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Overview & Abstract

• free-form generation을 위한 AR모델의 infilling 도전 논문

• Input data transformation 논문

• 문서를 3등분해서 middle section을 끝으로 보내서 학습 (FIM)

• <PRE> Enc(prefix) <SUF> Enc(suffix) <MID> Enc(middle)

• FIM을 적용해도 AR loss에 영향을 주지 않는 것 확인

(FIM-for-free-property 강조)

• FIM Rate는 문서를 FIM 스타일로 바꿀지 결정하는 확률 값

• 미래의 AR LM은 FIM을 default로 학습하길 제안



INTRODUCTION
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모델 구조에 따라서

infilling 능력이 제한되는 것 극복해보자



- Left-to-right 모델은 prefix에 의존
- Encoder-only, encoder-decode는 suffix도 볼
수 있지만, training시 infill regions의 길이가 짧음

Introduction

모델 구조에 따른 infilling 능력제한

- Coding assistant
- Docstring generation
- Import statement generation
- Completing a partially written function

Application에서는 앞 뒤 context 모두 활용해야



to address this limitation by adding fill-in-the-middle (FIM) capability to causal 
decoder-based language models

Introduction

Our goal in this work

- 간단한 학습데이터 변형만으로 AR 모델이 infilling 배우면서
left-to-right capability 유지

- document → (prefix, middle, suffix) → (prefix, suffix, middle)
- Random하게 3등분

- Token-level
- Char-level (더 좋음)

- FIM model trained jointly on a Mixture of FIM & ordinary left-to-right data 가 성능 좋음

Points

<PRE> prefix <SUF> suffix <MID> middle



Introduction

● FIM-for-free property 
(기존 AR loss에 영향 안 줌)

● Best practices for FIM in pretraining 
(FIM rate 찾아냄)

● Finetuning inefficiency 
(finetuning으로 하기엔 pretraining만큼 필요함)

● New infilling benchmarks 
(random span infilling and random span infilling light 개발)

● Need for sampling evaluations 
(FIM test loss가 안 떨어져도 sampling based benchmark에서 차이남 (생성기반))

Contributions



Introduction

● 같은 데이터로
FIM 적용 유무 결과

● left-to-right loss가 동일함

● 50% time만으로도
left-to-right loss 동일 + New capa 배움

● FIM loss는 FIM rate 0.5가 당연 더 좋음

FIM-for-free property



Evaluation
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Evaluation

Cross entropy
on normal 

left-to-right data

100% FIM 
transformed 

data

AR loss FIM loss Sample-based 
benchmark

use nucleus 
sampling (0.95)



Evaluation
Autoregressive evaluation

● 대부분 benchmark는 few-shot prompting으로 평가 (DROP, QuAC 제외)

● Code는 HumanEval pass rate사용

Infilling evaluation

● middle span token loss 계산

P (middle ∣ prefix, suffix) for FIM models and P(middle ∣ prefix) for AR models

● generative infilling capabilities 측정

code는 open ended generation이여도 정답체크 가능해서 code쪽에 초점 맞춤



Evaluation
Infilling evaluation

● middle span token loss 계산

P (middle ∣ prefix, suffix) for FIM models and P(middle ∣ prefix) for AR 
models

● generative infilling capabilities 측정

code는 open ended generation이여도 정답체크 가능해서 code쪽에 초점 맞춤

● sampling based infilling benchmarks

single-line, multi-line, random span infilling (이건 새로만든 것)

● FIM -> PSM, SPM



FIM training and inference
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FIM training and inference
Training & inference format

● Document level
- split prior to tokenization, when the document is still a sequence of characters.
(토큰화하기 전에 3등분한다)

- FIM이든 AR이든 문서사이는 <EOT> 토큰 추가 후 붙여줌 (<EOT> 토큰은 signal로 사용되서 학습해야)



FIM training and inference
SPM mode

● variant of PSM
- SPM improved key-value caching during inference (?)
- appending tokens to the prefix no longer invalidates the keys and values computed 

in the suffix section (?)
- apply the FIM transformation with 50% probability in PSM mode and with 50% 

probability in SPM mode, so the model is able to handle both types of formatting in 
inference



FIM training and inference
SPM mode



FIM training and inference
Training & inference format

● Context level
- 언어모델 학습시 model context length에 맞게 boundary token을 활용해서
chunking하는 과정에서 prefix or suffix가 짤려나갈 수 있음 (fragmented FIM data)

- Chunking step 이후에 FIM 적용하는게 context level FIM (성능 더 좋음)

- <EOT>로 짤라서 FIM하고 다시 <EOT>로 붙이기
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Pretraining results
Evaluation of left-to-right capabilities in downstream benchmarks

● train a series of models from 50M to 6.9B 
parameters from scratch with and without 
50% FIM augmentation on natural language 
and code domains



Pretraining results
FIM rate

● FIM rate even up to 90% does not cause 
any degradation in left-to-right capabilities. 
However, there is a clear sign of degradation 
in ordinary AR test loss with 100% FIM rate

● FIM rate does significantly affect infilling 
capabilities. Even though the gain in FIM 
perplexity in Figure 4 due to a higher FIM rate 
is negligible



Pretraining results
SPM vs PSM vs joint SPM+PSM training

● in SPM, there is no distinction between the 
prefix and the middle sections as they are 
one contiguous sequence of text. This makes 
it more natural for the model to continue 
from the prefix in contrast to PSM where 
attention has to first identify where the span 
token is.

● Not only is joint pretraining the most 
efficient, but it also yields the most flexible 
model with two inference modes.



Pretraining results
Context-level vs document-level FIM

● perplexity evaluation does not always 
capture the gains in the sampling 
performance

● Figure 8 (left) shows that training on these 
invalid examples in document-level FIM does 
not affect the left-to-right evaluation. Hence, 
practitioners might still sometimes prefer 
document-level FIM due to its simpler 
implementation.



Pretraining results
Middle span selection

● important consideration in FIM training is the choice of middle span.

● Character level이 좋다 (no train-test mismatch)



Finetuning results
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Finetuning results
Pretraining > finetuning

● finetuning도 50B tokens& 90% FIM로
해야 그나마 비슷해진다 (데이터의 반정도를 다시)
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Discussion
Pretraining vs finetuning

● even though FIM data is locally 
identical to autoregressive data, 
FIM does impose a different global 
attention pattern over the whole 
document.

● show the causal attention mask 
of a FIM document in Figure 10. 
These new attention pattern could 
be the reason why it takes a 
relatively long token horizon and a 
high learning rate to learn FIM in 
finetuning

FIM과 기존 AR을 보면 attention pattern이
다르니 학습이 더 걸리는거 아닐까 라는 주장
부작용은 suffix가 middle을 보지 못한다 정도..?!



Discussion
FIM loss, AR loss, and the difficulty of FIM task

● FIM이 left-to-right generation보다 더 어려울 수 있다

● prefix뿐만 아니라 특정 suffix에 맞는 middle을 generation하는게 쉽지 않고 후처리하기도
어렵다 (문맥상 trim하면 어색함)



Discussion
FIM loss, AR loss, and the difficulty of FIM task

● 성공케이스



Discussion
FIM loss, AR loss, and the difficulty of FIM task

● 실패케이스



Discussion
FIM loss, AR loss, and the difficulty of FIM task

● 중간 케이스

- numbered items로 힌트주기



Discussion
FIM loss, AR loss, and the difficulty of FIM task

● PPL도 AR보다 FIM이 더 높다(어렵)

- model은 모두 FIM이고 test loss만 변경
- FIM과 left-to-right 섞어서 학습했지만
left-to-right를 더 잘하고 FIM을 더 못함
(전체적 섹션에 대해서)

- middle section은 FIM이 더 잘함

결과 해석이 좀 애매한 느낌도..
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Related work
similar to this work, 

● utilize left-to-right autoregressive modeling by moving the infill regions to the 
end of context, with regions separated by sentinels

- GLM: General Language Model Pretraining with Autoregressive Blank Infilling      

- CM3: A CAUSAL MASKED MULTIMODAL MODEL OF THE INTERNET (Facebook AI Research) 

- InCoder: A Generative Model for Code Infilling and Synthesis



Conclusion
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Conclusion

● left-to-right, FIM 데이터 섞어서 causal decoder도 학습하면 document 중간 채울 수 있다

● FIM-for-free property를 발견했다 (pretrain시 데이터 변경만하면 FIM을 공짜로 할 수 있다)

● best FIM performance 위해서는 finetuning보단 pretraining 추천

● perplexity는 true infilling performance 반영하지 못한다

● FIM rate는 100% 이하로 하자 (50~90%)

● FIM은 character level로 하자



Thank you


