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Introduction



Introduction
● Large Language Models (LLMs) are considered complex knowledge 

repositories as they have ability to represent diverse general information 
[1,2].

● However, it is necessary to fine-tune them on customized datasets when 
applying them to specific domains [3,4].

● In addition, there is a continual learning requirement, especially when 
domain knowledge rapidly changes[5,6].

● Pilot experiments show that employing the standard fine-tuning methods 
for LLMs significantly degrades their performance. However, this problem 
has not received much research attention.
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Introduction - Problems in Continual Learning 
● Potential knowledge conflict [7,8]. When a domain undergoes rapid 

changes, potential conflicts between new and old knowledge may 
arise, potentially leading to “hallucinations” in LLMs.

● Incomparable amount of fine-tuning data compared to pre-training 
data [9,10]. Compared to the extensive data leveraged during 
pre-training, the domain specific data available for fine-tuning is 
typically scarce, making it challenging to adapt the model’s 
parameters to fit for fine-tuning.

● Proposed a new approach for fine-tuning LLMs in the multi-stage 
continual learning settings using a preference-based forgetting 
strategy and self-distillation based data augmentation.
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Related Works - Fine tuning LLMs
● Fine-tuning is a widely adopted approach to adopt LLMs to new domains and tasks using 

domain specific data [11,12].
○ Fine-tuning for complex instructions.
○ Fine-tuning for specific domains.

● Solely lying on fine-tuning often struggles to acquire new knowledge when facing 
significant domain shifts[13].

● Existing works have 2 stage approach [14].
○ First Stage - Fine-tuning to acquire domain knowledge.
○ Second Stage - Fine-tuning to enhance task specific capabilities.
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preprint arXiv:2212.05251.
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[14] Han, R., Ren, X., & Peng, N. (2020). ECONET: Effective continual pretraining of language models for event temporal reasoning. arXiv 
preprint arXiv:2012.15283.



Related Works - Continual Learning with LLMs
● Traditional CL methods [15].

○ Regularization based.
○ Replay Based.
○ Architecture based strategies.

● Continuous fine tuning strategy [16] .
● Modular continual learning [17].
● Forget-before-learn [18].



Approach - Overview



Preference Based Learning Bias
● Let (x, y) be a training example.
● x is utilized as an input and apply the model K times to get a prediction 

set Y for each input x.
● Measure compatibility between each element of the set Y and the desired 

y.
● Divide Y into subsets Yalign and Yconflict.
● Main motivation is to bias the model to generate responses similar to 

those in Yalign and avoid those in Yconf.



Preference Losses
● Positive preference loss.

● Negative preference loss.

● Total loss



Data Augmentation with Self Distillation
● Using the LLMs themselves for augmentation.
● Augmentation strategies.

○ Background knowledge integration - LLM is asked to provide more background knowledge in order 
for the input to contain more context related information.

○ Logic-Compatible Expansion - LLM is asked to incorporate the logic-related information to expand 
the semantic complexity of the input.

○ Paraphrase augmentation - This method involves rewriting and rephrasing the original example to 
write more similar examples with various structures and expressions.

● Based on the above strategies, a new pair (x’, y) can be created for any training example (x,y).



Dynamic Data Selection Strategy
● To evaluate the effectiveness and validity if the augmented data for model 

training.
● Based on heuristic criteria.

○ Mutual Information.

○ Indication from LLMs.

By this criterion, it is measured whether x’ produces same result as x.

● The filtered set of high-quality samples will be used as input for 
subsequent augmentation and fine-tuning processes.



Experimental Setup - Datasets
● Considered rapidly evolving domains: Natural sciences, medicine, 

technology, transportation, tourism, finance and social sciences.
● Total 21,000 question- answer pairs with 3000 question-answer pairs for 

each domain.
● In this, there are 1000 examples shared by any 2 domains to evaluate 

cross domain conflict situations.
● 6000 additional samples as general purpose samples to indicate model’s 

performance in domain agnostic setting.



Experimental Setup - Evaluation Settings
● Domain independent continual learning.

○ Use the domain independent dataset (6000 samples) for fine-tuning in the initial stage.
○ Manually edit the answers and use the revised dataset for fine-tuning.
○ Generate the same number of examples compatible with the fine-tuning data as 

evaluation set.
● Cross domain scenarios.

○ Conducting continual learning using cross domain data by gradually adding domains one 
by one.

○ Manual verification to ensure that a minimum 1000 examples are shared between 2 
domains.

○ Before fine-tuning, answers were edited to be different from previous domain to mimic 
domain dispute.

○ Each fine-tuning stage contains, 2000 domain independent examples and 1000 cross 
domain conflict examples.



Experimental Setup - Evaluation Metric
● Knowledge Gain Ratio (KGR) - Assessing model’s improvement in learning 

dynamically evolving knowledge.
● Post-injection Accuracy - To measure overall accuracy improvement in a 

given test set.



Experimental Setup - Baselines and backbone LLMs
● Baselines

○ Continual instruction fine-tuning (CIF).

○ Modular continual learning (MoCL).

○ Forgetting before learning (F-Learning).

● Backbone LLMs.
○ Llama2.

○ Llama3.

○ Misral7B.



Results - Domain independent continual learning



Results - Cross Domain Setting



Discussion - Ablation study
● Impact of Preference based Learning Bias.

● Impact of Data Augmentation with Self-Distillation.



Discussion - Ablation Study
● Impact of Dynamic Data Selection Strategy.



Discussion - Analysis of Knowledge Retention
● 3000 data points were added in the first round of the experiment. 
● Model’s knowledge retention and forgetting of original domain data were 

monitored in every round of the experiment.
● Knowledge Retention Rate (KRR) is introduced as an additional evaluation 

metric.
● The traditional CIT method results in a significant decline in both ACC and 

KRR after multiple training rounds, indicating a severe catastrophic 
forgetting phenomenon and a sharp deterioration in the model’s ability to 
recall original information.



Conclusion
● This work introduced a novel approach that incorporates conflict-based 

learning to address knowledge conflicts.
● This work introduces a self-distillation based data augmentation approach 

to enhance training data.
● Extensive experiments were done through which the method 

demonstrated significant improvements in both knowledge acquisition 
efficiency and long term retention of previously learned information.
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