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1 Calculation of Model Calibration Metrics

The two model calibration metrics, namely ECE and Brier Score, are detailed as follows:

• In line with prior research [12, 37, 26], we employ the ECE indicator to measure the
discrepancy between a model’s confidence and its actual accuracy. Specifically, model
predictions are grouped according to confidence levels, and we compute the accuracy
acc(bi) and the average confidence conf(bi) within each bin bi. The ECE is then calculated
as ECE =

∑
i
|bi|
M |acc(bi)−conf(bi)|, where M denotes the number of model generations.

A lower ECE signifies better calibration, indicating a closer alignment between the model’s
confidence and its actual accuracy.

• The Brier Score [3] is a metric commonly used to evaluate tasks that require assigning
probabilities to a set of mutually exclusive discrete outcomes or classes, which can be
either binary or categorical. Following [26], we compute the Brier Score as the mean
squared difference between the model confidence py and the binary correctness I(y) of
its predictions Brier = 1

M

∑
y[py − I(y)]2. This metric offers a direct assessment of the

quality of model calibration.

2 Prompt Formulation and Design

This section presents representative examples of prompts employed during the data collection process.
Specifically, the prompts utilized for generating counterfactual samples in NLU and NLG tasks
are illustrated in Figs. 1 and 2, respectively. For NLG tasks, a negation-based strategy is adopted
to generate counterfactual samples in a straightforward and interpretable manner, wherein explicit
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Task Definition: Revise a given sentence with minimal changes to alter its sentiment polarity.

Instruction: This process consists of two steps. The first step is to identify the words in the given 

sentence that have the highest potential to change the  sentiment polarity after substitution, known as the 

causal words. The second step is to select appropriate replacement words for the causal words that will 

change the sentiment polarity  of the sentence to the desired sentiment polarity. Make sure the given 

sentence and the revised sentence have opposite sentiment polarities and talk about the same topic. Only 

output the revised sentence.

You are a highly skilled paraphrasing agent with an exceptional ability to rephrase sentences while 

preserving their original meaning and context. Your task is to take the given sentence and transform it 

into a new version that is both coherent and contextually accurate. Feel free to enhance the sentence 

with relevant details or insights that align with the original intent, showcasing your ability to enrich the 

content subtly. Only output the new sentence.

Task Definition: Revise the given question by adding a negation at a specific point in the sentence while 

preserving the focus word or concept, and generate a reasonable and correct answer, ensuring that the 

revised question and the original question are based on exactly the same specific knowledge.

Instruction:

1. Identify the specific knowledge being questioned.

2. Generate a revised question that:

   - It is based on exactly the same specific knowledge as the original question (e.g., the same event, 

person, entity, or fact).

   - Introduces a reversal or negation by adding a negation at a specific point in the sentence (e.g., 'did' to 

'did not') or replacing a word with its antonym or opposite concept (e.g., 'won' to 'lost') to inquire about 

an opposite or contrary aspect of the knowledge point.

   - Leads to a distinctly different answer compared to the original.

   - It is grammatically valid and factually meaningful.

3. Create a corresponding answer that:

   - Matches the original answer's format type exactly (e.g., a year, a person's name, a percentage, etc.).

   - It is factually correct and distinct from the original answer.

Figure 1: Prompt utilized for generating counterfactual instances in NLU tasks, exemplified by the
SST-2 dataset.

Task Definition: Revise a given sentence with minimal changes to alter its sentiment polarity.

Instruction: This process consists of two steps. The first step is to identify the words in the given 

sentence that have the highest potential to change the  sentiment polarity after substitution, known as the 

causal words. The second step is to select appropriate replacement words for the causal words that will 

change  the sentiment polarity  of the sentence to the desired sentiment polarity. Make sure the given 

sentence and the revised sentence have opposite sentiment polarities and talk about the same topic. Only 

output the revised sentence.

You are a highly skilled paraphrasing agent with an exceptional ability to rephrase sentences while 

preserving their original meaning and context. Your task is to take the given sentence and transform it 

into a new version that is both coherent and contextually accurate. Feel free to enhance the sentence 

with relevant details or insights that align with the original intent, showcasing your ability to enrich the 

content subtly. Only output the new sentence.

Task Definition: Revise the given question by adding a negation at a specific point in the sentence while 

preserving the focus word or concept, and generate a reasonable and correct answer, ensuring that the 

revised question and the original question are based on exactly the same specific knowledge.

Instruction:

1. Identify the specific knowledge being questioned.

2. Generate a revised question that:

   - Is based on exactly the same specific knowledge as the original question (e.g., the same event, 

person, entity, or fact).

   - Introduces a reversal or negation by adding a negation at a specific point in the sentence (e.g., 'did' to 

'did not') or replacing a word with its antonym or opposite concept (e.g., 'won' to 'lost') to inquire about 

an opposite or contrary aspect of the knowledge point.

   - Leads to a distinctly different answer compared to the original.

   - Is grammatically valid and factually meaningful.

3. Create a corresponding answer that:

   - Matches the original answer's format type exactly (e.g., a year, a person's name, a percentage, etc.).

   - Is factually correct and distinct from the original answer.

Figure 2: Prompt utilized for generating counterfactual instances in NLG tasks.

negation is introduced into the original question. For instance, given the original query "Who was
the first scientist to produce electromagnetic waves in a laboratory?", a corresponding counterfactual
variant would be "Who was not the first scientist to produce electromagnetic waves in a laboratory?".
In such cases, any scientist other than the ground-truth answer provided in the original instance may
be considered a plausible response.

Moreover, the prompt employed for generating paraphrased samples in both NLU and NLG tasks is
illustrated in Fig. 3. The prompts utilized to evaluate the counterfactual and paraphrased samples are
presented in Figs. 4 and 5, respectively. With changes in the dataset, the aforementioned prompts
may undergo some adjustments according to their unique characteristics. For instance, in the case of
the CoLA dataset, it is reasonable for augmented samples to exhibit grammatical errors when the
target label is "unacceptable." Furthermore, several demonstrations will be incorporated following
the given prompt to more effectively guide the output generation of LLMs.
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Task Definition: Revise a given sentence with minimal changes to alter its label.

Instruction: This process consists of two steps. The first step is to identify the words in the given 

sentence that have the highest potential to change the label after substitution, known as the causal 

words. The second step is to select appropriate replacement words for the causal words that will change 

the label of the sentence to the desired label. Make sure the given sentence and the revised sentence 

have opposite labels and talk about the same topic. Only output the revised sentence.

You are a highly skilled paraphrasing agent with an exceptional ability to rephrase sentences while 

preserving their original meaning and context. Your task is to take the given sentence and transform it 

into a new version that is both coherent and contextually accurate. Feel free to enhance the sentence 

with relevant details or insights that align with the original intent, showcasing your ability to enrich the 

content subtly. Only output the new sentence.

Task Definition: Revise the given question by adding a negation at a specific point in the sentence while 

preserving the focus word or concept, and generate a reasonable and correct answer, ensuring that the 

revised question and the original question are based on exactly the same specific knowledge.

Instruction:

1. Identify the specific knowledge being questioned.

2. Generate a revised question that:

   - It is based on exactly the same specific knowledge as the original question (e.g., the same event, 

person, entity, or fact).

   - Introduces a reversal or negation by adding a negation at a specific point in the sentence (e.g., 'did' to 

'did not') or replacing a word with its antonym or opposite concept (e.g., 'won' to 'lost') to inquire about 

an opposite or contrary aspect of the knowledge point.

   - Produces an orthogonal answer space (i.e., the revised question leads to a distinctly different but 

related answer).

   - It is grammatically valid and factually meaningful.

3. Create a corresponding answer that:

   - Matches the original answer's format type exactly (e.g., a year, a person's name, a percentage, etc.).

   - It is factually correct and distinct from the original answer.

Figure 3: Prompt utilized for generating paraphrase instances in both NLU and NLG tasks.

System: You are an unbiased and professional assistant for evaluating the quality of counterfactual samples.

User: Please evaluate the following counterfactual samples based on the original sample and provide a score

between 1 and 10, with 10 being the highest score.

The criteria for evaluation are as follows:

1. **Answer Alteration**: For a counterfactual sample, the answer must be different from the original sample's 

answer.

2. **Answer Correctness**: The answer of the counterfactual sample should be correct given the input.

3. **Thematic Consistency**: The counterfactual sample should discuss a theme or topic that is the same as the

original sample.

4. **Clarity of Expression**: The counterfactual sample should be clear and logically coherent in its expression.

5. **Safety and Privacy**: The counterfactual sample should not include any content that may be deemed 

unsafe or pose a privacy risk.

Score guidance:

- **10**: The counterfactual sample meets all criteria perfectly: the answer is changed and correct, the theme is 

consistent, the expression is clear, and there are no safety or privacy issues.

- **5**: The counterfactual sample meets some criteria but has moderate issues.

- **0**: The counterfactual sample fails to meet any criteria, especially if the answer is not changed and is not 

correct, the theme is not consistent, the expression is unclear, and there are significant safety or privacy issues.

Please provide your score first, followed by a brief explanation of your reasons. Be concise and specific.

Please answer in the following format:

Score: “Your rating score for the counterfactual sample.”

Explanation: “Your explanation for your rating.”

System: You are an unbiased and professional assistant for evaluating the quality of paraphrase samples.

User: Please evaluate the following paraphrase samples based on the original sample and provide a score 

between 1 and 10, with 10 being the highest score.

The criteria for evaluation are as follows:

1. **Answer Correctness**: The answer of the paraphrased sample should be correct given the input.

2. **Thematic Consistency**: The paraphrase sample should discuss a theme or topic that is the same as the 

original sample.

3. **Clarity of Expression**: The paraphrase sample should be clear and logically coherent in its expression.

4. **Safety and Privacy**: The paraphrase sample should not include any content that may be deemed unsafe or 

pose a privacy risk.

Score guidance:

- **10**: The paraphrase sample meets all criteria perfectly: the answer is correct,  the theme is consistent, the 

expression is clear, and there are no safety or privacy issues.

- **5**: The paraphrase sample meets some criteria but has moderate issues.

- **0**: The paraphrase sample fails to meet any criteria, especially if the answer is not correct,  the theme is 

not consistent, the expression is unclear, and there are significant safety or privacy issues.

Please provide your score first, followed by a brief explanation of your reasons. Be concise and specific.

Please answer in the following format: 

Score: “Your rating score for the paraphrase sample.”

Explanation: “Your explanation for your rating.”

Figure 4: Prompt utilized for evaluating the generated counterfactual samples.

3 Additional Details on Debiasing Experiments

3.1 More Details about Experimental Settings

Consistent with previous studies, we utilize manually curated lists of stereotype and attribute words to
analyze biases in LLMs. Specifically, we employ the gender attribute and target word lists proposed
in [19], which are widely used in debiasing research [13, 24]. Additionally, we incorporate the race
attribute words and other attribute words provided in [28].

The metrics for measuring debiasing ability we consider include SEAT [29] and CrowS-Pair [31].
An ideally unbiased model should exhibit no variation in relative similarity. In line with previous
studies [13, 24, 19], we apply SEAT tests 6, 6b, 7, 7b, 8, and 8b to assess gender bias, and use SEAT
tests 3, 3b, 4, 5, and 5b for evaluating racial bias. We report the effect size in the SEAT evaluation,
with values closer to 0 indicating lower bias in the model.

3



System: You are an unbiased and professional assistant for evaluating the quality of counterfactual samples.

User: Please evaluate the following counterfactual samples based on the original sample and provide a score

between 1 and 10, with 10 being the highest score.

The criteria for evaluation are as follows:

1. **Answer Alteration**: For a counterfactual sample, the answer must be different from the original sample's 

answer.

2. **Answer Correctness**: The answer of the counterfactual sample should be correct given the input.

3. **Thematic Consistency**: The counterfactual sample should discuss a theme or topic that is the same as the

original sample.

4. **Clarity of Expression**: The counterfactual sample should be clear and logically coherent in its expression.

5. **Safety and Privacy**: The counterfactual sample should not include any content that may be deemed 

unsafe or pose a privacy risk.

Score guidance:

- **10**: The counterfactual sample meets all criteria perfectly: the answer is changed and correct, the theme is 

consistent, the expression is clear, and there are no safety or privacy issues.

- **5**: The counterfactual sample meets some criteria but has moderate issues.

- **0**: The counterfactual sample fails to meet any criteria, especially if the answer is not changed and is not 

correct, the theme is not consistent, the expression is unclear, and there are significant safety or privacy issues.

Please provide your score first, followed by a brief explanation of your reasons. Be concise and specific.

Please answer in the following format:

Score: “Your rating score for the counterfactual sample.”

Explanation: “Your explanation for your rating.”

System: You are an unbiased and professional assistant for evaluating the quality of paraphrase samples.

User: Please evaluate the following paraphrase samples based on the original sample and provide a score 

between 1 and 10, with 10 being the highest score.

The criteria for evaluation are as follows:

1. **Answer Correctness**: The answer of the paraphrased sample should be correct given the input.

2. **Thematic Consistency**: The paraphrase sample should discuss a theme or topic that is the same as the 

original sample.

3. **Clarity of Expression**: The paraphrase sample should be clear and logically coherent in its expression.

4. **Safety and Privacy**: The paraphrase sample should not include any content that may be deemed unsafe or 

pose a privacy risk.

Score guidance:

- **10**: The paraphrase sample meets all criteria perfectly: the answer is correct,  the theme is consistent, the 

expression is clear, and there are no safety or privacy issues.

- **5**: The paraphrase sample meets some criteria but has moderate issues.

- **0**: The paraphrase sample fails to meet any criteria, especially if the answer is not correct,  the theme is 

not consistent, the expression is unclear, and there are significant safety or privacy issues.

Please provide your score first, followed by a brief explanation of your reasons. Be concise and specific.

Please answer in the following format: 

Score: “Your rating score for the paraphrase sample.”

Explanation: “Your explanation for your rating.”

Figure 5: Prompt utilized for evaluating the generated paraphrase samples.

Table 1: The SEAT test details derived from [4].

Bias type Test Demographic-specific words Stereotype words

Racial

SEAT-3 European-American/African American names Pleasant vs. Unpleasant
SEAT-3b European-American/African American terms Pleasant vs. Unpleasant
SEAT-4 European-American/African American names Pleasant vs. Unpleasant
SEAT-5 European-American/African American names Pleasant vs. Unpleasant
SEAT-5b European-American/African American terms Pleasant vs. Unpleasant

Gender

SEAT-6 Male vs. Female names Career vs. Family
SEAT-6b Male vs. Female terms Career vs. Family
SEAT-7 Male vs. Female terms Math vs. Arts
SEAT-7b Male vs. Female names Math vs. Arts
SEAT-8 Male vs. Female names Science vs. Arts
SEAT-9b Male vs. Female terms Science vs. Arts

The SEAT metric generalizes the WEAT metric [1] by substituting word embeddings with simple
sentence templates (e.g., "This is the <word>"), and the calculation process for the WEAT metric is
outlined as follows. This metric measures bias by comparing two sets of attribute words, Wa (e.g., M
and F ), and two sets of target words, Wt (e.g., A and B). In the context of gender bias, M represents
masculine words such as "he," while F represents feminine words such as "she." Meanwhile, A and
B are gender-neutral words (e.g., career-related terms or adjectives) whose embeddings should be
equivalent between M and F . Formally, the degree of bias for each word w is defined as follows:

s(w,A,B) =
1

|A|
∑
a∈A

cos(w, a)− 1

|B|
∑
b∈B

cos(w, b), (1)
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Table 2: Comparison of gender debiasing performance on the SST-2 dataset.

Metric SEAT (↓) CrowS (→ 50%) Acc. (↑)
BERT 0.29 55.17% 92.4%
CDA 0.47 58.43% 81.3%
Dropout 0.48 44.53% 81.9%
Context-Debias 0.23 58.80% 91.9%
Auto-Debias 0.28 44.92% 92.1%
MABEL 0.35 46.75% 92.2%
Sent-Debias 0.21 55.06% 89.1%
FairFil 0.18 52.92% 91.6%
Causal-Debias 0.11 48.95% 92.9%
PCFR 0.09 50.68% 91.9%
CDRO (Ours) 0.05 50.36% 94.2%

where cos(·, ·) denotes the cosine similarity. Based on Eq. (1), the SEAT effect size is:

dWEAT =
µ ({s(m,A,B)}m∈M )− µ ({s(f,A,B)}f∈F )

σ ({s(t, A,B)}t∈A∪B))
, (2)

where µ and σ denote the mean and standard deviation, respectively. As can be inferred from Eq. (2),
an absolute SEAT effect size closer to 0 indicates lower bias. Detailed information about the SEAT
tests used in our experiments is provided in Table 1, which is adapted from [4].

Besides SEAT, we also employ CrowS-Pair [31] as an additional metric for evaluating gender bias.
CrowS-Pair is a dataset consisting of 1,508 examples that encompass various types of biases. Each
example in the dataset is a pair of stereotype and anti-stereotype sentences with minimal semantic
differences. A CrowS-Pair score closer to 50% indicates a lower degree of stereotyping, suggesting
that the model assigns comparable probabilities to both male- and female-oriented sentences.

We implement all three models, including BERT-base, RoBERTa-base, and ALBERT-large, using the
Transformers library [42]. The experimental settings for all baseline methods follow the configurations
specified in their original papers. All reported results represent the average performance over five
independent runs. For parameter-efficient fine-tuning, we adopt the PiSSA method [30], with the
rank hyperparameter set to 8, following the setup described in the original work. For the three models
employed in these experiments, only the query, key, and value matrices are designated as parameters
that can be tuned. All experiments are conducted on an NVIDIA A100 GPU with 80GB of memory.
For the implementation of the proposed CDRO approach, the learning rates for the logistic regression
model and the causal parameter components within the LLM are set to 1 × 10−3 and 4 × 10−4,
respectively. The hyperparameters ϵ and α used in the REINFORCE++ algorithm are set to 0.2 and
0.001, in accordance with the default settings in the TRL library. The hyperparameter γ, which
governs the strength of the reward ranking component, is set to 0.1. Meanwhile, λ, which balances
the relative importance of different reward components, is fixed at 0.5 across all experiments. We set
the number of training epochs to 30 and the batch size to 128. Furthermore, in each iteration, weight
matrices with predicted probabilities exceeding the average predicted probability across all matrices
are selected as those that encode causal relationships.

During the data collection process, we examine the performance of using both the LLaMA-3-70B [11]
and GPT-4o [16] models for data generation and evaluation. Furthermore, to assess the quality of the
generated samples, we investigate the impact of using the same generative LLMs for both generation
and evaluation, compared to using distinct models for these two stages.

3.2 More Details about Compared Baselines

A variety of debiasing approaches are compared with the proposed CDRO approach, including
non-task-specific methods: CDA [40], Dropout [40], Context-Debias [19], Auto-Debias [13], and
MABEL [14]—as well as task-specific methods—Sent-Debias [24], FairFil [6], Causal-Debias [46],
and PCFR [15]. These compared methods are introduced as follows:

• CDA [40] augments the training data using controlled perturbations to attributes including
names or demographics.
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Table 3: The effectiveness of both LLaMA-3-70B and GPT-4o utilized for data generation and
evaluation is investigated. The symbol ∗ indicates that the evaluation of the generated samples
is performed using a distinct LLM from the one utilized for generation. For instance, when the
augmented samples are generated by LLaMA-3-70B, the evaluation is conducted using GPT-4o.

Dataset SST-2 CoLA QNLI
Method SEAT (↓) Acc. (↑) SEAT (↓) Mcc. (↑) SEAT (↓) Acc. (↑)

BERT 0.30 92.4% 0.16 57.6% 0.30 91.3%
Auto-Debias 0.31 92.1% 0.20 52.9% 0.24 91.1%
Causal-Debias 0.11 92.9% 0.06 58.1% 0.11 91.6%
CDRO (LLaMA-3-70B) 0.06 94.2% 0.04 59.4% 0.07 92.8%
CDRO∗ (LLaMA-3-70B) 0.06 94.1% 0.05 59.5% 0.07 92.9%
CDRO (GPT-4o) 0.06 94.0% 0.04 59.5% 0.07 92.7%
CDRO∗ (GPT-4o) 0.05 94.1% 0.05 59.4% 0.07 92.7%

ALBERT 0.29 92.6% 0.19 58.5% 0.20 91.3%
Auto-Ddebias 0.39 86.8% 0.18 56.9% 0.36 91.1%
Causal-Debias 0.13 92.9% 0.16 57.1% 0.01 91.6%
CDRO (LLaMA-3-70B) 0.07 93.8% 0.09 59.8% 0.01 92.5%
CDRO∗ (LLaMA-3-70B) 0.07 93.8% 0.10 59.8% 0.02 92.4%
CDRO (GPT-4o) 0.06 94.1% 0.10 59.7% 0.01 92.4%
CDRO∗ (GPT-4o) 0.06 93.8% 0.10 59.6% 0.02 92.5%

• Dropout [40] is a regularization technique aimed at mitigating overfitting in models. The
primary concept behind this method is to randomly "drop" (set to zero) the outputs of
neurons during training with a specified probability.

• Context-Debias [19] is a fine-tuning technique designed to mitigate bias in pretrained
contextualized embeddings. This method can be applied at either the token or sentence level.

• Auto-Debias [13] is an automated approach for mitigating biases in LLMs. Unlike previous
debiasing methods that rely on external corpora for fine-tuning, this technique directly
probes the biases encoded within LLMs using prompts.

• MABEL [14] is an intermediate pretraining method designed to mitigate gender bias in
contextualized representations. Central to this approach is the application of a contrastive
learning objective on counterfactually augmented, gender-balanced entailment pairs derived
from natural language inference (NLI) datasets.

• Sent-Debias [24] is an extension of Hard-Debias [1], designed to mitigate bias in sentences
with respect to both binary and multiclass bias attributes, including gender and religion.

• FairFil [6] is the first neural debiasing method designed for pretrained sentence encoders. It
transforms the outputs of these encoders into debiased representations through the use of a
fair filter network. To train the FairFil model, a contrastive learning framework is utilized
that minimizes the correlation between the filtered embeddings and bias-related words, while
simultaneously preserving the rich semantic information of the original sentences.

• Causal-Debias [46] is a causal invariant debiasing model that integrates debiasing with
downstream fine-tuning. This approach fundamentally analyzes the causes and propagation
of biases, introducing a structural causal model [32] to address bias mitigation by leveraging
the inherent causal mechanisms present in downstream datasets.

• PCFR [15] is an innovative disentanglement method that combines prompt learning and
contrastive learning to mitigate bias in LLMs. Prompt learning is utilized to represent
sensitive information as distinct embeddings, and then contrastive learning is applied to
compare these information embeddings, rather than the traditional sentence embeddings.

3.3 More Experimental Results

The results of gender and race debiasing using the SEAT evaluation have been presented in the main
text. This section presents more gender debiasing results using CrowS-Pair across various methods.
As shown in Table 2, the proposed CDRO approach consistently outperforms existing debiasing
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Figure 6: Bar charts illustrating the averaged Acc@q and Cov@p scores for the original LLMs,
HADEMIF, and CDRO. (a) and (b) summarize the average performance across the NQ, SciQ, and
TriviaQA datasets, whereas (c) and (d) present the average performance on the TruthfulQA and
WikiQA datasets.

methods in terms of both mitigating gender bias and enhancing downstream task performance.
These results underscore the effectiveness of our method in reducing stereotypical associations and
enhancing the resilience of the model. Furthermore, the results presented in Table 3 demonstrate that
utilizing both GPT-4o and LLaMA-3-70B models during the data collection process yields strong and
comparable performance. Nevertheless, to reduce computational and financial overhead, we primarily
utilize the LLaMA-3-70B model for both data generation and evaluation in our experiments.

4 Additional Details on Hallucination Mitigation Experiments

4.1 More Details about Experimental Settings

We consider five popular NLG tasks, including NQ2, SciQ3, TriviaQA4, TruthfulQA5, and WikiQA6.
Following previous research [26, 47], for the first three tasks, 1K samples are utilized for testing
and 2K samples for training. For TruthfulQA, which lacks an official training set, 397 instances are
randomly sampled from the original test set for training, and the remaining instances are utilized
for testing. For the WikiQA dataset, the training set consists of 1,040 instances, while the test set
contains 293 instances.

Given that hallucinations refer to incorrect model generations made with unwarranted confidence,
we employ two key indicators to evaluate the effectiveness of our approach in mitigating knowledge
hallucinations. These indicators include accuracy at coverage (Acc@q) and coverage at accuracy
(Cov@p). The first metric, Acc@q, measures model precision by assessing the accuracy of the top-q
percent of predictions. The second metric, Cov@p, quantifies recall by determining the maximum
proportion of highly confident predictions that exceed a predefined accuracy threshold p. Unlike

2https://github.com/google-research-datasets/natural-questions
3https://huggingface.co/datasets/allenai/sciq
4https://nlp.cs.washington.edu/triviaqa/
5https://github.com/sylinrl/TruthfulQA
6https://huggingface.co/datasets/microsoft/wiki_qa
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Table 4: Performance comparison between our approach and vanilla fine-tuning on three mod-
els: BERT-base, RoBERTa-base, and BART-base. All models were trained on their respective
in-distribution datasets and evaluated on the development set comprising OOD examples.

Dataset SST-2 MNLI QQP
Model Method IMDB-Cont IMDB-CAD HANS AdvNLI PAWS

BERT-base Fine-tuning 79.08% 87.00% 56.90% 24.12% 32.80%
CDRO (Linear) 85.12% 90.98% 66.85% 33.61% 39.18%

RoBERTa-base Fine-tuning 84.51% 88.39% 67.80% 31.22% 38.45%
CDRO (Linear) 89.62% 92.65% 77.68% 39.40% 46.01%

BART-base Fine-tuning 82.48% 86.03% 56.30% 30.51% 32.27%
CDRO (Linear) 86.24% 91.11% 62.97% 37.21% 39.50%

AUROC [2], which primarily evaluates the quality of confidence scores, these metrics offer a more
direct assessment of the model’s ability to filter out incorrect predictions through explicit thresholding.
Regarding the hyperparameter configuration, the rank of PiSSA is set to 32 across all datasets, and
the LLMs are fine-tuned for 15 epochs with a learning rate of 1× 10−5. The learning rate for the
logistic regression model is set to 1× 10−2. Five types of matrices—namely the query, key, value,
up-projection, and down-projection matrices—are designated as tunable parameters. The compared
baseline methods are implemented according to the settings outlined in [47] or their respective
original papers. The remaining hyperparameters for our proposed approach are consistent with those
specified in Section 3.

4.2 More Details about Compared Baselines

We compare the proposed CDRO approach with a range of traditional and advanced methods designed
to enhance the reliability and robustness of models, including techniques for model calibration and
hallucination detection and mitigation, which are detailed as follows:

• Temperature Scaling [25] is a post-hoc calibration method that refines model confidence by
introducing a temperature parameter to scale the logits before applying the Softmax function.
This adjustment effectively smooths the predicted probability distribution, improving the
alignment between predicted confidence scores and true probabilities.

• Label Smoothing [36] is incorporated into the fine-tuning process of LLMs using LoRA,
where the training labels are adjusted to distribute a small portion of the probability mass
across all classes. This technique helps prevent overconfidence in model predictions and
enhances generalization performance.

• LITCAB [26] utilizes a single linear layer to transform the input text representation and
estimate a bias term, which is subsequently incorporated into the output logits of the LLMs.

• Calibration-Tuning [20] enhances LLMs by fine-tuning them on a task designed to enable
the model to independently assess the consistency of its generations with the ground truth.

• Verbalization involves prompting the LLMs to self-assess and report their confidence level
for a given output, using the prompt methodology proposed by [37].

• P(IK) [17] introduces a linear layer applied to the final hidden state of the LLMs, corre-
sponding to the last token of a given question. This layer is trained to predict the likelihood
that the model will provide an accurate answer to the question.

• Self-Consistency [37, 43] is based on the principle that responses with higher confidence
are more likely to be consistent when sampled repeatedly from the model.

• R-Tuning [44] fine-tunes LLMs using refusal-aware datasets, enabling the models to gener-
ate responses that account for refusals, thereby reducing the occurrence of hallucinations.

• HADEMIF [47] leverages two compact detection networks to identify hallucinations
occurring in both the internal representations and output space of LLMs, and refines the
final predictions by incorporating the signals produced by these detection modules.
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Figure 7: The update patterns of matrices across different layers (a) and across different matrix types
(i.e., query, key, value, up, and down) (b) during the training process.

• ITI [23], a technique designed to enhance the truthfulness of LLMs, which operates by
shifting model activations during inference, following a set of directions across a limited
number of attention heads.

• DoLa [7] obtains the next-token distribution by contrasting the differences in logits obtained
from projecting the later layers versus earlier layers to the vocabulary space, exploiting the
fact that factual knowledge in an LLM has generally been shown to be localized to particular
transformer layers.

• SH2 [18] is proposed to help LLMs decode more truthfully, which introduces hesitations to
give LLMs more time to understand contexts and answer questions. For LLMs, the tokens
assigned with lower probabilities are harder to predict, while more likely to be informative.

4.3 More Experimental Results

Besides LLaMA-2-7B7, we conduct experiments on GPT-2 XL (1.5B)8, GPT-J (6B)9, Vicuna-13B10,
LLaMA-7B11, LLaMA-30B12, LLaMA-2-13B13, and LLaMA-3-8B14. Fig. 6 presents a comparative
analysis of the proposed CDRO approach, HADEMIF, and the original LLMs, evaluated across
two performance metrics: Acc@q and Cov@p. The proposed method consistently outperforms the
baseline approaches across various LLMs, achieving the highest values for Acc@q and Cov@p. These
findings underscore the significant effectiveness of CDRO in mitigating knowledge hallucinations,
particularly by reducing the generation of content that is produced with high confidence but lacks
factual accuracy.

5 Additional Details on Out-of-Distribution Experiments

5.1 More Details about Experimental Settings

To assess the generalization capability of our method under OOD scenarios, we conduct experiments
on three tasks from the GLUE benchmark [38]: QQP [39] for paraphrase identification, MNLI [41]
for NLI, and SST-2 [35] for sentiment analysis. These tasks are chosen due to the availability of
well-established OOD test sets, which facilitate a robust evaluation of model performance under
distributional shift.

• SST-2 has been chosen as the in-distribution dataset for the sentiment classification task. For
OOD counterparts, we have selected two challenging sentiment classification datasets: the

7https://huggingface.co/meta-llama/Llama-2-7b
8https://huggingface.co/openai-community/gpt2-xl
9https://huggingface.co/EleutherAI/gpt-j-6b

10https://lmsys.org/blog/2023-03-30-vicuna/
11https://huggingface.co/huggyllama/llama-7b
12https://huggingface.co/huggyllama/llama-30b
13https://huggingface.co/meta-llama/Llama-2-13b-hf
14https://huggingface.co/meta-llama/Meta-Llama-3-8B
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IMDB Contrast Set (IMDB-Cont) [9] and the IMDB Counterfactually Augmented Dataset
(IMDB-CAD)15 [21].

• MNLI [41] is a widely used dataset for the NLI task, consisting of approximately 400K
premise/hypothesis pairs annotated with textual entailment information, including neutral,
entailment, and contradiction labels. MNLI includes two distinct development sets: the
matched set (MNLI-m), which is derived from the same sources as the training set, and the
mismatched set (MNLI-mm), which contains examples that do not closely resemble those
seen during training [41]. Pretrained models were trained on MNLI as an in-distribution
dataset and subsequently evaluated on both MNLI development sets (m/mm), as well as two
relevant OOD datasets: HANS16 and Adversarial NLI (AdvNLI)17.

• QQP [33] is a widely used dataset for the paraphrase identification task, consisting of
approximately 400K sentence pairs labeled as either paraphrases or non-paraphrases. The
corresponding OOD dataset is PAWS-QQP18 [45], which features high lexical overlap but
different semantic meanings.

The experimental configurations for the baseline methods are aligned with the settings reported
in their respective original publications. Three pretrained language models are utilized in these
experiments, including BERT-base [8], RoBERTa-base [27], and BART-base [22]. Notably, BART
adopts an autoregressive architecture, which differs fundamentally from the encoder-based designs of
BERT and RoBERTa. Moreover, the experimental configurations for our proposed CDRO method
are consistent with the specifications detailed in Section 3.

5.2 More Details about Compared Baselines

Several methods aimed at enhancing model generalization and robustness, including Span Cutoff [34],
HiddenCut [5], IPT-Adapter [10], Causal-Debias [46], and PCFR [15], are included in the comparison.
These methods are introduced in detail as follows:

• In Span Cutoff [34], a portion of the information within an input sentence is removed to
create its restricted views during the fine-tuning stage. Notably, this approach relies solely
on stochastic sampling, resulting in minimal computational overhead.

• HiddenCut [5] was proposed to enhance model regularization and promote the learning
of more generalizable features. Specifically, contiguous spans within the hidden space are
dynamically and strategically dropped during training.

• IPT-Adapter [10] employs adapter-based fine-tuning to address potential issues by freezing
the original transformer parameters and introducing new adapter parameters within the
transformer layers.

• Causal-Debias [46] is a causal invariant debiasing model that integrates debiasing with
downstream fine-tuning. This approach fundamentally analyzes the causes and propagation
of biases, introducing a structural causal model [32] to address bias mitigation by leveraging
the inherent causal mechanisms present in downstream datasets.

• PCFR [15] is a novel disentanglement method that integrates prompt learning with con-
trastive learning to reduce bias in LLMs. It uses prompt learning to represent sensitive
information as separate embeddings, followed by contrastive learning to compare these
embeddings instead of traditional sentence embeddings.

5.3 More Experimental Results

This section presents additional comparison results on more LLMs. As shown in Table 4, our proposed
CDRO method consistently outperforms vanilla fine-tuning across all three models—BERT-base,
RoBERTa-base, and BART-base—in OOD scenarios. Specifically, our approach achieves average
improvements of 7.17%, 7.00%, and 5.89% on the BERT, RoBERTa, and BART models, respectively.

15https://github.com/acmi-lab/counterfactually-augmented-data
16https://github.com/tommccoy1/hans
17https://github.com/facebookresearch/anli
18https://github.com/google-research-datasets/paws

10

https://github.com/acmi-lab/counterfactually-augmented-data
https://github.com/tommccoy1/hans
https://github.com/facebookresearch/anli
https://github.com/google-research-datasets/paws


(a) SETA (b) Acc. (%)

Figure 8: Sensitivity test results for the λ and γ values in NLU tasks, evaluated across SEAT for
gender bias and accuracy metrics.

These results underscore the effectiveness of our method in enhancing model resilience by mitigating
spurious correlations present in the training data.

6 Training Analysis

In addition, we examine the update behavior of parameter matrices throughout the training process.
To facilitate analysis, the matrices are categorized according to their layer positions and functional
types. A total of twenty matrices with the highest predicted probabilities are selected to be updated.
Fig. 7(a) illustrates the update patterns across different layers. A notable observation is that, after a
period of training, the proportion of updates in the deeper layers decreases. This indicates that, as the
model converges, the matrices most sensitive to causal relationships tend to concentrate in the earlier
and intermediate layers. Fig. 7(b) further illustrates the update patterns of different matrix types. It is
evident that the query and key matrices are predominantly updated during the early training stages,
while the value, up, and down matrices receive more updates in the later phases.

7 More Sensitivity Analysis

We then conduct sensitivity analyses on two hyperparameters specific to our approach, namely γ and λ.
The hyperparameter γ controls the strength of the reward ranking term in the advantage computation,
while λ governs the relative weighting between the accuracy reward and the other three reward
components. As illustrated in Fig. 8, the model demonstrates stable performance when γ is within the
range of [0.05, 0.2]. Additionally, the model maintains consistent performance for λ ∈ [0.25, 0.75],
further emphasizing the robustness of our approach to variations in these hyperparameters. For
practical applications, the values of these two parameters can be conveniently set to 0.1 and 0.5,
respectively, to achieve satisfactory performance.

8 Limitations and Future Work

The proposed CDRO framework exhibits strong effectiveness in breaking spurious correlations
and mitigating hallucinations within LLMs. Nonetheless, several limitations remain, highlighting
promising directions for future research. A primary limitation lies in the reliance on fine-tuning
LLMs’ parameters, which restricts the applicability of the method to black-box settings. Future work
could explore extending our framework to improve the prediction robustness of black-box models,
potentially through techniques such as prompt engineering or adapter-based fine-tuning. Additionally,
applying our framework to areas beyond enhancing causality in LLMs, such as improving security,
privacy, and fairness, presents an intriguing avenue for future research. For instance, by developing
alternative knowledge localization strategies, it becomes feasible to identify and selectively optimize
parameters associated with specific knowledge domains. This approach enables parameter-efficient
and targeted enhancements in particular aspects of model behavior.

11



9 Ethical Considerations

All models and datasets employed in this study have been meticulously processed and curated by
their respective developers to address and mitigate potential ethical concerns. Moreover, safety and
privacy are carefully maintained throughout our data collection process.
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