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Output Diversity is Lost in LLM SFT

* Supervised Fine-Tuning (SFT) with Cross-Entropy (CE) improves
instruction-following but often causes token distribution collapse
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Token distribution for the question
“.. Give me a single-digit number”

Right figure from “Preserving Diversity in Supervised Fine-Tuning of
Large Language Models,” ICLR 2025



Tail-Suppressed Plausible Diversity (TSPD)

Define p as atoken predicted probability distribution and Top,,,(p)
as the indices of the m largest coordinates of p.

*Ify € Top,,(p), letS = Top,,(p)
* Otherwise, letS:=Top,,,_1(p) Uy

(Head Preservation) minp; > €nead, — 2| Preserve diversity for non-trivial €head

jES
(Tail Suppression) ij < E¢ail-
JES

—> Preserve accuracy for small €gail




Training with Sparsemax+, Testing with Softmax
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* Design a sparsemax+ loss with z
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sparsemax mapping:
pis P(z) = sparsemax(z); = max{ z; — 1(z), 0}



Sparsemax+ Training Loss

Sparsemax+ loss 1.01
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where pSf = softmax(z)and Sgp(2)is the
sparsemax support.
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Experiments

Base models: Llama-3.1-8B and Qwen-2-7B

SFT on UltraFeedback dataset

Baselines: GEM (reverse KL +entropy regularization), CE, CE with Weight Decay (CE+WD),

NEFT (adding noise to word embeddings), CE+label smoothing, sparsemax, 1.5-Entmax

Evaluation

* winrate & diversity on the chat task AlpacaEval dataset

pass@k & diversity on the code generation HumanEval benchmark

diversity on the creative writing task

generalization on the OpenLLM Leaderboard

capability on multi-turn dialogue benchmark MT-Bench-101



Results

Win rate (Best of N@32) and diversity metrics for Llama-3.1-8B and Qwen-

2-7B on AlpacaEval.

Model Method Win Rate (%) 1 N-gramt 100 - Self-BLEU 1+ Sent-BERT 1
CE 20.77 17.78 47.04 9.97
CE+WD 29.72 17.78 47.14 10.03

LLaMA-3.1-8B  NEFT 29.77 17.74 47.41 10.07
GEM 31.53 20.32 49.82 11.16
TS? (Ours) 33.12 23.78 53.87 12.80
CE 31.41 17.23 16.77 7.95
CE+WD 31.05 17.43 17.08 8.06

Qwen-2-7B NEFT 3036 16.59 24.59 8.06
GEM 33.89 2435 31.19 9.25
TS? (Ours) 37.48 30.15 39.04 9.81

Comparison with GEM, CE, CE+label smoothing, sparsemax and Ent-max

| TSZ (oursy GEM CE  CE +label smoothing sparsemax 1.5-Entmax
Winrate (%) | 33.12 3153 29.77 28.25 12.87 13.51
Diversity evaluation on creative writing tasks for Llama-3.1-8B
Method Poem Story
N-gram? 100-Self-BLEU{ Sent-BERT{ N-gramt 100 - Selt-BLEU1 Sent-BERT +
CE 38.87 55.38 14.83 44.47 67.20 22.15
CE+WD 38.92 55.69 14.17 44.43 67.26 2222
NEFT 38.80 55.68 14.13 44.31 67.21 22.04
GEM 46.59 57.50 14.70 50.05 69.15 24.02
TS? (Ours) 49.70 59.41 16.52 52.10 70.36 24.98
Performance on the multi-turn dialogue dataset MT-Bench-101
Model Avg. Perceptivity Adaptability Interactivity
Memory | Understanding | Interference | Rephrasing | Reflection | Reasoning | Questioning
cM SI AR TS C€C |CR FR SC SA MR GR | IC P
CE 599 | 501 459 603 510 503 | 733 702 634 738 637 467|749 546
GEM 624 | 463 443 688 595 536 |79 776 72 805 609 505|654 598
TSHOurs) | 6.65 | 596 476 658 594 670 | 827 660 742 853 603 614 | 680 6.76

Performance vs. sampling budget
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Sampling Budget

Sampling Budget

Please find more results in our paper.



Code Link:

Take-away Messages &)

* Tail-Suppressed Plausible Diversity as a target

property for useful generation diversity. E] 1 o

» TS?, a decoupled recipe: train with Sparsemax+ and
test with Softmax for achieving TSPD.

* This decoupled recipe can extend to more logit->prob
mapping functions




Thank you!
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