
Updating Language Models

Joel Jang | MS Student @ KAIST | 02.11.2023

https://joeljang.github.io/ 



Table of Contents

Part 1 (~30 minutes)

- Towards Continual Knowledge Learning of Language Models [ICLR’22]
- TemporalWiki: A Lifelong Benchmark for Training and Evaluating 

Ever-Evolving Language Models [EMNLP’22]
- Knowledge Unlearning for Mitigating Privacy Risks in Language Models 

[under review]

Part 2 (~30 minutes)

- Exploring the Benefits of Training Expert Language Models over Instruction 
Tuning [under review]



Table of Contents

Part 1 (~30 minutes)

- Towards Continual Knowledge Learning of Language Models [ICLR’22]
- TemporalWiki: A Lifelong Benchmark for Training and Evaluating 

Ever-Evolving Language Models [EMNLP’22]
- Knowledge Unlearning for Mitigating Privacy Risks in Language Models 

[under review]

Part 2 (~30 minutes)

- Exploring the Benefits of Training Expert Language Models over Instruction 
Tuning [under review]



Towards Continual Knowledge Learning of 
Language Models [ICLR’22]

Joel Jang1, Seonghyeon Ye1, Sohee Yang1, Joongbo Shin2, Janghoon Han2, 
Gyeunghun Kim2, Stanley Choi2, Minjoon Seo1

1 2



Motivation

Barack Obama was born in [BLANK]

Large LMs (T5, GPT-3)

Hawaii

Petroni, F., Rocktäschel, T., Lewis, P., Bakhtin, A., Wu, Y., Miller, A. H., & Riedel, S. (2019). Language models as knowledge bases?. arXiv preprint arXiv:1909.01066.
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Hawaii

Open Domain Question Answering

Fact Checking

Slot Filling

Knowledgeable Open Dialogue

Petroni, F., Piktus, A., Fan, A., Lewis, P., Yazdani, M., De Cao, N., ... & Riedel, S. (2020). KILT: a benchmark for knowledge intensive language tasks. arXiv preprint 
arXiv:2009.02252.
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Motivation

Barack Obama was born in [BLANK]

Large LMs (T5, 
GPT-3)

Hawaii

Cristiano Ronaldo plays for [BLANK].

Large LMs (T5, 
GPT-3)

Juventus

[BLANK] won the US Election 2020.
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Joe Biden

Invariant Updated New



What if we retrieve updated information?

Large LMs (T5, GPT-3)
RetrieverUp-to-date 

DB

[BLANK] won the US Election 2020.

Donald Trump

Still hallucinate [1,2,3]

[1] Michael JQ Zhang and Eunsol Choi. 2021. Situatedqa: Incorporating extra-linguistic contexts into qa. In EMNLP.
[2] Wenhu Chen, Xinyi Wang, and William Yang Wang. 2021. A dataset for answering time-sensitive questions. In NeurIPS
[3] Shayne Longpre, Kartik Perisetla, Anthony Chen, Nikhil Ramesh, Chris DuBois, and Sameer Singh. 2021. Entity-based knowledge conflicts in question answering..



Fine-grained knowledge editing

[1] De Cao, N., Aziz, W., & Titov, I. (2021). Editing factual knowledge in language models. arXiv preprint arXiv:2104.08164.
[2] Mitchell, E., Lin, C., Bosselut, A., Finn, C., & Manning, C. D. (2021). Fast model editing at scale. arXiv preprint arXiv:2110.11309.
[3] Meng, K., Bau, D., Andonian, A., & Belinkov, Y. (2022). Locating and editing factual knowledge in gpt. arXiv preprint arXiv:2202.05262.
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Motivation

1. Continue Pretraining on new 
Wikipedia or Common Crawl Dump

Computationally Inefficient

2. Continue Pretraining on only new 
data (e.g. recently crawled news 
articles) while mitigating 
catastrophic forgetting through 
continual learning



Continual Knowledge Learning

Common Crawl / Wikipedia
( ~ 2019)

CC-RecentNews
( 2020 ~ 2021)



Continual Knowledge Learning



Continual Knowledge Learning

Forgotten

Updated + Acquired



Continual Knowledge Learning

Detailed explanation  can be found in the paper..!



Continual Knowledge Learning

Regularization
(EWC)

Rehearsal
(Experience Replay)

Parameter-Expansion

MixReviewRecAdam

LoRA

Kadapters

[1] Hu, E. J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., ... & Chen, W. (2021). Lora: Low-rank adaptation of large language models. arXiv preprint arXiv:2106.09685.
[2] Wang, R., Tang, D., Duan, N., Wei, Z., Huang, X., Cao, G., ... & Zhou, M. (2020). K-adapter: Infusing knowledge into pre-trained models with adapters. arXiv preprint arXiv:2002.01808.
[3] Chen, S., Hou, Y., Cui, Y., Che, W., Liu, T., & Yu, X. (2020). Recall and learn: Fine-tuning deep pretrained language models with less forgetting. arXiv preprint arXiv:2004.12651.
[4] He, T., Liu, J., Cho, K., Ott, M., Liu, B., Glass, J., & Peng, F. (2021, April). Analyzing the forgetting problem in pretrain-finetuning of open-domain dialogue response models. In Proceedings 
of the 16th Conference of the European Chapter of the Association for Computational Linguistics: Main Volume (pp. 1121-1133).

[1]

[2]

[3] [4]



Main Results & Findings

Parameter-expansion

Rehearsal

Regularization

1. Rehearsal method performs worse then naive continued pretraining, highlighting the main 
difference between continual learning and continual knowledge learning. 

2. Parameter-expansion is necessary for the best balance of stability & platiscity.



Main Results & Findings

Seeing the same data repeatedly is the main cause of forgetting, not total training steps 
(e.g. LM updated with 10 times less training steps showed much more forgetting when the 
same data were observed more often). 

3. 



Main Results & Findings

Continual Knowledge Learning helps retain performance on downstream tasks4. 



TemporalWiki: A Lifelong Benchmark for Training 
and Evaluating Ever-Evolving Language Models 

[EMNLP’22]

Joel Jang1,*, Seonghyeon Ye1,*, Changho Lee1, Sohee Yang1, Joongbo Shin2, 
Janghoon Han2, Gyeonghun Kim2, Minjoon Seo1
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Main Contributions
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regards to stability & platiscity.



Main Contributions
(1) The benchmark allows researchers to periodically track an LM's ability with 

regards to stability & platiscity.

(2) We find that training an LM on the diff data (TWiki-diffsets) through continual 

learning methods achieves similar or better stability & platiscity trade-off than on 

the entire snapshot in our benchmark with 12 times less computational cost.



TemporalWiki
We construct TemporalWiki from 08.2021 to 12.2021 with one month interval 

between each snapshots (4 updates). We open source the benchmark as well as 

the code to automatically construct TemporalWiki for future timestamps, making 

the benchmark lifelong.

- Code: https://github.com/joeljang/temporalwiki 

https://github.com/joeljang/temporalwiki
https://github.com/joeljang/temporalwiki


Training Corpora: TWiki-Diffsets
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Evaluation Datasets: TWiki-Probes



Evaluation Datasets: TWiki-Probes



Experiments

Results (PPL, lower the better) on TWiki-Probes  after continued pretraining on (1) Entire Wikipedia denoted as FULL, (2) 

TWiki-Diffsets denoted as DIFF & (3) with different continual learning (CL) methodologie. 



Stability-Plasticity Trade Off

Average ppl, showing the overall balance between stability & plasticity. Results show Diff outperforms Full in most updates  

(with 12 times less computation) and CL methods help boost the performance even more.
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Main Takeaway?

If we have a frequently-updated corpora source (e.g. Wikipedia, 

Common Crawl), 

1. Don’t update the LM utilizing the ENTIRE new snapshot

2. Instead, train on the diff of the snapshots.

3. Implement continual learning methods if possible because it helps 

with overall trade-off.



Knowledge Unlearning for Mitigating Privacy Risks 
in Language Models

Joel Jang1, Dongkeun Yoon1, Sohee Yang1, Sungmin Cha2, Moontae Lee2, 
Lajanugen Logeswaran2, Minjoon Seo1

1 2



Carlini, N., Tramer, F., Wallace, E., Jagielski, M., Herbert-Voss, A., Lee, K., ... & Raffel, C. (2021). Extracting training data from large language models. 
In 30th USENIX Security Symposium (USENIX Security 21) (pp. 2633-2650).
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https://en.wikipedia.org/wiki/Right_to_be_forgotten

- Limits the direct and indirect commercial use of individuals’ 
personal information

- This includes using it as a training data for machine learning 
models

Background - “Right to Be Forgotten”



https://en.wikipedia.org/wiki/Right_to_be_forgotten

What are the current approaches if a person 
practices his/her RTBF?

Background - “Right to Be Forgotten”



Background - “Right to Be Forgotten”



Knowledge Unlearning



How do we do Knowledge Unlearning?



Metrics - EL & MA



prefix suffix

Metrics - EL & MA



Empirical Definitions of Forgetting



Main Results
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Analysis



Analysis



Analysis



Analysis



Surprisingly seems to make LMs stronger where 
the extreme cases bring +8.0% (37.6% -> 45.6%), 
+10.1% (57.4% -> 67.5%), and +7.9% (62.2% -> 
70.1%) improvements on Lambada for GPT-Neo 
125M, 1.3B, and 2.7B, respectively.



Exploring the Benefits of Training Expert Language 
Models over Instruction Tuning
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Learning w/ Human 
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- OpenAI estimated to spent 1 Billion 
dollars on AI

- Current valuation? 30 Billion dollars 
by Microsoft (30x)

Current LLM Paradigm
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- FLAN, T0, InstructGPT, Tk-Instruct, Flipped, OPT-ILM, GPT-JT, FLAN-T5, 
BLOOMz, mT0, etc.  

- ALL Instructed-tuned LMs have the same analysis / storyline….

Scaling the total number of training tasks is one 
of the key components of the unseen task 

generalization capabilities of MT LMs.  

Burst of Instruction-Tuned LMs (MT LMs)
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Main Results - 13 Tasks of BIG-Bench
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Main Results - 8 unseen generative tasks
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Matena, M., & Raffel, C. (2021). Merging models with fisher-weighted averaging. NeurIPS 2022.
Ilharco, G., Ribeiro, M. T., Wortsman, M., Gururangan, S., Schmidt, L., Hajishirzi, H., & Farhadi, A. (2022). Editing Models with Task Arithmetic. arXiv 
preprint arXiv:2212.04089.

Merging (Previous Work)



Main Results - Merging
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Main Results - Analysis



Common Traits

- 3 datasets are all commonsense 
reasoning tasks

Main Results - Analysis



Common Traits

- 3 datasets are all commonsense 
reasoning tasks

- 3 datasets have a significant (>20%) 
performance gap from human 
upper-bound performance = task 
difficulty

Main Results - Analysis



3 Other Advantages ELMs have over MT LMs



1. Is not susceptible to Negative Task Transfer from multitask training
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1. Is not susceptible to Negative Task Transfer from multitask training
2. Can continually learn new tasks

3 Other Advantages ELMs have over MT LMs



1. Is not susceptible to Negative Task Transfer from multitask training
2. Can continually learn new tasks
3. Can perform composition of instructions better than MT LMs

3 Other Advantages ELMs have over MT LMs
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2. Continual Learning of New Tasks
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Instruction #1: Summarize the English 
Text

Instruction #2: Translate this text from 
English to {Language}

3. Compositional Instructions



Instruction #1: Summarize the English 
Text

Instruction #2: Translate this text from 
English to {Language}

Compositional Instruction: Summarize the 
English Text AND translate this text from 
English to {Language}

3. Compositional Instructions
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1. Train a supervised retriever
- Close the Gap between Current RoE & RoE (Oracle)
-
-
-
-
-
-
- Beat Flan-T5-3B (Current SOTA)! (~61)

- + Train CoT Experts (Rationale experts)   

Future Work
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1. Train a supervised retriever
- Close the Gap between Current RoE & RoE (Oracle)  

2. Exploring Merging
- Currently, only Task + Task Expert Merging

- What if Task + Knowledge Expert Merging?
- How about Knowledge + Knowledge Expert Merging? 

3. Explore other Benefits of Distributed & Collaborative Training
- Efficiency, Privacy, Personalization, Etc.

Future Work
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- Exploring the Benefits of Training Expert Language Models over Instruction 
Tuning [under review]
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