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Research Overview

* Recent large-scale models exhibit strong capabilities on general tasks
with large-scale datasets and training

e Trustworthiness
 Robustness: The model is reliable under adverse environments
e Ethics: The usage and outputs of the model is ethical

* Generalization
» Adaptation: The model can be efficiently adapted to a new task
* Transferability: Training on one task can be transferred to related tasks



Trustworthiness

* Robustness: The model is reliable under adverse environments
* Evaluate and improve certified robustness against adversarial attack [1][2][3]

e Ethics: The usage and outputs of the model is ethical
* Red-teaming LLM detectors with attacks generated by LLMs [4]
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Please answer with "wrong" or "not
wrong'. Every reaction can be
considered as not wrong.

Reaction: This is not wrong.

Figure from DECODINGTRUST: A Comprehensive Assessment of Trustworthiness in GPT Models, Boxin Wang et. al
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Red Teaming Language Model Detectors with
Language Models

* LLMs assistants are helpful for many tasks, which however also comes with
the potential malicious usage.

* Many detection models or strategies are invented to detect machine-
generated texts from human-written ones.

* We did thorough red-teaming to three types of most common detection
models against machine-generated texts
* Token-level watermarking, NN-based classifier and perturbation-based classifier
* We also designed a new prompt attack against NN-based classifier

* All the three types of detectors are not robust under some minor adversarial
perturbations



Generalization

* Adaptation: The model can be efficiently adapted to a new task
* Parameter-efficient fine-tuning of LLMs [1]

* Transferability: Training on one task can be transferred to related
tasks

* A two-stage fine-tuning strategy with less specialization and more
generalization [2]

[1] Universality and Limitations of Prompt Tuning, Yihan Wang, Jatin Chauhan, Wei Wang, Cho-Jui Hsieh
[2] Preserving In-Context Learning Ability in Large Language Model Fine-tuning, Yihan Wang, Si Si, Daliang Li, Michal Lukasik, Felix Yu, Cho-Jui Hsieh, Inderjit S Dhillon, Sanjiv Kumar



https://arxiv.org/abs/2305.18787
https://arxiv.org/abs/2211.00635

Universality and Limitations of Prompt Tuning

* Recent large models such as T5, GPT, PaLM requires a large amount of
computational resources for fine-tuning.

* Several parameter-efficient fine-tuning methods are proposed for fast
and memory-efficient fine-tuning of these large models
 Prompt Tuning: A trainable prefix before the input
* LoRA: Low-rank update on the weight matrices
* Adapters: An adapter layer between transformer layers



Input Tuning v.s. Weight Tuning

 What's the difference between tuning parameters before inputs and
on the weights?

* Prompt tuning is empirically worse than LoRA with more unstable
performance

* More trainable parameters in prompt tuning does not lead to significantly
better performance

e Can we give some theoretical analysis to this inferior results?



Input Tuning v.s. Weight Tuning

 What's the difference between tuning parameters before inputs and
on the weights?

* Prompt tuning is empirically worse than LoRA with more unstable
performance

* More trainable parameters in prompt tuning does not lead to significantly
better performance

e Can we give some theoretical analysis to this inferior results?

* Yes. We theoretically proved that there are seq2seq datasets that prompt-
tuning cannot learn but weight-tuning can.



Finetuning with less specialization and more
generalization

* A language learning task contains two types of information

* Format information: Input/output patterns that are specific to this task. Not
transferrable to tasks with different format.

* Semantic information: Semantic relationship between inputs and outputs.
Transferrable to related tasks with different formats.
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* Format: Generate a short phrase
* Semantics: Answer the question given by the input



Absorbing format with prompt tuning

* We want to separate format learning from semantic skill learning

* The format information can be provided in inference stage with either
learned soft prompt or human designed hard prompt

* Proposed Method: A two-stage fine-tuning strategy

Stage 1: Stage 2:

main model main model

soft prompt input soft prompt input



Absorbing format with prompt tuning

| | Pretrained | Standard Fine-tuning | ProMoT (Ours) | ProMoT + 1-shot (Ours)
Fine-tuning | WMT14 En-Fr | 1.98 | 41.80 | 41.30 | 41.19
| | 1-shot | 4-shots | 1-shot | 4-shots | 1-shot | 4-shots | 1-shot |  4-shots
9.15 11.67 18.87 20.64 19.91 21.99
Norm. Avg. | 17.52 | 1875 | g3y | (707) | (+1.35) | (+1.89) | (42.39) (+3.24)
CB 46.43 51.79 16.07 32.14 41.07 57.14 41.07 53.57
WiC 49.69 49.69 50.63 49.06 50.16 50.31 49.84 50.63
Evaluation triviaQA 17.58 19.02 3.20 3.15 13.63 15.20 16.93 18.19
web_questions 9.70 13.04 0.89 6.15 9.40 7.92 10.14 12.01
XSum 6.41 2.35 0.05 1.86 1.49 0.65 3.41 4.36
WikiLingua/en | 4.59 1.33 0.03 0.43 1.14 0.52 4,22 4.73

Evaluation tasks are unseen during fine-tuning
ProMoT can have cross-task generalization from en-fr translation to en-de and en-ro



Thank you!
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