube
1. the presence of chest tubes
2. loculated pneumothorax
3. size and extent of pneumothorax

RSNA-Mammo (cancer) Calcification
1. scattered calcifications
2. vascular calcifications
3. bilateral occurrences

Table 7: Token Usage and Cost for Each LLM. Each
row shows the breakdown for an LLM extracting hy-
potheses across all 6 datasets, using RN Sup IN1k (nat-
ural images / CXRs) and EN-B5 (mammograms).

Model Name Input Tokens Output Tokens Total Cost

GPT-4o 33,217 4,284 $2.51
Claude 3.5 Sonnet 34,888 4,473 $0.17
Gemini 1.5 Pro 33,872 4,378 $0.32
Llama 3.1 70B 32,688 4,176 $0.05

Total 134,665 17,311 $3.05

We evaluated the zero-shot classification perfor- 1730

mance of the model using both prompt types. The 1731

results are shown in Tab. 10. 1732

Results. The results demonstrate a significant 1733

improvement in zero-shot accuracy when using 1734

LADDER-extracted attributes as prompts. Across 1735

all datasets, the attribute-driven prompts outper- 1736

formed the baseline, indicating the effectiveness 1737

of using detailed, hypothesis-driven attributes to 1738

enhance zero-shot performance. In the Water- 1739

birds dataset, LADDER prompts improved accu- 1740

racy by +8.56%, rising from 50.40% with base- 1741

line prompts to 58.96% with LADDER attributes. 1742

The improvement was even more pronounced for 1743

the NIH dataset, with a +19.05% gain (49.17% 1744

to 68.22%). The RSNA dataset also saw a no- 1745

table improvement, with a +5.81% gain in accu- 1746

racy (60.17% to 65.98%). The improvements for 1747

CelebA (+0.32%) and VinDr (+1.41%) were more 1748

modest but still indicate that using LADDER’s 1749

attribute-based prompts provides consistent gains 1750

across various domains. These results highlight 1751

the ability of LADDER to extract meaningful at- 1752

tributes that guide the vision-language model to 1753
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Table 8: Benchmarking error mitigation methods over 3 seeds for CNN models (EN-B5 for mammograms and RN
Sup IN1k for the rest). For natural images (Waterbirds and CelebA), we report mean accuracy. For medical images
(NIH, RSNA and VinDr), we report mean AUROC. We bold-face and underline the best and second-best results,
respectively.

Method
Waterbirds CelebA NIH RSNA VinDr

Mean(%) WGA(%) Mean(%) WGA(%) Mean(%) WGA(%) Mean(%) WGA(%) Mean(%) WGA(%)

Vanilla (ERM) 88.2±0.7 69.1±1.2 94.1±0.2 62.2±1.5 87.4±0.0 60.3±0.0 86.5±0.0 69.8±0.0 86.9±0.0 45.6±0.0

Mixup 88.5±0.5 77.3±0.5 94.5±0.1 57.8±0.8 85.1±0.0 67.6±0.8 84.5±0.0 64.8±0.0 83.2±0.0 65.3±0.0

IRM 88.1±0.2 74.3±0.1 94.5±0.5 63.3±2.5 83.2±0.0 63.4±0.0 83.3±0.0 68.4±0.0 83.5±0.0 65.2±0.0

MMD 92.5±0.1 83.5±1.1 92.5±0.6 22.7±2.5 84.6±0.0 65.4±0.0 84.2±0.0 69.1±0.0 81.2±0.0 64.8±0.0

Focal 89.3±0.2 71.6±0.8 94.9±0.3 59.3±2.0 85.5±0.0 68.9±0.7 83.6±0.0 65.5±0.0 82.6±0.0 63.7±0.0

CBLoss 91.3±0.7 86.1±0.3 91.2±0.7 87.3±0.5 85.5±0.0 63.4±0.0 83.2±0.0 65.1±0.0 81.7±0.0 62.5±0.0

LDAM 91.3±0.7 86.1±0.3 94.5±0.2 58.3±2.5 84.3±0.0 69.4±0.2 81.6±0.0 63.5±0.0 81.2±0.0 62.2±0.0

CRT 90.5±0.0 79.7±0.3 92.5±0.1 87.3±0.3 82.7±0.0 68.5±0.0 82.7±0.0 68.8±0.0 82.9±0.0 63.3±0.0

ReWeightCRT 91.3±0.1 78.4±0.1 92.5±0.2 87.2±0.5 83.0±0.0 69.5±0.0 82.4±0.0 68.3±0.0 82.9±0.0 63.3±0.0

JTT 88.8±0.7 84.5±0.3 90.6±2.2 87.2±7.5 85.1±0.0 70.4±0.0 84.6±0.0 68.5±0.0 83.7±0.0 66.1±0.0

GroupDRO 88.8±1.7 87.1±1.3 91.4±0.6 88.1±0.7 85.2±0.0 71.1±0.0 85.1±0.0 72.3±0.0 82.7±0.0 67.1±0.0

CVaRDRO 89.8±0.4 85.4±2.3 94.5±0.1 83.1±1.5 85.7±0.1 71.3±0.0 85.4±0.0 71.7±0.0 82.7±0.0 67.1±0.0

LfF 87.0±0.3 75.2±0.7 81.1±5.6 63.0±4.4 75.9±0.0 61.6±0.0 79.8±0.0 66.4±0.0 82.4±0.0 64.5±0.0

LISA 92.8±0.3 88.7±0.6 92.6±0.1 86.2±1.1 85.2±0.0 66.6±0.0 85.1±0.0 64.4±0.0 82.8±0.0 63.1±0.0

DFR 92.3±0.2 88.2±0.3 89.3±0.2 87.1±1.1 86.1±0.0 70.5±0.0 85.1±0.0 71.2±0.0 83.8±0.0 68.1±0.0

LADDER (ours) 93.1±0.8 91.4±0.8 89.8±1.2 88.9±0.4 86.8±0.0 76.2±0.0 85.3±0.0 76.4±0.0 86.2±0.0 82.5±0.0

Table 9: Benchmarking error mitigation methods over
3 seeds for ViT models pretrained with IN1k using the
supervised method (RN Sup IN1k). We bold-face and
underline the best and second-best results, respectively.

Method
Waterbirds CelebA

Mean(%) WGA(%) Mean(%) WGA(%)

Vanilla (ERM) 82.7±1.4 51.2±1.3 95.2±0.4 46.8±1.1

Mixup 81.8±0.4 44.9±0.3 95.8±0.3 48.3±0.3

IRM 79.8±0.3 54.5±0.3 85.1±1.2 48.7±0.3

MMD 83.6±2.7 42.5±1.1 95.6±0.4 54.2±0.4

JTT 81.7±0.5 49.1±0.5 94.8±0.3 52.7±0.6

GroupDRO 82.2±0.8 53.1 ±1.2 93.5±0.1 80.1±0.4

CVaRDRO 83.5±0.3 46.6±2.8 95.6±0.1 55.1±1.8

LISA 83.7±0.1 48.8±0.1 95.6±0.2 60.2±0.1

DFR 85.0±0.3 76.2±0.3 91.3±1.1 81.1±0.5

LADDER (ours) 85.3±0.5 86.5±0.4 90.7±0.1 83.4±0.1

more accurate predictions, even in zero-shot set-1754

tings where explicit training on the target data is1755

absent. By leveraging these hypotheses, LADDER1756

enables more precise alignment between image1757

representations and class descriptions, significantly1758

enhancing zero-shot performance.1759

A.12.6 CLIP score comparison of various1760

attributes extracted by LADDER1761

Refer to Fig. 16 for the CLIP scores (discussed in1762

Appendix A.6) of various attributes extracted from1763

the hypotheses by LADDER. For e.g., the correctly1764

classified samples for the waterbird class in the1765

Waterbirds dataset have a bias on the water-related1766

backgrounds. As a result, the CLIP score of ocean,1767

Table 10: Application: Boost in Zero-shot accuracy
results using attributes from the hypotheses extracted
from RN Sup IN1k (Resnet 50 pretrained with ImageNet
1K and supervised learning) classifier

Dataset CLIP Prompts LADDER Hypotheses Gain

Waterbirds 50.40 58.96 +8.56 ↑
CelebA 86.69 87.01 +0.32 ↑
NIH 49.17 68.22 +19.05 ↑
RSNA 60.17 65.98 +5.81 ↑
VinDr 90.92 92.33 +1.41 ↑

boat, lake is high. We observe consistent results 1768

for other datasets as well. 1769

A.12.7 Improvement on different slices of 1770

UrbanCars benchmark 1771

Tab. 11 shows that LADDER achieves higher ac- 1772

curacy compared to the Whac-A-Mole method(Li 1773

et al., 2023b) across multiple shortcut benchmarks 1774

on the Urbancars dataset, without prior knowledge 1775

of the number or types of possible shortcuts. 1776

Table 11: LADDER achieves higher accuracy compared
to the Whac-A-Mole method (Li et al., 2023b) across
multiple shortcut benchmarks on the Urbancars dataset
without prior knowledge of the number or types of pos-
sible shortcuts.

Method Mean Acc BG gap CoObj Gap BG+CoObj Gap

ERM 96.4 -15.3 -11.2 -69.2
Whac-A-Mole 95.2 -2.4 -2.9 -5.8
LADDER 92.2 -1.1 -1.6 -3.8
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Figure 15: WGA across bias mitigation methods. LADDER consistently outperforms other bias mitigation baselines
(ERM, JTT, GroupDRO, and DFR) across different model architectures and pre-training strategies.

A.12.8 Extended results on discovered1777

hypothesis by LADDER for various1778

architectures and pre-training1779

methods1780

Fig. 17 illustrates additional results for the CelebA1781

and Metashift datasets, demonstrating that LAD-1782

DER accurately captures various sources of bias,1783

regardless of the underlying architectures or pre-1784

training methods.1785

A.12.9 Results on Imagenet1786

Tables 12, 13, 14 shows that LADDER identifies1787

unique biases for the Imagenet dataset for a stetho-1788

scope, ant, and horizontal bar, respectively.1789

A.12.10 Ablation 1: WGA of LADDER using1790

other captioning methods1791

Tab. 1 presents an ablation study evaluating the1792

effect of various captioning models on LADDER’s1793

performance in mitigating biases. The quality of1794

captions directly affects LADDER’s ability to ef-1795

fectively generate hypotheses, as these captions1796

are analyzed by LLMs to identify biased attributes1797

contributing to model errors. LADDER then pseudo-1798

labels these attributes to systematically mitigate the1799

identified biases. We consider different captioning1800

models, including BLIP (Li et al., 2022), BLIP2 (Li1801

et al., 2023a), ClipCap (Mokady et al., 2021), and1802

GPT-4o (Wu et al., 2024), with ResNet Sup IN1k1803

as the classifier.1804

The results indicate that the more advanced1805

captioning model, GPT-4o, significantly improves 1806

LADDER’s performance, achieving the highest 1807

Worst Group Accuracy (WGA) and mean accuracy 1808

across both datasets. Specifically, GPT-4o achieves 1809

a WGA of 94.5% on Waterbirds and 91.9% on 1810

CelebA, which is substantially better than the other 1811

models. BLIP and BLIP2 demonstrate comparable 1812

results, with BLIP slightly outperforming BLIP2 1813

in the Waterbirds dataset, while BLIP2 performs 1814

better on CelebA in WGA. In contrast, ClipCap 1815

consistently yields the lowest scores, implying that 1816

simpler captioning methods are less effective for en- 1817

hancing LADDER’s bias identification capabilities. 1818

Overall, the results underscore the importance of 1819

selecting a high-quality captioning model to maxi- 1820

mize LADDER’s effectiveness. While more sophis- 1821

ticated models like GPT-4o entail higher costs, their 1822

significant impact on bias mitigation performance, 1823

particularly on WGA, makes them an indispensable 1824

choice in scenarios where accuracy is critical. 1825

A.12.11 Ablation 2: Slice discovery by 1826

LADDER using different LLMs 1827

In this ablation study, we explore how different 1828

LLMs impact the effectiveness of LADDER in dis- 1829

covering data slices and generating hypotheses for 1830

bias identification. We aim to discover the biases 1831

from RN Sup IN1k classifier for natural images 1832

and CXRs, and EN-B5 classifier for mammograms. 1833

We utilize four LLMs: GPT-4o, Claude 3.5 Son- 1834

net, LLaMA 3.1 70B, and Gemini 1.5 Pro. Fig. 18 1835
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Figure 16: CLIP Score(Appendix A.6) for various attributes extracted from the hypotheses by LADDER. CLIP
scores of the attributes are high signifying that they induce biases on the correctly classified samples.

illustrates the different attributes these models high-1836

light across multiple datasets, including Waterbirds,1837

CelebA, NIH, RSNA, VinDr, and MetaShift. Each1838

LLM aims to extract a hypothesis related to an at-1839

tribute, signifying the classifier’s mistake. These at-1840

tributes potentially lead to systematic model biases.1841

As shown in Fig. 18, each LLM focuses on distinct1842

subsets of attributes, reflecting their unique inter-1843

pretation capabilities. Despite these differences,1844

there is significant overlap in the overall hypothe-1845

ses generated across the models, indicating consis-1846

tency in identifying the attributes contributing to1847

model errors.1848

For instance, in the Waterbirds dataset, all LLMs1849

frequently highlight attributes like ocean and boat1850

for the waterbird class and bamboo forest and1851

tree branch for the landbird class. These at-1852

tributes align closely with the ground truth bias in1853

this dataset, which relates to water and land back-1854

grounds being associated with the respective bird1855

classes. This suggests that LLMs effectively iden- 1856

tify these underlying environmental biases that lead 1857

to systematic errors. Similarly, in medical datasets, 1858

such as NIH-CXR for pneumothorax, all LLMs 1859

consistently highlight chest tube as a common 1860

attribute for misclassified samples. This reflects 1861

a true bias, as the presence of a chest tube often 1862

strongly correlates with pneumothorax cases. Iden- 1863

tifying this attribute helps understand the system- 1864

atic bias that models may develop when chest tubes 1865

are spuriously correlated in pneumothorax images. 1866

This consistency across various LLMs demon- 1867

strates the robustness of LADDER for systematic 1868

bias detection, irrespective of the underlying LLM 1869

used. The results highlight that LADDER is effec- 1870

tive at leveraging the strengths of different LLMs 1871

to produce meaningful insights into model behav- 1872

ior, regardless of which LLM is utilized. More- 1873

over, it emphasizes the versatility of using LLMs 1874

for extracting domain-specific attributes—whether 1875
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Figure 17: LADDER accurately captures various sources of bias, regardless of the underlying architectures or pre-
training methods for the CelebA and Metashift datasets. Bright colors indicate attributes in LADDER’s hypotheses,
while light colors indicate their absence.

the focus is on natural images, chest X-rays, or1876

mammography scans – while maintaining cost ef-1877

ficiency and avoiding manual annotation. Overall,1878

this ablation shows that the specific choice of LLM1879

slightly influences which attributes are emphasized,1880

but all models effectively support the generation of1881

comprehensive hypotheses that capture the biases1882

inherent in different datasets.1883

A.12.12 Ablation 3: WGA by LADDER using1884

the hypothesis by different LLMs1885

Fig. 10 illustrates the worst group accuracy (WGA)1886

achieved across multiple datasets when utilizing1887

LADDER to mitigate biases with different LLMs.1888

The LLMs compared in this study include Claude1889

3.5 Sonnet, LLaMA 3.1 70B, Gemini 1.5 Pro, and1890

GPT-4o. We consider the RN Sup IN1k classifier1891

for natural images and CXRs, as well as the EN-B51892

classifier for mammograms. The primary aim of1893

this ablation is to assess how well LADDER can1894

mitigate biases when generating hypotheses using1895

different LLMs. As shown in Fig. 10, the WGA1896

values remain consistently high across all LLMs,1897

indicating that LADDER is effective in mitigating1898

biases irrespective of the choice of LLM for hy-1899

pothesis generation. Specifically, all LLMs achieve1900

WGA scores of over 80% for most datasets, with1901

only slight variations between models. This con-1902

sistency demonstrates the robustness of LADDER1903

in leveraging different LLMs to address model bi-1904

ases effectively. For datasets like Waterbirds and 1905

CelebA, the performance across all LLMs is nearly 1906

identical, suggesting that the generated hypotheses 1907

successfully capture the underlying biases and lead 1908

to similar improvements in fairness. In medical 1909

datasets, such as NIH and RSNA, the trend is also 1910

maintained, with LLMs like GPT-4o and Gemini 1911

1.5 Pro achieving better results than other LLMs. 1912

These findings emphasize that the specific choice 1913

of LLM has only a minor impact on the overall 1914

ability of LADDER to mitigate bias. This makes 1915

LADDER a flexible and cost-effective solution, as it 1916

can work effectively with a range of LLMs, each 1917

with different computational costs and capabilities. 1918

Using different LLMs ensures flexibility based on 1919

resource availability while effectively identifying 1920

and mitigating dataset biases. 1921

A.12.13 Ablation 4: Overall cost and choice 1922

of LLMs 1923

Tab. 7 shows the cost of using various LLMs. Each 1924

row shows the total breakdown for an LLM extract- 1925

ing hypotheses across all 6 datasets, using RN Sup 1926

IN1k (natural images or CXRs) and EN-B5 (mam- 1927

mograms). LADDER invokes LLM once using sen- 1928

tences only (no images). The total cost incurred is 1929

∼$28 across all architectures and pretraining used 1930

in the experiments. Thus, LLMs are far more cost- 1931

effective than developing new tagging models for 1932

unexplored domains e.g., radiology, or manually 1933
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annotating shortcuts. Fig. 18 in Appendix A.12.111934

shows the attributes identified by each LLM while1935

generating hypotheses. Different LLMs capture1936

distinct sets of attributes, yet substantial overlap1937

exists, with many attributes consistently revealing1938

actual biases across models. Ablation studies in Ap-1939

pendix A.12.12 indicate that using different LLMs1940

to compute WGA shows that Gemini and GPT-4o1941

achieve higher WGA for medical images than the1942

others.1943

A.12.14 Ablation 5: Choice of VLR on1944

LADDER1945

Fig.14 demonstrates that LADDER consistently1946

detects well-known biases in CXRs, such as1947

chest tube, across various VLRs (CXR-CLIP1948

(SwinT), GLORIA (Huang et al., 2021), Med-1949

CLIP (SwinT) (Wang et al., 2022), and MedKLIP1950

(SwinT) (Wu et al., 2023)) on the NIH dataset. This1951

consistency suggests that the choice of VLR does1952

not significantly impact LADDER’s ability to iden-1953

tify biased attributes.1954

Table 12: LADDER identifies unique biases in Ima-
geNet for the “Stethoscope” class. The table shows
accuracy for subpopulations where the hypothesis failed
(Error Slice) and where it passed (Bias-Aligned).

Biases

Accuracy of the
subpopulation

where hypothesis
failed

(Error Slice)
(%)

Accuracy of the
subpopulation

where hypothesis
passed

(Bias-Aligned)
(%)

Littmann branding 51.3 95.2
Dual-head stethoscopes 53.7 95.2
Medical settings 51.3 93.3
Colors e.g., yellow or copper 55.6 87.8
Children interacting with
stethoscopes

58.2 93.6

Table 13: LADDER identifies unique biases in Ima-
geNet for the “Ant” class. The table shows accuracy for
subpopulations where the hypothesis failed (Error Slice)
and where it passed (Bias-Aligned).

Biases

Accuracy of the
subpopulation

where hypothesis
failed

(Error Slice)
(%)

Accuracy of the
subpopulation

where hypothesis
passed

(Bias-Aligned)
(%)

Close up settings 62.6 73.3
Textured surface 59.6 74.5
Green Leaves 67.5 76.5
Yellow flower 62.4 69.8
Black ant 63.8 73.1

Table 14: LADDER identifies unique biases in Ima-
geNet for the “Horizontal bar” class. The table shows
accuracy for subpopulations where the hypothesis failed
(Error Slice) and where it passed (Bias-Aligned).

Biases

Accuracy of the
subpopulation

where hypothesis
failed

(Error Slice)
(%)

Accuracy of the
subpopulation

where hypothesis
passed

(Bias-Aligned)
(%)

Child 66.4 82.4
Playground 61.4 82.7
Green Leaves 67.7 76.5
Yellow flower 62.5 69.8
Black ant 63.5 73.8
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Figure 18: Ablation 2: Attributes identified by different LLMs while generating hypotheses across datasets for bias
identification: RN Sup IN1k for natural images and CXRs, and EN-B5 for mammograms. Each LLM (GPT-4o,
Claude 3.5 Sonnet, LlaMA 3.1 70B, Gemini 1.5 Pro) focuses on distinct attributes, yet the overall hypotheses are
consistent across datasets, showing LADDER’s robust bias detection. Bright colors indicate attributes in LADDER’s
hypotheses, while light colors indicate their absence. Following MIMIC’s regulations, we use Gemini 1.5 Pro (via
Vertex AI on Google Cloud Platform), GPT-4o via Azure OpenAI service, and Llama 3.1 70B (running locally) for
NIH. Bright colors indicate attributes in LADDER’s hypotheses.
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Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: specific background elements like docks and boats 
H2: specific times of day like sunset 
H3: specific actions like flying or sitting 
H4: presence of water bodies like oceans and lakes 
H5: weather conditions like cloudy skies

Prompt to test each hypotheses:
1. H1_specific background elements like docks and boats: ['a 
seagul sitting on a dock with boats in the background', 'a bird 
sitting on the edge of a dock at night with boats nearby', 'a 
seagul flying over the water with a boat in the background', 'a 
bird perched on top of a boat in the ocean', 'a seagul on the 
beach with boats in the background’]
 
2. H2_specific times of day like sunset: 
['a seagull sitting on a rock in front of a lighthouse at 
sunset', 'a seagul flying over the ocean at sunset', 'a yellow 
flower floating in the ocean at sunset', 'a bird flying over the 
ocean with a sunset in the background', 'a bird perched on a rock 
in the ocean at sunset’] 

3. H3_specific actions like flying or sitting: ['a seagul 
catching a fish in the ocean while flying', 'a bird flying over 
the ocean', 'a seagul sitting on a rock in the ocean', 'a bird 
sitting on top of an iceberg', 'a seagul sitting on a wooden post 
in front of a body of water’]
 
4. H4_presence of water bodies like oceans and lakes: ['a duck 
swimming in the ocean', 'a seagul in the water with its wings 
spread out', 'a bird standing on the beach with the ocean in the 
background', 'a bird flying over the ocean with waves in the 
background', 'two seaguls sitting on rocks by the water in black 
and white’] 

5. H5_weather conditions like cloudy skies: ['a rock in the water 
with a cloudy sky in the background', 'a bird flying over the 
ocean on a cloudy day', 'a duck on the beach with a dark sky in 
the background', 'a bird flying over the water on a beach with 
cloudy skies', 'a bird sitting on the beach with cloudy skies in 
the background']

1. a seagul sitting on a dock with boats in the background
2. a duck swimming in the ocean with a blue sky and clouds in the background
3. a seagul sits on the water in front of a container ship at night
4. a seagul catching a fish in the ocean
5. a seagul sitting on a rock in the ocean
6. a seagul in the water with its wings spread out
7. a seagul sitting on a rock in front of a lighthouse at sunset
8. a seagul flying over the water with a fish in it's mouth
9. a seagul flying over the ocean at sunset
10. a seagul flying over the ocean with rocks and cliffs in the background
11. a seagul sitting on a rock in the middle of a lake
12. a seagul flying over the beach with a blue sky in the background   
                                                                        ….

H1: Specific background elements like docks and boats:

H2: Specific times of day like sunset:

H3: Specific actions like flying or sitting:

H4: Presence of water bodies like oceans and lakes:

H5: Weather conditions like cloudy skies:

Present: 97.0 %
Absent: 68.8 %

Present: 95.5 %
Absent: 70.1 %

Present: 97.3 %
Absent:  68.6 %

Present: 97.6 %
Absent: 68.2 %

Present: 95.3 %
Absent: 70.2 %

CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

ACL

Figure 19: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for waterbird classification
in Waterbirds dataset. This figure details the slice discovery process for biased attributes involving sentence analysis,
hypothesis generation by an LLM, and the model’s performance on slices where attributes are present or absent,
demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by LADDER that
corresponds to the ground truth biased attribute (e.g., water for landbirds) in yellow.
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Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: specific setting of a bamboo forest 
H2: presence of yellow color
H3: the bird perching on a tree branch
H4: the bird being in flight 
H5: the bird perching on top of a tree

Prompt to test each hypotheses:
1. H1_specific setting of a bamboo forest: ['A bird perched in a 
dense bamboo forest', 'A bird flying through a bamboo forest', 'A 
bird sitting on a bamboo tree in a lush green bamboo forest', 'A 
bird standing on the ground surrounded by bamboo stalks', 'A bird 
in the middle of a bamboo forest looking around']

 
2. H2_presence of yellow color: ['A yellow bird perched quietly 
on a branch', 'A bright yellow bird flying against a clear sky', 
'A small yellow bird sitting on a tree branch', 'A yellow bird 
standing on the ground among fallen leaves', 'A vivid yellow bird 
in the middle of a green forest']

3. H3_the bird perching on a tree branch: ['A bird perched on a 
thin tree branch', 'A bird resting on a branch of an oak tree', 
'A small bird holding onto a swaying branch', 'A bird perched on 
a leafless tree branch in winter', 'A bird sitting quietly on a 
branch in a serene forest’]

 
4. H4_the bird being in flight: ['A bird soaring high in the sky', 
'A bird in mid-flight over the treetops', 'A bird flying low over 
a river', 'A bird gliding in the air with wings spread wide', 'A 
bird in flight chasing after insects']

5. H5_the bird perching on top of a tree: ['A bird perched at the 
very top of a tall tree', 'A bird surveying its surroundings from 
the top of a tree', 'A bird on top of a pine tree singing', 'A 
bird at the highest branch of a tree looking down', 'A bird 
resting at the peak of a tree during sunset']

1. a yellow bird perched on a branch in a bamboo forest 
2. a bird perched on a tree branch in a bamboo forest 
3. a cardinal bird in a bamboo forest 
4. a bird perched on a tree in a bamboo forest 
5. a bird perched on a branch in a bamboo forest 
6. a bird perched on top of a tree in a bamboo forest 
7. a bird sitting on a branch in a bamboo forest 
8. a bird sitting on top of a tree in a bamboo forest 
9. a yellow bird perched on a tree branch in the woods 
10. a yellow bird in the bamboo forest 
11. a bird perched on a bamboo tree in a bamboo forest 
12. a yellow bird perched on a tree in the rainforest
                             ….
                                                                  

CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

H1: Specific setting of a bamboo forest:

H2: Presence of yellow color:

H3: The bird perching on a tree branch:

H4: The bird being in flight:

H5: The bird perching on top of a tree:

# Samples: 2359
Present: 98.0 %
Absent: 81.6 %

# Samples: 2160
Present: 97.0 %
Absent: 83.9 %

# Samples: 2395
Present: 98.2 %
Absent:  83.0 %

# Samples: 2142
Present: 90.7 %
Absent: 89.1 %

# Samples: 2258
Present: 96.6 %
Absent: 84.2 %

Figure 20: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for landbird classification
in Waterbirds dataset. This figure details the slice discovery process for biased attributes involving sentence
analysis, hypothesis generation by an LLM, and the model’s performance on slices where attributes are present or
absent, demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by LADDER that
corresponds to the ground truth biased attribute (e.g., land for landbirds) in yellow.

31



CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

1. a woman with long blonde hair smiling and wearing a black top
2. a woman with long blonde hair standing in front of a red carpet
3. a woman with long blonde hair standing on a red carpet
4. a girl with long blonde hair in a black frame on a white background
5. a woman with long blonde hair standing in front of a stone wall
6. a woman with long blonde hair is smiling and holding a pillow
7. a woman with long blonde hair posing in front of a christmas tree
8. a woman with long blonde hair standing in front of a christmas tree
9. a woman with blonde hair standing on a red carpet
10. a woman with long blonde hair and blue eyes smiles at the camera
11. a woman with long blonde hair and a black jacket smiles at the camera
12. a woman with long blonde hair in front of a white background 
                                                            ….

Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: black top 
H2: woman wearing a red dress
H3: a blue dress
H4: woman with long hair
H5: blue eyes

Prompt to test each hypotheses:
1. H1_black top: 
['A woman with blonde hair wearing a black top', 'Blonde woman in 
a black top', 'A blonde female wearing a black top smiling', 
'Portrait of a blonde woman wearing a black top', 'A young woman 
with blonde hair dressed in a black top']

2. H2_woman wearing a red dress: 
['A woman with blonde hair wearing a red dress', 'Blonde woman in 
a red dress', 'A blonde female wearing a red dress smiling', 
'Portrait of a blonde woman wearing a red dress', 'A young woman 
with blonde hair dressed in a red dress']

3. H3_blue dress: 
['A woman with blonde hair wearing a blue dress', 'Blonde woman 
in a blue dress', 'A blonde female wearing a blue dress smiling', 
'Portrait of a blonde woman wearing a blue dress', 'A young woman 
with blonde hair dressed in a blue dress']

4. H4_woman with long hair: 
['A woman with blonde long hair', 'Blonde woman with long flowing 
hair', 'A blonde female with long hair', 'Portrait of a blonde 
woman with long hair', 'A young woman with long blonde hair']

5. H5_blue eyes: 
['A woman with blonde hair and blue eyes', 'Blonde woman with 
blue eyes', 'A blonde female with blue eyes looking at the 
camera', 'Portrait of a blonde woman with blue eyes', 'A young 
woman with blonde hair and blue eyes']

H1: black top:

H2: Woman wearing a red dress:

H3: blue dress:

H4: Woman with long hair:

H5: blue eyes:

# Sample: 64
Present: 99.4 %
Absent: 59.5 %

# Sample: 55
Present: 98.0 %
Absent: 80.1 %

# Sample: 57
Present: 98.6 %
Absent:  80.4 %

# Sample: 62
Present: 97.8 %
Absent: 79.5 %

# Sample: 76
Present: 99.2 %
Absent: 78.7 %

Figure 21: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for blond classification
in CelebA dataset. This figure details the slice discovery process for biased attributes involving sentence analysis,
hypothesis generation by an LLM, and the model’s performance on slices where attributes are present or absent,
demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by LADDER that
corresponds to the ground truth biased attribute (e.g., woman for blond) in yellow.
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CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

1. a cat sleeping on top of a computer mouse
2. a cat sleeping on a desk in an office
3. a cat sleeping on top of a laptop computer
4. a cat laying on top of a computer keyboard
5. a cat laying on top of a computer on a desk
6. a cat laying on top of a laptop computer
7. a cat sleeping on top of a laptop
8. a cat laying in a bathroom sink
9. a cat laying on a laptop computer
10. a cat laying on top of a laptop on a bed
11. a cat sitting in a sink in a bathroom
12. a cat laying on a bed next to a book
                                      ….

H1: Laptops:

H2: Bathroom settings:

H3: Beds:

H4: Desks:

H5: Sinks:

# Samples: 176
Present: 99.4 %
Absent: 83.5 %

# Samples: 152
Present: 99.0 %
Absent: 83.1 %

# Samples: 148
Present: 98.3 %
Absent:  84.4 %

# Samples: 172
Present: 99.4 %
Absent: 82.5 %

# Samples: 133
Present: 99.0 %
Absent: 81.7 %

Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: laptops
H2: bathroom settings
H3: beds
H4: desks
H5: sinks
H6: sitting positions

Prompt to test each hypotheses:
1. H1_laptops: ['a cat sitting on a laptop in a bright room', 'a 
cat lying on a laptop on a desk', 'a cat sleeping next to a 
laptop on a couch', 'a cat playing with a laptop in a home 
setting', 'a cat watching the screen of a laptop']
 
2. H2_bathroom settings: ['a cat sitting on a bathroom counter', 
'a cat playing with a shower curtain', 'a cat sleeping on a 
bathroom rug', 'a cat exploring a bathroom shelf', 'a cat inside 
a bathtub']

3. H3_beds: ['a cat lying on a bed with pillows', 'a cat playing 
on a bed next to a window', 'a cat sleeping on a large bed in a 
bedroom', 'a cat sitting on a bed next to a book', 'a cat under 
the blanket on a bed'] 

4. H4_desks: ['a cat sitting on a wooden desk', 'a cat lying 
under a desk lamp', 'a cat playing with papers on a desk', 'a cat 
napping on a cluttered desk', 'a cat watching a mouse on a desk']

5. H5_sinks: ['a cat sitting in a bathroom sink', 'a cat drinking 
water from a kitchen sink', 'a cat playing in a sink with a 
dripping faucet', 'a cat lying in a sink in a tiled bathroom', 'a 
cat hiding in a sink’]

6. H6_sitting positions: ['a cat sitting upright on a couch', 'a 
cat sitting on a window sill', 'a cat sitting in a box', 'a cat 
sitting on a pillow', 'a cat sitting in a sunlit spot']

Figure 22: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for cat classification in
MetaShift dataset. This figure details the slice discovery process for biased attributes involving sentence analysis,
hypothesis generation by an LLM, and the model’s performance on slices where attributes are present or absent,
demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by LADDER that
corresponds to the ground truth biased attribute (e.g., indoor for cat) in yellow.
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CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

1. a man walking a group of dogs on a leash
2. a group of people walking on the beach with their dogs
3. a dog playing in the water at the beach
4. a black and white dog playing with a toy in the grass
5. a dog is walking on the beach near the water
6. a group of men standing around a dog on a leash
7. a person walking a dog on a leash
8. a group of dogs playing in the grass
9. a dog walking on the beach
10. a woman riding a surf board with a dog
11. a man walking down the street holding a dog
12. a woman walking a dog on a leash
                                    ….

Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: objects related to sports, H2: beach environments, 
H3: dogs in motion, 
H4: dogs with objects in their mouths, H5: 
dogs on leashes

Prompt to test each hypotheses:
1. H1_objects related to sports: ['A dog sitting next to a tennis 
racket on a tennis court.', 'A dog running with a baseball bat in 
its mouth on a field.', 'A dog standing next to a basketball on a 
court.', 'A dog lying next to a soccer ball on a grass field.', 
'A dog jumping to catch a frisbee in a park.’] 

2. H2_beach environments: ['A dog running on the beach near the 
ocean.', 'A dog playing in the sand at the beach.', 'A dog 
standing on a surfboard in the water.', 'A dog and a person 
walking along the shore of a beach.', 'A dog digging a hole in 
the sand at the beach.’] 

3. H3_dogs in motion: ['A dog running rapidly in a field chasing 
a ball.', 'A dog jumping over a hurdle in an agility course.', 'A 
dog chasing its tail in a park.', 'A dog sprinting along a street 
next to a moving car.', 'A dog leaping into a pond to fetch a 
stick.’] 

4. H4_dogs with objects in their mouths: ['A dog carrying a 
newspaper in its mouth coming towards the porch.', 'A dog holding 
a frisbee in its mouth ready to play.', 'A dog fetching a stick 
in its mouth from the water.', 'A dog with a slipper in its mouth 
greeting its owner.', 'A dog carrying a ball in its mouth during 
a walk in the park.’] 

5. H5_dogs on leashes: ['A person walking a dog on a leash down a 
busy street.', 'A dog on a leash sitting patiently at a bus 
stop.', 'A dog on a leash interacting with another dog in a 
park.', 'A dog on a leash being trained by its owner in obedience 
class.', 'A dog on a leash waiting outside a store while its 
owner shops.']

H1: Objects related to sports:

H2: Beach environments:

H3: Dogs in motion:

H4: Dogs with objects in their mouths:

H5: Dogs on leashes :

# Samples: 133
Present: 98.0 %
Absent: 84.9 %

# Samples: 128
Present: 99.4 %
Absent: 82.1 %

# Samples: 116
Present: 99.4 %
Absent:  82.4 %

# Samples: 109
Present: 99.2 %
Absent: 82.2 %

# Samples: 125
Present: 99.2 %
Absent: 81.7 %

Figure 23: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for dog classification in
MetaShift dataset. This figure details the slice discovery process for biased attributes involving sentence analysis,
hypothesis generation by an LLM, and the model’s performance on slices where attributes are present or absent,
demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by LADDER that
corresponds to the ground truth biased attribute (e.g., outdoor for cat) in yellow.

34



CNN
Sentences indicating the biased attributes

Performance of the model on slices where 
the biased attribute is present/absent

Hypotheses with biased attributes generated by LLM1 2

3

1. perhaps mild increase in hydropneumothorax but with chest tube 
remaining in place and no striking change 
2. in comparison with the study of ___ , there is little change in the 3 left chest 
tubes with area of hydro pneumothorax persisting in the lateral aspect of the 
upper left chest as well as probably the left lung base 
3. a moderate sized loculated hydropneumothorax shows  decrease in fluid 
component and increasing gas component , particularly in the right base 
4. small right pleural effusion has replaced the previous basal pneumothorax 
that developed with previous drainage of pleural effusion and placement of 2 
thoracostomy tubes 
5. 2 right indwelling pleural drains are unchanged in their respective 
positions , and there has probably been some decrease in the volume of the 
right posterior air and pleural collection in the rib right lower hemi thorax
                                                                        ….  

Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: loculated characteristics of pneumothorax 
H2: presence of chest tubes
H3: fluid levels in pneumothorax
H4: size and extent descriptions of pneumothorax
H5: side of the body affected by pneumothorax

Prompt to test each hypotheses:
1. H1_loculated characteristics of pneumothorax:
 ['Chest X-ray showing loculated pneumothorax with varying air and fluid levels', 
'Loculated air pockets in pneumothorax as seen in a chest radiograph', 'Pneumothorax 
with loculated air collections complicating the diagnosis', 'Loculated pneumothorax 
with complex air and fluid separation', 'Detailed view of loculated pneumothorax with 
chest tube intervention’] 

2. H2_presence of chest tubes: 
['Chest X-ray with visible chest tubes in place for pneumothorax treatment', 
'Pneumothorax management with chest tubes as seen in the radiograph', 'Chest 
radiograph depicting the placement of chest tubes in pneumothorax', 'Influence of 
chest tubes on the appearance of pneumothorax in X-ray images', 'Chest tubes in situ 
for a patient with pneumothorax on the radiograph’] 

3. H3_fluid levels in pneumothorax: 
['Chest X-ray showing pneumothorax with significant fluid levels', 'Pneumothorax with 
varying degrees of fluid accumulation in chest X-ray', 'Radiographic appearance of 
pneumothorax with fluid levels', 'Assessment of fluid levels in pneumothorax via 
chest radiography', 'Fluid levels indicating severity of pneumothorax in a chest X-
ray’] 

4. H4_size and extent descriptions of pneumothorax: 
['Chest X-ray showing a large pneumothorax covering extensive lung area', 'Moderate 
sized pneumothorax visible on the right side in chest X-ray', 'Small apical 
pneumothorax detected in a routine chest X-ray', 'Extent of pneumothorax as a 
critical factor in chest X-ray analysis', 'Evaluating the size and spread of 
pneumothorax in chest radiographs’] 

5. H5_side of the body affected by pneumothorax: 
['Right-sided pneumothorax as shown in chest X-ray imaging', 'Left basal pneumothorax 
detected in a diagnostic chest X-ray', 'Chest X-ray revealing pneumothorax on the 
left side of the chest', 'Comparison of right and left side pneumothorax in X-ray 
images', 'Implications of pneumothorax location on the left side in chest X-rays'] 

H1: loculated characteristics of pneumothorax:

H2: presence of chest tubes:

H3: Fluid levels in pneumothorax:

H4: size and extent descriptions of pneumothorax:

H5: side of the body affected by pneumothorax:

Present: 87.0 %
Absent: 28.3 %

Present: 97.7 %
Absent: 31.1 %

Present: 88.2 %
Absent:  48.3 %

Present: 86.4 %
Absent: 49.8 %

Present: 87.2 %
Absent: 48.7 %

MC

ACL

Figure 24: LADDER discovers slices for biased attributes in RN Sup IN1k-based classifier for pneumothorax
classification in NIH-CXR dataset. This figure details the slice discovery process for biased attributes involving
sentence analysis, hypothesis generation by an LLM, and the model’s performance on slices where attributes are
present or absent, demonstrating how biases affect classifier accuracy. We highlight the hypothesis generated by
LADDER that corresponds to the ground truth biased attribute (e.g., chest-tube for landbirds) in yellow.
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Performance of the model on slices where 

the biased attribute is present/absent
Hypotheses with biased attributes generated by LLM

Hypotheses:
The classifier is making mistake as it is biased toward: 
H1: scattered calcifications
H2: bilateral occurrences
H3: the presence of multiple densities
H4: the description of benign appearances
H5: the mention of vascular calcifications

Prompt to test each hypotheses:
1. H1_scattered calcifications:
 ['Images showing scattered calcifications indicate positive cancer cases.', 
'Scattered calcifications are a sign of breast cancer in mammograms.', 'Positive 
cancer cases often present scattered calcifications in imaging.', 'Scattered 
calcifications in a mammogram are typically associated with cancer.', 'Detecting 
scattered calcifications is crucial for diagnosing cancer in patients.’] 

2. H2_bilateral occurrences: 
['Bilateral occurrences in mammogram images indicate a positive cancer 
diagnosis.', 'Cancer cases often show bilateral changes in breast tissue.', 
'Bilateral symptoms in mammograms are significant for identifying cancer.', 'The 
presence of bilateral abnormalities suggests cancer in mammogram analysis.', 
'Images with bilateral occurrences are frequently linked to positive cancer 
findings.’] 

3. H3_multiple densities:
 ['Multiple densities in mammograms are indicative of positive cancer cases.', 
'The presence of multiple densities in breast imaging suggests cancer.', 'Cancer 
in mammograms is often associated with multiple densities.', 'Identifying multiple 
densities in mammograms is key to cancer detection.', 'Multiple densities in 
imaging are a critical marker of breast cancer.’] 

4. H4_benign appearances: 
['Descriptions of benign appearances in mammograms can mislead cancer detection.', 
'Benign-looking features in mammograms may still represent cancer cases.', 'Cancer 
detection is challenged by benign appearances in imaging.', 'Mammograms with 
benign appearances might still be positive for cancer.', 'Identifying cancer in 
the presence of benign appearances in mammograms is crucial.’] 

5. H5_vascular calcifications: 
['Vascular calcifications in mammograms are often overlooked in cancer 
diagnosis.', 'The presence of vascular calcifications can indicate underlying 
cancer.', 'Cancer cases may present with vascular calcifications in mammograms.', 
'Detecting cancer in the presence of vascular calcifications is essential.', 
'Vascular calcifications in mammograms should be carefully evaluated for cancer.']

H1: Scattered calcifications:

H2: Bilateral occurrences:

H3: Multiple densities:

H4: Benign appearances:

H5: Vascular calcifications:

#Sample: 122
Present: 83.5 %
Absent: 56.8 %

#Sample: 154
Present: 89.1 %
Absent: 45.9 %

#Sample: 88
Present: 83.2 %
Absent:  40.5 %

#Sample: 105
Present: 80.4 %
Absent: 57.3 %

#Sample: 126
Present: 88.6%
Absent: 65.2 %

Figure 25: LADDER discovers slices for biased attributes for cancer classification in RSNA-Mammo dataset. This
figure details the slice discovery process for biased attributes involving sentence analysis, hypothesis generation by
an LLM, and the model’s performance on slices where attributes are present or absent, demonstrating how biases
affect classifier accuracy. We highlight the hypothesis generated by LADDER that corresponds to the ground truth
biased attribute (e.g., calcification for cancer) in yellow.
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