Model Diagnosis and Correction via Linguistic and Implicit Attribute Editing
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Correction Round Number

Figure 1. Left part. Causal Relationship Verification through
classifier logits changes after editing with “overall orange color’
attribute. From the figure, we can observe that after only editing
the “overall orange color” attribute for the input images without
changing others, the majority of output, i.e. the classifier logits,
changes. This verifies there exists a causal relationship between this
attribute and the performance of classifier. Right part. Correction
rounds vs Performance relationship through analyzing the model
from last round and select Top-1 attribute for correction for each
round. As round number increases, performance firstly improves
and then becomes saturated.

s

1. Causal Relationship

In the main text, we leverage experimental analysis to dis-
close the “causal” relationship between the editing visual
attributes and model performance, measuring solely on a
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HTER()/AUC (1) / TPR@QFPR=1% (1)

CLIP ViT-B/16 [18]

DINOV2-B/14 [13]

Train (O and C)

6.19% 197.71% / 50.48%

8.71% 196.92% / 44.54%

Train + Validation (I) 3.96% / 98.98% / 80.95%
Train + Top 1 Edited Copy 2.41%199.33% / 78.56%
Train + Top 2 Edited Copies  2.21%/99.48% /94.01%  2.72% /99.18% / 89.59%
Train + Top 3 Edited Copies ~ 2.17% / 99.46% / 94.78% 2.44% /99.30% / 91.11%
Train + Top 4 Edited Copies  2.11% /99.52% /95.32% 2.40% / 99.44% / 92.02%

3.73% 1 99.15% / 78.09%

MSU- 3.02% / 98.89% / 75.62%

MFESD

Table 1. Model Correction Performance Comparisons between
adding MDC edited counterfactual training sets vs. adding real
validation set when testing on MSU dataset in face anti-spoofing
domain. We select attributes from Figure 4 of the Main Text and
then generate counterfactual training copies of OULU and CASIA
datasets with the pattern of selected attributes. Finally, we add them
to OULU and CASIA. “Top K Edited Copies” means we select
K attributes and generate K edited training set copies. In terms
of adding real validation set, we directly add Idiap to OULU and
CASIA. Here, it shows leveraging the distilled causal information
from validation set and further generating more training images is
superior than using the data solely from the validation set.

decline in the visual model’s recognition accuracy, which is
accurate but not adequate. Actually, to reveal such relation-
ship, we strictly follow the definition in [14], i.e. an output
event F happens after many input events occur. Formally,
the causal relationship is defined as “to determine whether
one input event e; is the cause for E/, we generate counter-
factual, which only change one event e; from occurring to
non-occurring, and observe whether the probability of
happens changes” [9]. Strictly applying this to our task, the
attributes of images in validation set are considered input
events, while the distribution of the classifier predicted logits
is considered the output event (in Section 1 of main text).
In left part of Figure 1, the values for majority Bona fide
logits decrease after editing, verifying the causal relationship
between added attribute and classifier output. This aligns
with results in main paper (relying on accuracy decline, i.e. a
consistent reflection for distribution changes of logits value).
Such cross-validaitons by strictly following the definition of
“causality” verify the attributes MDC found indeed own the
causal effects to the model performance.

2. Correction rounds vs Performance

In the main text, we only correct model once with multi-
ple attributes at the same time. Here, we run experiments
over multiple runs to bring additional insights and show the
visualization in right part of Figure |. For each round, we
analyze the model from last round and select Top-1 attribute
for correction. As round number increases, performance
firstly improves and then becomes saturated. This verifies
that conducting one round correction is the best choice in
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VIT-L/14 CLIP ViT-B/16 [18] DINOV2-B/14 [13] | VIT-L/14 CLIP ViT-B/16 [18] DINOv2-B/14 [13]
Original Training Set  90.54% / 97.40%  82.90%/90.52%  83.81%/91.64% Original Training Set ~ 88.20%/94.98%  82.17%/90.95%  84.41%/91.76%
LANCE[16]-Top1 90.87%/97.62%  83.38%/90.87%  84.77%/92.03% LANCE[16]-Top1l 89.53%/95.77%  82.64%/90.95%  84.42%/92.01%
LANCE [16]-Top2 90.98%/97.70%  83.69%/91.27%  84.69%/92.16% LANCE[16]-Top2 89.60%/96.01%  83.43%/91.17%  84.10%/91.87%
Stanford WANCE[16]-Top3  91.03%/97.78%  84.11%/9157%  84.60%/92.39%. . . - LANCE[16]-Top3 89.729/96.14%  8338%/9124%  84.33%/92.00%
Dogs  WANCE[I6]-Top4 91.00%/98.05%  84.02%/91.88%  84.77%192.110p, ' ] LANCE[16]-Top4 89.99%/96.32%  83.56%/91.28%  84.31% /92.05%
MDC- Top 1 91.13%/98.10% 84.58%/91.75%  85.07%/92.79% MDC- Top 1 90.03%/96.35% 83.77%/92.04%  85.98% /92.65%
MDC- Top 2 91.56%/98.37% 84.56%/92.33%  86.02% / 93.26% MDC- Top 2 90.78%/96.99% 84.52%/92.70%  86.50% /93.21%
MDC- Top 3 91.66%/98.41%  84.66% /92.43%  86.72%/ 93.28% MDC- Top 3 90.90%/97.04% 84.60%/92.75%  86.61%/ 93.40%
MDC- Top 4 91.68%/98.40%  84.69%/92.40%  86.66% /93.31% MDC- Top 4 90.91%/97.09% 84.72%/92.79%  86.58% /93.49%
Original Training Set  90.80% / 96.67%  76.79%/88.07%  82.19%/90.25% Original Training Set  91.99%/97.03%  85.77%/92.18%  84.38%/91.86%
LANCE[16]-Top1 91.43%/97.00%  78.81%/90.01%  83.20% /90.8§% LANCE[16]-Top1l 91.77%/96.67%  86.07%/92.25%  84.22%/91.76%
LANCE [16]-Top2 91.67%/97.05%  78.51%/90.10%  83.98%/91.07% LANCE [16]-Top2 91.89%/97.01%  86.48%/92.73%  84.67%/92.12%
LANCE[16]-Top3 91.63%/97.08%  78.53%/90.06%  84.00% /91.43% LANCE[16]-Top3 91.78%/97.05%  86.50%/92.41%  84.70%/92.33%
cuB LANCE [16]-Top4 91.60%/97.14%  78.56%/90.15%  84.21%/91.279ABirds LANCE [16]-Top4 91.68%/97.08%  86.55%/92.60%  84.74%/92.36%
MDC- Top 1 91.58%/97.27% 79.63%/90.25%  84.44% / 91.56% MDC- Top 1 92.44%/97.51% 86.63%/92.89%  85.05% /92.07%
MDC- Top 2 91.88%/97.45%  81.62%/91.22%  85.98% / 92.42% MDC- Top 2 92.98%/97.87%  86.31%/93.11%  85.64%/ 92.45%
MDC- Top 3 91.83%/97.48%  81.66%/91.25%  86.10% / 92.56% MDC- Top 3 93.04%/97.61%  86.35%/93.18%  85.56% /92.67%
MDC- Top 4 91.80%/97.43% 81.57%/91.11% 86.30%/92.77% MDC- Top 4 93.00%/97.65% 86.41% /93.21%  85.49%/92.61%

Table 2.Model Correction Complete Resultsin dog and bird species domains. We select Top K attributes from Figure 3 of the Main Text
based on the results of diagnosis only using ViT-L/14 classi ersaidation setsi.e. test parts of Stanford Dogs and CUB. For classi er
retraining and correction, we augment the training part of each dataset and test on corresponding test part. Here, it shows that MDC is
superior than LANCE in leveraging causal attributes to boost the performance of the model. This Table is a complete version for Table 1 of

the Main Text.

HTER(#) / AUC(") / TPR@FPR=1%(") | pataset Method HTER(#) / AUC (") / TPR@FPR=1%(")

Dataset Method

CLIP ViT-B/16 [18]

DINOV2-B/14[13] |

CLIP ViT-B/16 [18]

DINOV2-B/14 [13]

4.14% / 98.63% / 94.10%
3.89% / 98.88% / 95.30%
3.43%/99.03% / 96.02%

Original Training Set
LANCE [16] - Top 1
LANCE [16] - Top 2

Idiap LANCE [16]-Top3  3.38%/99.01% / 96.10%

Replay LANCE[16]-Top4 3.44%/99.04% /96.14%

Attack  MDC- Top 1 1.66% / 99.60% / 98.64%
MDC- Top 2 1.23% / 99.66%/ 99.09%
MDC- Top 3 1.37% / 99.63% 99.15%
MDC- Top 4 1.40% / 99.60% / 99.13%

6.06% / 98.18% / 80.13%
5.87% | 98.44% | 82.08%
5.37%/ 98.73% / 85.59%
5.38% 98.77% / 85.81% .
5.29% / 98.67% / 85.7) %FSD
2.78% | 99.03% / 90.77%
1.99% /99.12% 96.34%
1.78% / 99.10% / 96.58%
1.719%/ 99.01% /96.62%

Original Training Set
LANCE [16] - Top 1
LANCE [16] - Top 2
LANCE [16] - Top 3
LANCE [16] - Top 4
MDC- Top 1

MDC- Top 2

MDC- Top 3

MDC- Top 4

6.19%/97.71% / 50.48%
5.87%/98.02% / 52.77%
5.74% 1 98.31% / 55.49%
5.88%/98.10% / 57.14%
5.67% / 98.66% / 59.04%
2.62% /99.24% | 75.24%
2.46% /99.44%/ 93.33%
2.43%/99.40% / 94.01%
2.49% [ 99.36% B4.71%

8.71% / 96.92% / 44.54%
8.77% / 96.79% / 48.55%
7.99% /97.02% / 53.14%
8.05% / 97.30% / 56.41%
8.00% / 97.11% / 58.50%
3.10% / 98.59% / 70.11%
2.88% /99.03%/ 88.20%
2.66% / 99.00% / 89.03%
2.63%/98.99% /89.28%

Table 3.Model Correction Complete Resultsin face anti-spoo ng domain. We select attributes from Figure 4 of the Main Text based on
the results of diagnosis on Idiap and with CLIP ViT-B/16 classi er. For classi er retraining and correction, we augment the generated data to
training setsi.e. OULU and CASIA. This Table is a complete version for Table 3 of the Main Text.

the training set and boost the model, how is it compared with
simply adding the real validation set, which is leveraged
for discovering causal attributes, to the original training
set? To answer this question, we keep the strategy of se-
We p_rovide more results for m_odel c_orrection. In Section 3_.1, lecting causal attributes unchanged but modify our model
we aim to verify that that adding edited counterfactual train- ~qrrection strategy. Instead of replacing part of the original
ing data with the pattern of causal attributes is superior thantraining set with counterfactual samples, we directly edit the
simply adding the real validation set, which is leveraged \yhole training set to contain the causal pattern of selected
for discovering causal attributes, to the training set. In Sec-attrihutes, and then directly add this counterfactual training
tion 3.2, we present the results via selecting more attributesCopy to original training data. Speci cally, if we select Top
(Top 3 and 4) under the same model correction strategy with attributes, the nal training data volume is 3 times larger
main text. compared with the original training data volume. For com-
3.1. Add Edited Training Setvs. Real Validation Set ~ Parison. we directly combine titeaining setandvalidation
setfor training and leveragest sefor evaluation as another
In the main text, we claim one bene t of MDC is that “once baseline.
causality is con rmed, we can generate unlimited training
samples depicting the identi ed error pattern, which can be  We conduct this experiment on face anti-spoo ng domain
further used for model correction without requiring addi- since the training (OULU and CASIA), validation (ldiap),
tional data sourcing, saving time and cost while improving and test (MSU) sets have the same classes. We select at-
accuracy, robustness.” This raises a straight forward questributes from Figure 4 of the Main Text. From Table 1, we
tion: Now that we can generate more or even unlimited coun-can observe that leveraging the distilled causal information
terfactual training samples with causal patterns to augment from validation set and further generating more training im-

balancing the resource costs and performance gains.

3. Additional Model Correction Results



Figure 2.Comparison of Implicit Attribute Editing of ours against more baselines using language-guided editing. Like what we did in
Section 4.3 of the Main Text, we rstly generate a long description of the image group using a MLLM and then use the generated description

to serve as the guidance for the language-guided editing baselines. Here, it shows that ours is better at capturing the patterns resembled in
the group of images representing implicit attributes. This Figure is a complete version for Figure 6 of the Main Text.

Stanford Dogs | CUB200 | Idiap Replay Attack
Method CLIP,, FID# Unchangeq | CLIP, FID# Unchangeq | CLIP, FID# Unchangedq
Score Ratio Score Ratio Score Ratio
Original Validation Set 16.66 97.23 100% 21.83 68.07 100% 18.41 77.05 100%
Edited Validation Set - Pix2Pix [3] 20.03 9257 85.74% 22.87 64.04 82.31% 20.11 81.34 84.66%
Edited Validation Set - LEDITS [20] 18.62 100.56 79.45%| 21.99 77.21 73.09% 18.87 87.04 73.40%
Edited Validation Set - Cycle [24] 18.77 95.66 87.46%| 22.05 66.04 85.98% 1955 78.15 87.36%
Edited Validation Set - FreePrompt [10]  19.74 97.90 83.66% 22.51 67.90 83.88% 20.08 76.00 81.39%
Edited Validation Set - SmartEdit [6] 18.23 93.99 85.81%| 20.03 71.48 84.17% 18.99 72.72 84.27%
Edited Validation Set - CDS [12] 19.02 87.01 85.04%| 21.06 64.82 82.05% 19.64 71.46 86.72%
Edited Validation Set - Hive [27] 19.92 95.03 84.44%| 20.39 67.00 80.74% 20.11 69.71 82.12%
Edited Validation Set - MDC 19.94 78.24 88.16% 23.58 55.13 85.75% 20.37 40.81 90.12%

Table 4.Comparisons of Editing Capability with Quantitative Evaluation between MDC and language-guided editing baselines. Like

what we did in Section 4.3 of the Main Text, we compute the CLIP Score between each linguistic attribute's description and every image
of corresponding edited validation set (or original validation set). We compute the FID Score between the edited sets (or original set)
and corresponding classi ed group of validation error images containing the implicit patterns to measure the distribution distance, which
represents the editing capability for implicit attributes. For unchanged ratio, we compute the ratio of CLIP prediction, between every image
in original and edited validation sets, for appearance-related attributes in Table 7 to 9, keeping unchanged during editing. Here, it shows
MDC is superior in implicit attribute editing, competitive in linguistic attribute editing and keeping unrelated attributes unchanged. This
Table is a complete version for Table 3 of the Main Text.

ages show superior performance than using the data solelgometimes the performance even regressgsadding Top

from the validation set. We can even nd that the HTER 4 attributes (91.80%) getting worse performance than only

performance of MDC surpasses the “Train + Validation” adding top 2 attributes (91.88%) for ViT-L/14 classi er on

baseline by absolute 1.55% and 0.71% on CLIP ViT-B/16 CUB200 dataset for MDC. This is possibly because as the

and DINOv2-B/14 architectures respectively even with only number of selected attributes increases, the intensity of their

one attribute is selected. causality decreases and making the augmented training set
lack of adequate causal information of error patterns.

3.2. Augment with More (Top 3, 4) Attributes

To further evaluate the effectiveness of our discovered causaft- Additional Editing Capability Evaluation
attributes, we select more attributes (Top 3 and Top 4) from
Figure 3 and 4 of the Main Text to conduct targeted edit-
ing for model correction. The model correction strategies Like what we did in Section 4.3 of the Main Text, we com-
are kept the same as main text (replacing part of the trainpare with more language-guided editing baselines from both
ing data). From Table 2 and 3, we can observe MDC still qualitative perspective in Figure 2 and quantitative perspec-
achieves consistent better results than both the “Originaltive in Table 4. Our method is more effective in simulating
Training Set” and LANCE baselines. However, the rate of implicit attributes, while achieving competitive performance
increase by adding third and fourth attributes drops signif-with the baselines in linguistic attribute editing and keeping
icantly compared with adding the rst two attributes, and unrelated attributes unchanged.

4.1. Additional Comparisons with More Baselines
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