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OPD: EfAMEREEX, (BEiltF—MRSaEliiREIRESEFE,

"Can a model effectively serve as its own teacher through self-distillation?"
(—MREBEAREBIY BREE, BXutFEIEChIEN? )
RESKIR: S—PMFEMERN, IHESEREEZGEMEISE, A LE
M—BESZ15%. BRrrIITIEER, NFLM, THMEEEILERESSZ.

VEHIEIE ¢

Rationalization (FFFRSEMIIEIRZR) tBLL Generation (EIREREER) ES 5.

RHUIEE

OPSD : itE—/ &8, i : Teacher Policy 8852l Privileged Information
=R, MEEELXEIFE. Student Policy REEEZIFE, MiEEE. ilEH
iRBNLEZETEESERNERR L, RGN EANERNE CINEES T, BlIs/IMER
E1E token KFIHNER.
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RARLVRITABEIER T8 AL ERE, (BEmEIGH KRR :

(1) REMSSEHEHER, R 5]2&& , MARKTIERRENTHERIES,

(2) SFREXRERIIEREBIEITERIFYIRHD (é“BIEE%EJZéE‘BZ:IEE%) g, MBERET, REREN
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tR EFMA, FAISSk—FhaEz
££19. On-Policyfl). £F
BRI AZRNEERY
OPSDJ5%,

RIVRELHE : BT EUIRE 22 Shhitak ALA)ZRTF23eRIEE (PRM) LA
BRERMARES, BETELES ERLEAEIRMAZERIR, (BillZk
=, BERIESHER PRVIER S = EXEL .

OPDRLME: BEHAEFEECHIHFA
Eillgx, (BEFE=EMAY, Ekﬂ‘]
FIMREERIR A I &
SFT/Off-Policy GRPO  On-Policy On-Policy

Distillation Distillation Self-Distillation (Ours)
On-Policy Data X v v v
Dense Learning Signal v X v v
Low Sampling Cost v X v v
No External Teacher v v X v
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On-Policy Self-Distillation

« Motivation: Learning by understanding solutions.

- RIEFENFIHALIESE, S5EESE, tRE—KiE, FESREEELSE, BifEE,
HAEE, BF, ASREEATLEIERIVESSEEEE, FEBREBRIEE], BEaLIGECHE
TR, EEOPSDEYIZIiEd, HEEF AEERYFASNER, EERETUREES
AU, MAREINBRMMREIEE KRIE RS,

« Teacher and student policies.
« BEHEEMAH LT, NE—NMESEEPpOPLALR N RS, XM RBEEHEENSEL

[ Student Prompt

fay
Problem: Find the derivative of f(z)=32>+2r—5 at z=2 pS( :ﬂ) = pe( [ T)

|
[ s | SR RERINEX, SIREEA A

[ Teacher Prompt

e Fa *
Problem: Find the derivative of f(z)=32>4+2x—5 at =2 pT( | ! y PB 3 J
Heretusla refercnce solutilon: . R N —_—
iiist fi;d f;(x}d: 6 —;i, thin evaluati it :c:2]:- f’(23::65:2)+21: 14th' = ?&Uﬂiﬁﬁ?ﬁﬂg%1¢%|'ﬂ%@x*ﬂ%’%ﬁﬁéﬁﬁ
er understanding e reference solution, please try to solve is problem > s ]
using your own approach below: y* I #E%&g*&éi@{’t}—é %%%%)—E—

S ) R TETRIRBR S E.
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On-Policy Self-Distillation

Construct two OI‘I-POHCY SEIf- DiSti“ﬂTion

Student Prompt Teacher Prompt Learning Objective
Dataset Sample z only z and y*
§={(=v")} (z,y") ~ S | | Per-Token Divergence
> Student Policy Teacher Policy D i .
T pr(- | 29", 9<a) || P3(- | 2, 5<n)
| @ : Problem ] ps(- | =) :=po(: | =) pr(- | z,9") =po(- | 2,¥") ( e ) )
I_y_CET: .A;HSLVE-L A On-Policy Evaluate with -
Sample privieged 4~ Gradient only flow through
Large Language Model . g e e the student's logits
Ps g~ps(-|2) ——> pr(- | 2,9% 9<n)

Figure 1. Overview of On-Policy Self-Distillation (OPSD): Given a reasoning dataset S = {(z,,y})}/_,. we instantiate two policies

from the same LLM: a student policy ps(- | =) and a teacher policy pr(- | x,y™). The student generates an on-policy response
7 ~ ps(- | ). Both policies then evaluate this trajectory to produce next-token distributions ps(- | =, J<) and pr(- | z,y™, <) at

each step n. The learning objective minimizes the per-token divergence D(pr|/ps) along the student’s rollout. Crucially, gradients
backpropagate only through the student’s logits, allowing the model to self-distil.
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On-Policy Self-Distillation
« On-policy sampling from the student.
1. {E—NAREX, FEER—NMTEREAEEL U= (1, Yj9) ~ps(- | 2).
2. WFZFELEMRIE— MtokenfiIEn, itTeacherfIStudent{ BT EERIN-1MFEEtokenfIER T,
R T— tokenRIREER ST,

pS(yn | €I, ?;'cin) 3 PT(yn I €I, y*ﬁ ﬁfiﬂ) 3 where Q{n % (ﬁla e a@'n—l)-
SNFREMS: KERX— Xﬂziﬂlﬁﬁﬁ'ﬁn BEERERy*, BERFLEEEERT
., F—REAE? X—z, F—ZEWESZEXII?

« Training objective.
- IEFENHITSMZENENENESR, AEFEECH AL DRES/IVE, EREIEHE,
BERBIFERRER, HTRBEALZSY, BEXEHEAN— BEBiR. BHEik,
OPSDAFER Teacher AT 1EHL Student MIXEEE CHIFIKT, RFBELE Student 570K 1&(f Teacher,
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On-Policy Self-Distillation

Algorithm 1 On-Policy Self-Distillation (OPSD)

Require: Reasoning dataset S = {(z;,v*)} ,: language model py; divergence D (e.g., JSDg)
1: Define student policy ps(- | ) := pg(- | x)

2: Define teacher policy pr(- | z,y*) == pe(- | z,y") > same parameters; different conditioning
3: while not converged do
4: Sample a minibatch B C S
5: for all (z,y*) € Bdo
6: Sample on-policy response § ~ pg(- | x)
1: Compute the token-wise divergence along the student rollout:
) TR ) )
w,y") & Dlprllps) (71 2) = 25 > D(pr- |G ,") [P (- | 9n, )
n=1
8: Batch loss ﬁOPSD(H) — ﬁ Z(:E.,-y*)EB F("]_j’ y*)
9: Update 0+ 60— n vQ.COPSD(B)

10: Return trained parameters € for inference-time policy ps(- | x)
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On-Policy Self-Distillation

« Training objective.
9]
Lopsp(f) = E(z y*)ns Egaps (o) Z D(PT(' | z,y", §<n)

n=1

«  Full-vocabulary divergence. £iA%RER
HACHIDRAET XISDEENE, IXMEENRREM T HEEtoken RiR, HITRIEY*RIEE.,
BFERET N "J8eiTtoken LRIEN DR, H35|1SFEERFEERERAVERRE,

1
D(prlps) (7] z) £ ‘%lZD(iﬂT(- | 2,5, 3<n) || RS- | $y<)) JSDg(prlps) = BDkL(pr|m) + (1 — B)Dkr(ps|m)
Y1 n=1

| ps(- 1 2,5<n))-

- Sampled-token Distillation.5R{¥Tokenz%{#
RRITRIRIERES R, o T— T RKFESHERIASS, FHERRESIBEHI T,
A”(m? i}) = IDng(?}TL | €, y*ﬁ ?}{TL) _IDgPS(@ﬂ | £, :_i}{ﬂ) s

SHRILEICE . o
L(0) = —E(zy)~s lEﬁwps('II) lm Z An(z,9) x logps(gn | z, ?:'«c:n)” :
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On-Policy Self-Distillation

« Training objective.
9]
EOPSD(H) — E(x,y*]ws Eprc_,(Ln) Z D(p'l"( I €L, y*a§'<-ra) “ pS(' I I:«Q(n))-

Full-vocabulary divergence.2iA&RER
- Sampled-token Distillation.sE{¥£Tokenzkig
- ZEMLE:

«  KEETokenzXIB(NXI KRS IR TIRIE, MAFET L EUMIE LS. XA
FRERAGE: WFEXMA, BIMEZEEEEZD? NRZRIER, R IhREX
MENESXS, Eaxh); MERIERA, RBEhwE Mz, S50,

- A, KiFTokenzXIBRFA T RKFEIRIAR—MokenfSR, Xig 1 Teacher XJEAH
FrETIEE token &L, FTLUMERE (Dense feedback) EMGS,
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KRR EEEEARRERE?

3. AR EXN)IZR M REF AR R M0 ?

4. S{OGRESHEHITITEFBRIIRIEESEE
HITIAHELL, TTE2iRENogits =R
2EEME?
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1. #&8Y: Qwen3-1.7B. Qwen 3-4BF1Qwen

3-8B

2. Y&EHE: OpenThoughtsPUZIFHER FE5,
KT ZIX30KMEE Chain-of-Thought
HETR IRV )RR - 2N

3. B RELFIEE, gFEAIME 2024,
AIME 2025, HMMT 2025¥0Amo-Bench,

1. XFGRPO, B MNEREKHFSNEIE, XJFTOPSD, B MNEREKEF1EIE,

2. BEEAYE, WGP nRiEEEA1IGE

<fE, MASRMEEFRE—

. (FAEARIIXBEIT

teEillgs, FierUtFEIENE, LBLIDSEREIRRE. XHFttEIMSa— M eEriis
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1. OPSD'ESFTiF[IGRPOT SFIHEIR e IRV LA ? HEAEERAYPY

HETA
Method AIME24 AIME25S HMMT25S AMO-Bench Average . SFT vs. Base: SFT *E tl_/;
Qwen3-8B . = RF
Base (Tistroel) | 752 68.3 43.1 13.4 50.0 Base fREIS/MBEIET
+ SFT 76.3 66.2 44.7 12.9 50.0 « OPSD vs. SFT: OPSD 7£ff
+ GRPO 76.7 68.7 45.0 14.8 513 N -
+ OPSD 715 69.8 47.1 143 52.2 BAlRE AR T SFT, ’?5
Owen3-4B iEEE ﬂ:ﬁ’*”r E E:E’JEBZ
Base (Instruct) 74.6 65.8 40.3 12.4 48.3 BRIR =3 (On- pOIlCY)
+ SFT 75.2 66.3 44.4 12.5 49.6
+ GRPO 75.6 67.1 427 12.8 49.6 FsCE B aitg(hEs (Off-
+ OPSD 76.0 66.9 45.8 13.5 50.6 policy) EE.
QVEEHS'fimt 0] 502 35.2 25.4 43 288 * OPSD vs. GRPO: 7t 4B ]
ase (instruc i . i 4 ; —
+ SFT 483 36.3 233 3.9 28.0 8B FUHIiE L=, OPSD [ILfdE
+ GRPO 52.1 38.3 26.7 4.5 30.5 Zs4m A
+ OPSD 51.4 39.5 25.8 5.0 30.4 ST S GRPO HI=I,
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Averaged Accuracy Across 4 Math Tasks Averaged Accuracy Across 4 Math Tasks

50.5 50.5
9 e -8~ OPSD =8 : GRPO
3 50.0 & 50.0
o o F - g u - =
3 S - i
S 495 3495
w w
— —~
© 49.0 © 49.0
@ L
o o
© ©
T 48.5 © 48.5
E z

[I) Z(I]D 4(I]0 E{I)O 8(I]D IGICIO [IJ i é _;) 4
Number of Gradient Steps Number of Tokens Generated le8

Figure 3. Token Efficiency of OPSD. We compare OPSD and GRPO on Qwen3-4B under the same effective training batch size, reporting
average @ 16 performance as a function of gradient update steps and total generated tokens. Both methods are trained with the same

effective batch size in terms of sampled generations per update, but differ in generation length: each generation is capped at 2048 tokens
for OPSD and 16384 tokens for GRPO. OPSD achieves comparable or better performance with substantially fewer generated tokens,

resulting in lower sampling cost and reduced training time. In this experiment, OPSD can be 4-8 x more token-efficient than GRPO.

EHEBINERUIZHUR T, XJFTOPSD, &{TRYLR/92048 1 token, XJFGRPO, ETHILIR
7916384 ~token, OPSD fEAZIEFRIMERERIREIRTS, ZERKRY token £ELL GRPO 7 4-8(F,
XA T BT D RSB ESHREE, EAHEMERERYIEIR D K pANF ) 12518,
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2. OPSDUAEARMIRE KN LI R, BEAIBESFEBEAARIREFE]?

Method AIME24 AIME2S HMMT25 AMO-Bench Average OPSD ﬁﬁ*ﬁ T ?&Uﬂﬂ’j—: &I% 1;2 {%_IE\E l\J %
Owen3-8B A 8 e

Base (Instruct) T2 68.3 43.1 13.4 50.0 1¢—FEEE1{§%%¢I%E ;Eﬂgﬁb

+ SFT 76.3 66.2 44.7 12.9 50.0 EREIERISURET, X8/ IE

+ GRPO 76.7 68.7 45.0 14.8 51.3 ;%?Et@gﬂgdzgﬂg% , #Eﬁ'j—‘d—

+ OPSD 715 69.8 47.1 14.3 52.2 A *Eﬁl_l Hc/] \ﬁ'ﬁfl:r_ =

Ay o o )

Owen3-4B v pas . oy

Base (Instruct) 74.6 65.8 40.3 12.4 48.3 Jﬂf’; E‘””UEIL%OPSDBJEEE%EE

+ SFT 75.2 66.3 44.4 12.5 49.6 SeigeasF BTN L T mER

+ GRPO 75.6 67.1 42.7 12.8 49.6 w*@ﬁﬂo

+ OPSD 76.0 66.9 45.8 13.5 50.6 o g:él: %ﬂ%ﬂ ’ OPSD7E1.7B FHELL
Owen3-1.7B —

Base (Instruct) 50.2 33.2 254 4.3 28.8 GRP?_ TE}I_EBE’ 1EE4B*D8\B_T'T

+ SFT 48.3 36.3 233 3.9 28.0 B TETEHERISE, X

+ GRPO 52.1 38.3 26.7 4.5 30.5 l_ﬁ{Eil‘ﬁ_gzo

+ OPSD 51.4 39.5 25.8 5.0 30.4
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Average Pass@k Accuracy over 4 Math Benchmarks
with Qwen3-4B

9 - HTOPSDHIBIrEEShHEASI LR(E, ELEMF
RNEMNSIEHMERRRATE F ZETANEEESE.
g” RIKHIRFAEFEIREEZRIHTRER, BE(HEE
ITHERA, 3ERTAEE I B S BT,
g o ATHRX—NE, EELL Qwen3-4B 1REL AXGER
551 H1T 7 BRI, AL XRFNFERZTKE
3 | (1024, 2048 0 4096 1> Token) , HXHEIEZE
1 & & o et G Logit Z&18,
Lo cmememen TN s, AR KRS (pass @KIEAE
k (number of generations) BBEN=E, 558, 2048-tokenf14096-tokeniZ &
Figure 4. Pass@K performance averaged across four mathematical #HEENT1024-tokenEZ, XFIFEAIZFES
S i i s o HEFEE MR,

comparing 1024, 2048, and 4096 tokens. Longer generations
provide more teacher signals. Increasing the generation length
from 1k to 2k and 4k consistently improves pass@K, with both 2k
and 4k substantially outperforming the 1k setting.
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4. SIRESHHITITREFEI RIEHEETHAHELL, TE2iEARNlogits
EREaaiis?

Table 3. Ablation on divergence computation strategies for OPSD on Qwen3-4B with 2048 generation length for distillation. We report
pass @8 accuracy on AIME25 and HMMT?25. Full-distribution objectives (logit distillation) outperform sampled-token objectives.

Method Variant AIME2S HMMT25
OPSD w/ Full-vocabulary logit distillation (Agarwal et al., 2024) 84.1 60.0
OPSD w/ Sampled-token distillation (Lu & Lab, 2025) 82.1 51.3

+ 2iARLogiGRIBERICASBAISCH DT, TSR hERIERIITRIRI SRz 1245 Br.

- HLRERAIN, 2iARLogitFIBEERIRESIRS.

- XEHT2IEFREET Dark Knowledge (BEX1IR), Teacher AMNEHIF T Student IEFEZEERY
BREZD, REISHSF T EBERRERRE "REYUR" /), BLER "BiE" Y. XS
BERELETRIHMIERNEIEMMNE, A, 2ROHESSNESNEFER, XRPMHEEEHN
SR 2Z [AIROIN S,
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- [REHIR: SRTTEAR, AXHIRSHISHERBISBIERET. RETIEMER
B ANMRANREIBEMN OPSD i A3XTE S, (B7E8BSEA LATHIE (4N70BE R IBAIKIE
Bl) T, X—BHERENSEL:, PE—MEEENFNEE, (BXEEREERET "FhREE"
AREEE/IMERINEN? /I KRBEAFTEARNERIE, BeESEZRERIRIARAL? )

- IFES: HINMMERFHREXFIBERESNEHEISESS, S5XEESMAFEIT
2, BEED A ZIMEEESMITILBE TR,

o |[AREMEE: BERHETEERE (self-distillation) thipiEEXEAR, SHERITEAEERH
RERVIERRSE, EMERTRISEEN0ESCHE, BRAREERXNNEEES. XFKH, BEF
SJZRHE (curriculum learning strategies) , BIRE/RELEEIRTHECIENNCIRIMER, BEMBIETT
JIGBEWE. RREESNEEISEIREREE NG EEN IR, 21 OPSD HiAEER
Bk aERMESHNEE A M.
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- Experiential Reinforcement Learning: Microsoft

- BERNMESX, EEREESTENR=NFREENERIR. STRRIGRERR, F—ME
BBER— MAXR=NAFHNBEERE, BTRESESA=E. iMRESELEREFS
AT, MAINSE DX=HNET BRI (FHEEREREHANICIZ) #HITRW, RIS
BF I EREMNERBMNRGBOHRTA, MAEERRE.

ERL: Experiential Reinforcement Learning

ey I ValF raflantt o ) 3 I P ;
First Attempt (RL) , Self-reflection (RL) : Second Attempt (RL)

I I Algorithm 1 Experiential Reinforcement Learning
1: Inputs: Language model 77y; dataset of questions x; reward threshold 7; environment returning

X feedback f and reward r.

I 2: Initialize: reflection memory m + @.

| | y 3: repeat

| Env. | Self- 4:  Sample question x from the dataset.

Task I Feedback i Reflection 5 /] First attempt
1 : (1 y 1 - ! 4 ¥ 6:  Sample an answer y(l) ~ (- | x).
x POllC}’ ; ylt) —s f —E . Pghcy A —§ Po hcy 7. Obtain environment feedback and reward (f(), r(1).
| ’ | 8: /I Self-reflection
\ I | 9:  Sample a reflection A ~ 7p(- | x,y(), f1), #(1), ).

! | 10:  // Second attempt

! L— (ross Episode Memory +——— 11:  Sample a refined answer y) ~ 7y(- | x,A).

! . § I 12:  Obtain environment feedback and reward (f(?),r(2)).

TR W ¢ g B g X S B S P B Pt g o P 13:  Setreflection reward 7 « r(®).
14:  Storereflectionm + A if r® > 1.
15:  // RL update
16:  Update 8 via Lpqicy (6) over the first attempt, reflection, and second attempt.

( . 73 17 // Internalization
Policy W 1

V : Update 0 via Lgisin(0) to internalize reflection, training 7y to produce y(z) from x only.
J i 19: until converged

Internalization (SFT)
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« RL via Self-Distillation (SDPO): ETH Zurich
« student EFajf4kEIE, MEREIRIG, BEEEBXEIR, THHIERIELE TR
15%|self-teacherpfn , RXFREINLERY token log-prob {HEETFH,

Algorithm 1 SDPO

Input: Language model 71y; dataset with questions x;
number of rollouts G per question; environment

SDPO: Self-Distillation Policy Optimization

L Question li.ﬁ\ﬂf«'&-\’cr y sl [s) to obtain feedback for attempts.
Write a python function that returns python 1: repeat
all numbers from 1 to n. Answer def numbers_up_to_n(n): 2 Sample question x from dataset.
briefly. return list(range(1, n . 122 3:  Sample responses: {y;}<, ~ mo(- | x).
R 4: Evaluate responses to obtain feedback f;.
3. Feedback f // > Self-distillation:
Don't include n. 5% Compute log-probs of self-teacher

4. Credit assignment by self-teacher my(y | x, f) 10g 7o (Yiz | X, fir Vi <t)-

6: Update 0 with gradient descent on Lsppo ().
7: until converged

Lsppo(0) := ZKL(HG(' | x,y<t)||stopgrad(ma(- | x, f,y<t)))

AGRPO _ 7o (Jit | X| firlYi,<t)
¥ T

wo(Fit | X, Vi<t)

ri — ]:I‘lean{lf*‘i}f:1 (constant in #), A?PPO(

Jit) = log

*

Aﬂ(ma Q) =" IDng(ﬁﬂ | 3573} 1?}ﬁi75)_10gp5(§ﬂ | :E? ?}{ﬂ)ﬁ
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OPSD: https://arxiv.org/abs/2601.18734
ERL: Experiential Reinforcement Learning
SDPO: https://arxiv.org/pdf/2601.20802
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