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Reliability: As LMs continue to be integrated into daily life, ensuring
their reliability is crucial.

INTRODUCTION

Extending to Concurrent Perturbations:  Extensive analysis has
been performed on single-set inoculation. However, models trained
on one type of pertrubation fail to be generalizable to other types. 

Methodology for Analysis: We propose the Multi-Set inoculation
framework, generalizable across different NLP tasks to analyze and
improve concurrent robustness.

Sensitivity to Minor Perturbations: LMs often display unexpected
behavior when faced with slight changes in input.



PROBLEM STATEMENT
How can a Multi-Set Inouclation Framework be proposed i.e. a model be made robust to multiple
perturbations and how can the concurrent robustenss problem be addressed and analysed ?

What possible strategies can work and how do they compare against one another in different settings?

How can we propose cost-effective strategies for PLMs and LLMs which are generalizable to different
NLP tasks ?



METHODOLOGY
For PLMs

Initial Fine-Tuning Start with a pre-trained
language model, fine-tuned on original
unperturbed dataset for a specific task.

Challenge Sets Create perturbed test sets by
applying different input perturbations 

Inoculation Strategies:

Mixed Training: Fine-tune on a combined
set with examples from all perturbations.

Dynamic Mix: Adjust sample ratios based
on perturbation difficulty, which allows for
hard sample selection.

Sequential Training:  Fine-tune models
sequentially one by one on each challenge set.



METHODOLOGY

Few-Shot Chain of Thought Prompting: Task exemplars with
reasoning chains improve resilience by enhancing contextual
understanding.

Multiple Exemplars Single Prompt (MESP):
Have detailed exemplars and descriptions covering all
perturbation types and make model elicit reasoning.

MESP(MPI): Focus more on detailed descriptions
MESP(MPE): Focus more on exemplars along with
description of mistake and correction.

Perturbation-Aware Prompting

Single Exemplars Multiple Prompts (SEMP): Tailored
prompt with description and exemplars for each
perturbation type.

For LLMs



CASE-STUDY ON TABULAR NLI

Tabular NLI task: We utilize the Tabular-NLI dataset,
INFOTABS along with 5 perturbations created on it, along
with original sets (α1,α2 ,α3) which aren’t included in training
in any way [1].
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Figure shows examples with Original hypotheses (H) and perturbed hypothesis
(H’) representing character, negation, paraphrasing, numeric and location
perturbations respectively. 

Character Perturbation: Minor character changes without altering semantics .
Numeric Perturbation : Modifies numbers in a sentence.
Negation pertrubation : Negates the sentence.
Paraphrasing pertrubation:Paraphrases the given sentences.
Location Perturbation:Replaces locations in sentences.



CASE-STUDY ON TABULAR NLI

Tabular Premise Representation: We employed alignment techniques[3] eliminate distracting rows (DRR) and
represent the tabular premise in paragraph form [4].
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Sample Selection: Only pertinent samples post perturbations are selected[2]. 

Metric for evaluation : We label the hypothesis as Entailment, Contradiction or Neutral and the
improvement over the concurrent perturbation setting is considered by taking the average of the improved
performance over each challenge set from the performance on the untrained model (Baseline).

We analyse performance on both Pre-Trained Language models (PLMs) and Large Language Models
(LLMs)



Multi Model Uniset Inoculation 

Baseline performance on challenge sets is notably lower than on original sets,
emphasizing PLMs’ vulnerability to input perturbations. 

While the fine-tuned model excels against respective perturbations, it struggles
with other pertrubations.

RESULTS AND ANALYSIS - ESTABLISHING NECESSITY 

This experiment demonstrates and validates the need for concurrent
robustness the consequent requirement for coming up with Multi-Set
Inoculation Framework which includes strategies to address this issue.



RESULTS AND ANALYSIS - PLMS [PRE-TRAINED LANGUAGE MODELS]



RESULTS AND ANALYSIS - PLMS [PRE-TRAINED LANGUAGE MODELS]

Ablation Study Testing Mixed Training on Out of Distribution Perturbation Set



RESULTS AND ANALYSIS - LLMS [LARGE LANGUAGE MODELS]

Comparing the results of challenge datasets(Q) and their unperturbed version
sets(Q’) reveals that LLMs similar to PLMs are also sensitive to input data
perturbations. 



RESULTS AND ANALYSIS - LLMS

Single Exemplars Multiple Prompts (SEMP)
Incorporating an input perturbation explanation within the
prompt enhances the model’s accuracy. 



RESULTS AND ANALYSIS - LLMS [LARGE LANGUAGE MODELS]

Multiple Exemplars Single Prompts 
LLMs, when guided with perturbation descriptions and examples, yield
more stable outputs. 
Our findings show that a mixed prompting approach with several
perturbation instances and brief expla- nations improves robustness. 



RESULTS AND ANALYSIS - LLMS [LARGE LANGUAGE MODELS]

Fine-Tuning LLMs
For Mistral and GPT-3.5 the fine-tuning with the perturbation set using the mix training approach
increases the models’ performance. 
For Flan-T5-L model the fine tuning does not improve the model’s performance. 



CONCLUSION
Difficiulty of Concurrent Robustness is demonstrated and it is hence shown that input
perturbation poses difficulties for LMs at all scales. 

We introduce the comprehensive Multi-Set  inoculation framework to systematically
evaluate LM robustness against multiple input perturbations.

Our results underscore the superiority of mixed fine-tuning in training robust models and the
potential of such strategies to improve the model’s perfromance on the concurrent robustenss
problem.
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Complex Sample Selection : We can adopt more advanced sample
selection strategies to boost model robustness during fine-tuning. This can
include DataSet-Cartography[1] to figure out hard examples during training
or selecting having an unbiased selection of samples for robust training [2]

FUTURE DIRECTIONS

Composite Perturbation effect: We aim to explore the successive
application of multiple perturbations on a single sample, represented as
πi(πj(x)), to understand their combined impact on model performance [3]

Note: πi represents application of a particular pertrubation (of say type i)
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