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Introduction

Intuition: strong data builds strong models.
Task: preference tuning - alignment using preference annotations on paired data.

(humans, 100B+ parameter LMs)

¥

1. Collect preference annotations from strong supervisors.
2. Optimize LMs by maximizing some objective based on 1.

Predominant approach:

Limitation: High collection cost of strong data.
e May require expert annotations.
e May exceed current human expertise.

W This paper: Can we instead train on the A between
two weaker models?

JOHNS HOPKINS
¥ FENGINEERING.



Introduction
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Introduction
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Limitation: High collection cost of strong data.
e May require expert annotations.
e May exceed current human expertise.

W This paper: Can we instead train on the A between
two weaker models?
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Introduction

Synthesized with
Llama3 3B (75.7% GSM)
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Limitation: High collection cost of strong data.

e May require expert annotations.
e May exceed current human expertise.
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Spoiler:

Good performance
with vastly less
supervision.

W This paper: Can we instead train on the A between

two weaker models?



Background work

Weak-to-strong Generalization
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Conclusions:
1.  Strong pretrained models naturally generalize beyond their weak supervisors.

2. Naively finetuning on weak supervision is not enough.

3. Improving weak-to-strong generalization is tractable.
JOHNS HOPKINS

k o Collin Burns et al, "Weak-to-Strong Generalization: Eliciting Strong Capabilities With Weak Supervision," 2023.
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Background work

Weak-to-strong Preference Optimization (WSPO)

PPO bPO

|7 Data

o Y0 > /]

EXPIICIt Reward Implicit Reward

Pretrained Strong LM SFT Strong LM WSPO Aligned Strong LM
>
Weak LM

First, align a weak model (SFT/DPO). Then,

Define: a new WSPO objective that minimizes a new Lwspo : leverage the change in the weak model’s outputs
before and after alignment as a supervisory signal to guide the alignment of the stronger reference model.

‘|'" JO%{}:]:\HS?,PI?NS Wenhong Zhu et al, "Weak-to-Strong Preference Optimization: Stealing Reward from Weak Aligned Model," 2025
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The Delta Learning Hypothesis

“Data with high absolute quality is not strictly necessary to improve language models.”

Intuition:

e Learn to extrapolate on the relative quality difference (A) between paired samples.

e Can work even if neither sample alone is stronger than the model being trained.

JOHNS HOPKINS
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The Delta Learning Hypothesis

“Data with high absolute quality is not strictly necessary to improve language models.”

x : Prompt Y. : Response chosen by LM. yr : Response rejected by LM.

Training a model M on paired responses (x, Ye, yr) enables learning from the relative quality difference between l/cand 1/ .

Let u(x,y) represent the utility of a response y to prompt z.

The A Learning Hypothesis posits that 3 (z,y., y,) where u(z,y.) > p(z,y,) and:

1. Low absolute utility:
w(z,y.) < M’s capability (SFT would hurt performance)
2. Extrapolated gain:

Preference tuning improves M beyond p(z,y.).

=
G JOHNSs HOPKINS )
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Warm-up Case Study

e Tuning Llama-3-IT

checkpoints. Model / Training MMLU AE2 Full Avg.

y s:gz::a::t'i:jk LLAMA-3.2-3B-INST. 629 18.7 57.8
o 570 o rfor ek vt + UF-WEAK SFT 61.8 123 540
“weaker” responses yields + UF-WEAK DPO 64.0 224 59.0

gains. LLAMA-3.1-8B-INST. 71.8 249 639
ST on e prefees + UF-WEAKSFT 657 89  56.1
g | + UF-WEAKDPO = 72.0 263 64.5

Blue indicates gain over baseline.
Orange indicates degradation.
‘q?ﬂ JOHNS HOPKINS
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Warm-up Case Study

e Tuning Llama-3-IT

checkpoints. Model / Training MMLU AE2 Full Avg.

y s:je::‘j:a::t'ij‘_k LLAMA-3.2-3B-INST. 629 18.7 57.8
o 570 o rfor ek vt + UF-WEAK SFT 61.8 123 540
“weaker” responses yields -+ UF'WEAK DPO ‘\ 64.0 22.4 59.0

gains. LLAMA-3.1-8B-INST. \ 71.8 249  63.9
e SFT on the preferred + UF-WEAK SFT 657 89 561

responses hurts. + UF-WEAK DPO+~|72.0 263 645
\

Blue indicates gain over baseline.
DPO: both y_c and y_r responses derived from models weaker than

Orange indicates degradation. Llama 3.

= o S
QY JOHNS FIOPKINS e Table 1]
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Warm-up Case Study

e Tuning Llama-3-IT

checkpoints. Model / Training MMLU AE2 Full Avg.

y s:j;z:‘j:a::t'ij_k LLAMA-3.2-3B-INST. 629 18.7 57.8
o 570 o rfor ek vt + UF-WEAK SFT 61.8 123 540
“weaker” responses yields + UF-WEAK DPO 64.0 224 59.0

gains. LLAMA-3.1-8B-INST. | 71.8 249 639
ST on e prefees + UF-WEAK SFT<~_|65.7 89  56.1
g | + UF-WEAK DPO \|72.0 26.3 64.5

Blue indicates gain over baseline.
Orange indicates degradation. SFT: only ony_c.
‘q?ﬂ JOHNS HOPKINS
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Results: Controlled Experiments 1

M1: Number of **bold sections** in y
e We expect A learning to leverage relative differencesin y ¢ & y_rto improve u1.
e SFT only helps when y ¢ >y rand otherwise hurts.
e A Learning shows much more extrapolation.

Model/ Algorithm Chosen Res. Rejected Res. Section A # Sections Generated
LLAMA-3.2-3B-INST. (Baseline) — — — 5.9

+ SFT 9 sections — —_ 24.6 (+ 18.7)

+ SFT 3 sections — — 4.4 (- 1.5)

+ SFT 2 sections — — 29 (-3.0)

+ DPO 3 sections 2 sections +1 81.1 (+ 75.2)

+ DPO 2 sections 3 sections -1 1.1 (- 4.8)

+ DPO 3 sections 3 sections 0 6.1 (+0.2)

JOHNS HOPKINS
14 W o)l

WHITING SCHC
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Results: Controlled Experiments 2

e Can A Learning teach M from itself?

o

o

O

What if y_c was from M directly? Not learning from a stronger teacher, by construction.

y_ris obtained from a smaller model in the same family.

Model/Training Setup MMLU MATH GSM AEval2 IFEval BBH TQA HEval+ Avg.
LLAMA-3.2-3B-INSTRUCT (Weaker) 629 396 757 187 76.5 61.6 506 768 578
LLAMA-3.1-8B-INSTRUCT (Baseline)  71.8 43.0 837 249 782 727 551 81.6 639
+ SFT (self-generated responses) 72,2 422 829 243 763 721 534 78.0 627
+ DPO (self-generated over weaker)  72.0 43.5 842 257 80.0 714 556 822 643
+ DPO (weaker over self-generated)  70.9 423 834 229 786 721 546 80.5 632

glfﬂ JOHNS HOPKINS
’ WHITING SCHOOI

[see Table A3]

Blue: gain over baseline.

Orange: degradation.

15



Post-training LMs with A Learning

Tiilu 3: SoTA Open Post-training recipe.
Baseline pipeline for generating and scaling preference data:

Prompt Selection Response Generation Preference Annotation
Model Pool (22 models) @ GPT-40-2024-08-06 —
“Rate outputs from1to 5
Prompts used in SFT Off-policy data On-pohcydata _________ based on this aspect...”
s; ome . . SeThlu3 | | Helpfulness | )
: P g : N
Prompts from datasets H : SFT8B : : .
subsampled for SFT ; OQ Gemma L —— | l‘St“‘Ctm“ Following I — hE:
OR :
@ @ » | Truthfulness | ReiEtier
New OOD prompts : SueTilu 3
(Ultrafeedback, Persona) @ “DTT‘ = | SFT70B | | Honesty B

‘|'" JOF\\I,I:],S,N(H\E?}?EINS [Nathan Lambert et al, "Tulu 3: Pushing Frontiers in Open Language Model Post-Training," 2025; see figure 7.] 16
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Post-training LMs with A Learning

Tiilu 3: SoTA Open Post-training recipe.

Baseline pipeline for generating and scaling preference data:

Prompt Selection

Prompts used in SFT

Prompts from datasets
subsampled for SFT

New OOD prompts
(Ultrafeedback, Persona)

Requires access to strong supervisors:

‘ l.lr ]()HNS HOPKINS

\\HIIIN( SCHOOIL
ENGINEERING

Response Generation

Model Pool (22 models)
On-policy data

Off-policy data

OR
B P
+&Tulu 3
@ “DT“W SFT70B

\., Generating high-quality

responses

Preference Annotation

GPT-40-2024-08-06
“Rate outputs from1to 5
based on this aspect...”

Helpfulness |

SN [ l‘lstruction Following ]

Truthfulness |

Honesty |

Binarize

K Annotating response

quality

[Nathan Lambert et al, "Tulu 3: Pushing Frontiers in Open Language Model Post-Training," 2025; see figure 7.]
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Post-training LMs with A Learning

Instead,
Generate Responses
SOTA Open

Recipe (Tilu 3)
ON) Llama 3.1 70B Instruct @
$v4 Qwen 2.5 72B Instruct

(;S Qwen 2.5 3B Instruct

Our Simple
&3& Qwen 2.5 1.5B Instruct

Recipe

(== . .
l'!', JOHNS HOPKINS [Figure 2]

WHITING SCHOOI
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LLM Quality Judge

Strong Model Pool (22 models)

Preference Data
DPO

E]_] Prompt
Chosen: Best Quality Response \

v

o 5 @ GPr40 Gemma i
A I ——
6 b= Generate Responses
a
@ Weak Model Pool (2 models)

Rejected: Lower Quality Response

Preference Data
Tilu 3 8B SFT

EJ] Prompt
Chosen: Small Model Response _/

Quality Heuristic
(Model Size)

v

Rejected: Smaller Model Response DPO

18



Post-training LMs with A Learning

Instead,

Generate Responses
SOTA Open

Recipe (Tulu 3)

—

(%2}

e

£

o Generate Responses
o

Llama 3.1 70B Instruct
v, Qwen 2.5 72B Instruct

@ P40 i

Weak Model Pool (2 models)

{;S Qwen 2.5 3B Instruct
{3; Qwen 2.5 1.5B Instruct
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[Figure 2]

LLM Quality Judge

Strong Model Pool (22 models)

Preference Data

@ Prompt DPO
Chosen: Best Quality Response \

v

Rejected: Lower Quality Response

Preference Data

= p . Tulu 3 8B SFT
—)| Promp

. Chosen: Small Model Response —/

Quality Heuristic
(Model Size)

Rejected: Smaller Model Response DPO
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Post-training LMs with A Learning

Data Generation:

Generate all chosen responses using a small model (below Tilu-3-8B-SFT.) 6% of original FLOPs required.
Forming Preference Pairs:

Remove GPT-40 quality annotations. Use model size as a proxy for quality.

Pair each small model generation (y_c) with a smaller model from the same family (y_r).

Generate Responses Preference Data

Weak Model Pool (2 models) Quality Heuristic  [Z)) Prompt

G; Qwen 2.5 3B Instruct (MOdeI Suze) . Chosen: Small Model Response
@ Qwen 2.5 1.5B Instruct Rejected: Smaller Model Response )

= \ s
W JOHNS HOPKINS .
l."' J WHITING SCHOOI [Flgure 2] 20
of ING



Results: Post-training LMs with A Learning

Model /Preference Data MMLU PopQA MATH GSM AE2 IFEval BBH DROP TQA HEval HEval+ Avg.
LLAMA-3.2-1B-INSTRUCT 46.1 13.9 211 444 88 545 402 322 400 64.8 60.0 38.7
LLAMA-3.2-3B-INSTRUCT 62.9 19.4 39.6 75.7 187 765 616 485 506 79.7 76.8 55.5
QWEN-2.5-0.5B-INSTRUCT  46.2 10.1 272 392 33 288 322 253 454 605 58.9 34.3
QWEN-2.5-1.5B-INSTRUCT  59.7 154 416 662 72 442 459 141 465 83.0 79.8 458
QWEN-2.5-3B-INSTRUCT 69.5 15.7 63.1 777 17.8 640 57.6 315 57.2 905 874 575
TULU-3-8B-SFT 66.1 29.6 312 76.0 122 713 692 612 468 86.2 79.8 57.2
+ Llama 3.2 3B over 1B 68.8 30.3 409 815 249 750 700 60.7 542 84.7 81.1 61.1
+ Qwen 2.5 1.5B over 0.5B 67.4 29.9 399 798 158 725 708 61.8 521 83.7 781 59.3
+ Qwen 2.5 3B over 1.5B 69.4 31.7 426 834 361 786 694 620 57.7 844 81.7 634
+ Ttilu 3 Preference Dataset 69.8 30.3 426 84.2 328 804 692 625 561 84.7 80.8 63.0

Blue: best setup.

Pink: Tllu 3 preference data.

JOHNS HOPKINS
" W SCHOOI

WHITING
of ENGINEERING

[Table 3]
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Results: Post-training LMs with A Learning

Model /Preference Data MMLU PopQA MATH GSM AE2 IFEval BBH DROP TQA HEval HEval+ Avg.
LLAMA-3.2-1B-INSTRUCT 46.1 13.9 21.1 444 88 545 402 322 40.0 648 600 387
LLAMA-3.2-3B-INSTRUCT 62.9 19.4 396 75.7 187 765 616 485 50.6 79.7 768 555
QWEN-2.5-0.5B-INSTRUCT  46.2 10.1 272 392 33 288 322 253 454 605 589 343
QWEN-2.5-1.5B-INSTRUCT  59.7 15.4 416 662 72 442 459 141 465 830 798 458
QWEN-2.5-3B-INSTRUCT 69.5 157 63.1 777 178 640 576 315 572 905 874 575
TULU-3-8B-SFT 66.1 29.6 312 76.0 122 713 692 612 468 862 798 572
+ Llama 3.2 3B over 1B 68.8 30.3 409 815 249 750 700 60.7 542 847 811 61.1
+ Qwen 2.5 1.5B over 0.5B 67.4 29.9 399 798 158 725 70.8 618 521 837 781 593
+ Qwen 2.5 3B over 1.5B 69.4 31.7 42,6 834 36.1 786 694 620 57.7 844 817 634
+ Tilu 3 Preference Dataset 69.8 303 42,6 84.2 328 804 692 625 56.1 847 808 63.0T

Blue: best setup.

Pink: Tllu 3 preference data.

JOHNS HOPKINS
" W NG SCHOOI

WHITING
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[Table 3]

Tuning with A Learning
matches Tlilu 3 recipe,
+0.4 avg gain .
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Results: Post-training LMs with A Learning

Model /Preference Data MMLU PopQA MATH GSM AE2 IFEval BBH DROP TQA HEval HEval+ Avg.

LLAMA-3.2-1B-INSTRUCT 46.1 13.9 211 444 88 545 402 322 400 648 60.0 387
LLAMA-3.2-3B-INSTRUCT 62.9 19.4 396 7b.7 18.7 765 616 485 506 797 768 555
QWEN-2.5-0.5B-INSTRUCT  46.2 1g.1 272 3892 33 288 522 253 454 605 589 343
QWEN-2.5-1.5B-INSTRUCT  59.7 154 416 662 72 442 459 141 465 83.0 798 458
QWEN-2.5-3B-INSTRUCT 69.5 15.7 631 777 178 640 57.6 315 o572 905 874 575

TUOLU-3-8B-SFT 66.1 29.6 312 76.0 122 713 692 612 468 86.2 798 572
+ Llama 3.2 3B over 1B 68.8 303 409 815 249 750 70.0 60.7 542 847 811 |61.1
+ Qwen 2.5 1.5B over 0.5B 67.4 29.9 399 798 158 725 70.8 618 521 8.7 781 |59.3
+ Qwen 2.5 3B over 1.5B 69.4 31.7 426 834 36.1 78.6 694 620 57.7 844 817 |63.4

+ Tiilu 3 Preference Dataset 69.8 30.3 42,6 84.2 328 80.4 692 625 561 84.7 80.8 63.0

Blue: best setup. Increased avg. gain in all
Pink: Tilu 3 preference data. 3 weak preference dataset
settings.

JOHNS HOPKINS
" W NG SCHOOI
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Analysis

Four potential factors affecting tuning performance:
1. Magnitude of the quality A betweeny_c & y_r.
2. Absolute quality of y_c.
3. Model size-based reward heuristic.

4. Choice of Tulu-3-8B-SFT as the base model.

qi.lrv JOHNS HOPKINS
" WHITING SCHOOI
ENGINEERING
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Analysis

—_—

u 64
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Chosen-Rejected Response Quality Delta (GPT-40 Score)

e Magnitude of A strongly predicts tuning performance; strong correlation until A = 0.55.

e Not all positive A drive learning. Hypothesis: both y_c & y_r are stronger than M, hurts gains?

=X 3 .
W JOHNS HOPKINS .
l.!" J WHITING SCHOOIL [Flgure 3]
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Analysis

Model /Preference Data

MMLU PopQA MATH GSM AE2 IFEval BBH DROP TQA HEval HEval+ Avg.

TULU-3-8B-SFT 66.1 29.6 31.2 76.0 122 713 692 61.2 468 86.2 798 572
+ Model size heuristic 69.4 31.7 42.6 834 361 786 694 620 577 844 81.7 634
+ GPT-40 judge reward 69.9 31.5 406 839 299 795 665 61.2 624 857 80.8 629
OLMO-2-7B-SFT 61.4 23.6 253 735 84 665 493 59.6 48.6 70.0 63.8 50.0
+ Qwen 2.5 3B over 1.5B 62.9 23.6 30.0 80.6 31.0 715 509 593 563 72.6 66.6 55.0
+ OLMo 2 Preference Dataset 61.9 23.5 303 831 27.7 723 509 60.2 560 70.7 66.2 54.8

e Model size as a heuristic: 80.5% agreement rate with GPT-4o0.
e Choice of SFT model: A learning generalizes to tuning OLMo-2-7B-SFT.
26
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