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EVE]
stretching

\,

inward
spiral

,/j"’ levent & @_alpoge_ - Aug 23 e
39 Please welcome to the world a beautiful new geometric object, to do with a
problem i’ve always loved. claude really contains multitudes:D Does S*6

admit a complex structure?

Yup
Q152 13 569 Q 31K ihi 1.3m [ &
& £y levent@ @_alpoge - Aug23 A o
) ) 39 ialways like to have short certificates that people can use to verify in full
Previously known construction of many unit distances from a rescaled square grid. with their expertise and/or with one of today’s super amazing models. this

one is alittle hard because (a pattern?) it’s a problem with a lot of claims
either way in the literature that fail due to
Show more

levent & @_alpoge - Jul19 (A o
hello there the jacobian conjecture is false thanx to my close friend akhil for
asking about it and my other close friend fable for working during the world

cup final

((1+xy)*3 z + y*2 (1+xy) (4+3xy), y + 3x (1+xy)*2 z+ 3 xy"2 (4+3xy), 2x -3
x*2y-x"32):\C"*3\to \C"3, has jacobian determinant -2, and sends (0, O,
-1/4), (1, -3/2,13/2), and (-1, 3/2, 13/2) to (-1/4, 0, 0)

O 17K 1 8.5K @ 43K ih 40M Il & On Qe O s o 154K 0



LLM Training Pipeline

STAGE 1
Pre-training

Massive Compute

Thousands of GPUs processing
trillions of tokens.

STAGE 2

SFT

Small Compute

Fraction of pre-training compute
with curated datasets.

STAGE 3

RL

Increasingly Large Compute

Massively scaled up recently
starting with OpenAl o1



LLM Training Pipeline

STAGE 1
Pre-training

Massive Compute

Thousands of GPUs processing
trillions of tokens.

Building a strong prior
for RL

STAGE 2

SFT

Small Compute

Fraction of pre-training compute
with curated datasets.

Teaching it the RL
format, tool use, ...

STAGE 3

RL

Increasingly Large Compute

Massively scaled up recently
starting with OpenAl o1

Learning to achieve
goals we care about



Scaling Laws

: 4.2
6
3.9
3 5 3.6
S
“;; 3.3
()
F 3
3.0
L = (Cmin/2.3 - 108)~0.050
2.7

2 T r r r
10 1077 107> 1073% 107! 10!

Compute
PF-days, non-embedding

More PT compute = better models

—— L=(D/5.4-10%3)70:09

5.6
4.8

4.0

3.2

2.4

—— L =(N/8.8-1013)70.076

108 10°

Dataset Size

tokens

. . A B
L(N,D) £ E+ — + —
N(X

105 107 10°
Parameters
non-embedding

DB

Allows you to allocate compute optimally between model size and data size




Reinforcement Learning: AlphaZero

Superhuman go /
chess play from zero
priors.




Reinforcement Learning: AlphaZero

Superhuman go /
chess play from zero
priors.

How to allocate compute?
Building Prior — Downstream training
Pretraining < RL




What is RL actually doing?

RL Sharpens PT Composes & Both / Dynamic
Policy Discovers Interplay

pass@k is flat for large k f(x) & g(x) — f(g(x)) Both in some combination
arxiv.org/abs/2504.13837 arxiv.org/abs/2509.25123 arxiv.org/abs/2512.07783

Intuitively, the allocation question is also related to whether RL can breakthrough
beyond the PT priors.


https://arxiv.org/abs/2504.13837
https://arxiv.org/abs/2509.25123
https://arxiv.org/abs/2512.07783

Many open questions about RL

e How does RL scale with
compute?

e How does RL interact with
Pretraining?

e How do we allocate compute?

e \What does RL actually do?



Many open questions about RL

e How does RL scale with Hard to study on real LLM pretraining!

compute?
e How does RL interact with
Pretraining?
e How do we allocate compute?
e What does RL actually do?

Cost

Attribution: hard to reason about
what’s in PT data vs learned in RL
Evaluation: how to understand how
CoT evolves during RL



(a) LLM-style Pre-to-Post Training Pipeline on Chess Data

Pretraining: Human Chess Game Data

Player 1 Move 1: P e2e4 Player 2 Move 1: P e7e5

Training data: move sequence of the game

<P> <e2> <ed> <P> <e7> <e5>
<N> | <gl> <f3> <N>  <b8> @ <c6>
<B> | <fl> <b5> <P> || <a7> | <ab>
~— Rd8d2 —— Qc6e8+ Kg8h7 |-----
sample N merge into l
tra/ectones ( search tree A ~ Kglfl |-----
. [ so \- { Kg8h7 —
R - U
- Nf3g5+
proposal model Rd8c8 Qc6d6 Rc8cl+
root state s,
—> serialize root-to-leaf paths into a token sequence
<T> <R> <d8> | <d2> <Q> <c6> <e8> | <+> .. <SEP> <K> <g8>  <h7> ... </T>
RL: Verifiable Puzzle Environment
Current state s; Qb6e3 reward Ne5c4 Next state s, 4
. o__ =) —
i o= [J@U

Proposal model
proposes a;

Verify a; matches Environment plays
the gold move opponent reply

Rollout 1
Reward =0

Rh6h3 v — | Pg7gé X

s¢,.1 becomes s;
Rollout2  Rh6h3 v — | Pe3e2 v —> Rh8h3 Vv

Reward = 1

(b) Scaling Analysis: Pretraining-RL Scaling Law

C
R(Cry., N, T) F(Lpt) + g(N,T)- lo&l”(di‘]f)

Mean Reward at Cper f(L 1) Slope of Mean Reward g(N, T)

-
L7
-
-
-
-
2-""
——”
="
-
-
-
.

Pretrain Loss L Pretrain Tokens(logo7)

(c) Mechanism Analysis: Is RL Just Sharpening?

SFT Policy RL Policy

Ground truth

amplification >
on easy " RL
puzzles -aining
g8 - f7 @ g8 » f7 ®
e8 x eb [ ] e8 x eb [
SFT Policy RL Policy
Tail =
discovery on RL
hard puzzles Training

d6 x e5 % b6 - e3
b6 - b4 @ b6 - b4 @
*b6-e3 @ d6 x e5 ®



Chess as a testbed

Complex but compact task

Lots of human games for pretraining
Lots of downstream tasks (puzzles)
Exact verification, we have ground truth
Interpretable actions




Chess as a testbed for reasoning



LLM Training Pipeline

STAGE 1 STAGE 2 STAGE 3

Pre-training SFT RL

Human games Synthetic reasoning Verifiable Puzzles
traces

54B tokens of Lichess GRPO with a binary

Blitz + Rapid (2022). Sample K possible outcome reward.

Autoregressive continuations from the

next-token prediction current position,

over move sequences. organize as CoT

Everything happens in moves, no natural language.



Representation

A move is four tokens.

N gl £3 -

piece source dest flag

A game is both players' moves in sequence.

PeZ2ed Pe’eb Nglf3 Nb8c6 Bflb5 Pa’a6

Pretraining: Human Chess Game Data

Player 1 Move 1: P e2e4 Player 2 Move 1: P e7e5
<P>
<N>

<B>

81 tokens in the vocabulary

Training data: move sequence of the game

<P> <e7> <e5>
<N> @ <b8> | <c6>

<P> | <a7> | <ab>



Puzzles as the RL task

The model sees the board, picks a move Reward

Wrong move ends the episode 1 if every move matches, else 0
Right move: the opponent replies

Repeat until the line is done

RL: Verifiable Puzzle Environment

Current state s; Qg4h4+ reward Kf6f5
my (ﬁ. r @ w — [y
lﬁ ¢ ¢ 4]
o/t
Al 1 - & ARA
Proposal model Verify a; matches Environment plays
proposes a; the gold move opponent reply
Sy,1 becomes s;
Rollout1 | Qg4h4+ v = | Pc2c4 x Rollout2 | Qg4h4+ |v = Rgifi v - Rfif4 v

Reward =0 Reward = 1



Puzzle example




Puzzle example




Puzzle example




CoT reasoning traces

Sample continuations from current
position

Structure as a tree of positions
Serialize into a token sequence
Commit to a move

Reason in context

The model writes its own trace, then
commits to a move

W I

SFT: Synthetic Reasoning Data

) Ng5h3 Nc6e5 Qf3xf7#
sample N merge into
trajectories ( search tree — Nd5xf4
—_— —_— se — Bclf4
—Em Bf8g7
- -
AR B proposal model Pg2g3 Qd8e7+ Kelfl

root state s
—> serialize root-to-leaf paths into a token sequence

<T> | <N> | <g5>  <h3> |<N> <c6> |<e5>| <Q>  <f3>  <f7> <#> <SEP> <B>| <cl>| <f4> . . . </T>



What a trace looks like

Input

Pe2e4 Pc7c5 Nglf3 Nb8c6 Pd2d4 Pcbxd4 Bflcd Pg7gb Nf3gb Pe7e6 Pc2c3 Pd7d5 Pe4xdb Pebxdb Qd1f3
Ng8f6 Bc4xdb Nf6xd5 <T>

Reasoning

Ng5h3 Bf8g7 <sep> Ngbh3 Nc6eb Qf3xf7# Nebxf7 <sep> Ngbh3 Bc8gd Qf3xf7# <sep> Ngbh3 Qd8d6
Bclfd Qd6e7+ <sep> Ngbh3 <sep> Ngbxf7 Ndb5e7 Bclf4 Rh8g8 Nf7xd8 Ne7f6 Qf3xc6+ <sep> Bclfd
Nd5xf4 Qf3xf4 Bc8f5 Qf4e5+ Bf8e7 <sep> Bclf4 Bf8g7 Ngbxf7 Rh8f8 <sep> Bclf4 Bf8e7 Bf4e5 <sep>
Qf3xf7# <sep> O-O Nd5f6 Nc6eb Qf7xd5 Nebcb <sep> Qf3xf7# <sep> Pg2g3 Qd8f6 Qf3xf6 Rh8g8 <sep>
Pg2g3 Qd8e7+ Kelfl Bc8eb Ngbxeb Qe7xe6 <sep> QI3xf7# </T>

Answer

QI3xf7#




Setup

54B 10 156K

pretraining tokens model sizes, 5M to 1B training puzzles

36 pretraining and RL combinations, at four model sizes

Five puzzle difficulty bins, B1 easiest to B5 hardest

Training and test sets are disjoint at the board-position level

Qwen3 architecture, GRPO

1,480

benchmark puzzles



PT < RL Scaling Laws



Chess pretraining LND)=E+ A 4
, o

(a) ValidationLoss (b) Pass@l (c) Pass@16
. 0.701 ) 1
-
|
Z
< 0.651
1}
,_8: N
= 0.60]
% [ 2N
=
 0.551
—
(]
2
© 0.50 1
>
5)
Z - - - - 0.0~ . . . . ’ . .
5 20 100 1000 5 20 100 1000 5 20 100 1000
Model size N (M parameters) Model size N (M parameters) Model size N (M parameters)
Compute-optimal locus N*(Cpre) (this work) ~ ==+ Chinchilla rule of thumb (D/N = 20) Y¢  Per-cluster optimum

We are able to fit Chinchilla-style scaling laws.
The exponents are a bit different from natural language.

B

DB

1019

1018

1017

Pretraining compute Cyre (FLOPS)



Reinforcement Learning

20M - Pass@16

50M - Pass@1l

50M - Pass@16

20M - Pass@l
40+ ] 50+ _ @R
P soh
) 40 -
50 P s
i 30 ’f T
20' III
30 /
10+ ,/ . tigess®
20 | ommt——"" ¢ -
1018 1019 1017 1018 1019 1017 1018 1019

1617
Total Compute (Log-scale FLOPs)
200M - Pass@16

1017 1018 1019
Total Compute (Log-scale FLOPs)

680M - Pass@1

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs

680M - Pass@16

200M - Pass@l
80+ .38 80+ o 3
2o RS 601 P sl
70 "
60 7. Q?’ _—
?--0" . o i
! 404 60" ’il
el ]
/ 501 |
/ 20+ i
14 404 !
2014, P
1018 1019 1020 1018 1019 1020 1019 1020 d 1019 1020
Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOP:

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPSs)

1018
O Step O (pretrain+SFT)

1 017
—— RL trajectory

10 19
Frontier

1020

Pretraining Compute (FLOPs)

% RL Compute Ratio

Next, we run RL initializing from different model sizes and pretraining token counts.



Reinforcement Learning

pass@1

20M - Pass@l

20M - Pass@16

50M - Pass@1l

50M - Pass@16

40 ] 50- -
improves gz v 01 = i oy
.Ef~"‘ ;i 301 />
. o _\ _-P;. 404 # 2 %,
with 7 gad 20
& r_..:s-- 1l . //
more RL ' Lty 09997 101
s i o ]
1017 1018 1019 1017 1018 1019 1017 1018 1019 1017 1018 1019

Total Compute (Log-scale FLOPs)
200M - Pass@l

Total Compute (Log-scale FLOPs)
200M - Pass@16
80

680M - Pass@1

801

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs

680M - Pass@16

_’_&O O Sus—o
i 60- Bt
70 /,.Qd W
60 -
401 604
4
oy 504
20 i
1 404 !
i 2014 —_
1018 1019 1020 1018 1019 1020 1019 1020 d 1019 1020

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs

Pretraining Compute (FLOPs)
1 017

—— RL trajectory

1018
O Step O (pretrain+SFT)

10 19
Frontier

1020
% RL Compute Ratio

Next, we run RL initializing from different model sizes and pretraining token counts.



Reinforcement Learning pass@16 looks flat

1 20M - Pass@l 20M - Pass@16 50M - Pass@1l 50M ass@16
pass 404 60 501 P
. | 40- ’.o[‘_";::"
Improves Q Y /i 507 - J
i £ 40 304 ’I :
I ® 904 1N T "y
with 220 et 20-
£ V20D ;
more RL ' Lty 0° 5° 101
¢ 201 0- @ - é -
1017 1018 ! 1019 1017 J 1018 ! 1019 1017 1018 1019 1017 1018 1019
Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs
200M - Pass@l 200M - Pass@16 680M - Pass@1 680M - Pass@16
80 3.9 80 60 3
L6807 Q_4a-237
9Pt .l
- i 704 = .
60 e Y o
?_- . et e meen,t, 60- ’{. . .
! o
404 ; ) .
1 1
l’ :
2014 g 401 |
0 1018 1019 1020 1018 1019 1020 1019 J 1020 ! 1019 : 1020
Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOP:

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPSs)
Pretraining Compute (FLOPs)

1019 1020

1017 1018
% RL Compute Ratio

—— RL trajectory O Step O (pretrain+SFT) -eo=- Frontier

Next, we run RL initializing from different model sizes and pretraining token counts.



Reinforcement Learning pass@16 looks flat

1 20M - Pass@l 20M - Pass@16 50M - Pass@1l 50M ass@16
paSS@ 404 60 501 P
. - /p.olf;‘:."
IMProves ~&30- 1 e ~
P Em “ e
H b Dbt
Wlth %20- g ‘.‘: .:.."._'\:..\
& 30+
104 1 A o
more RL oo el
1017 : 1018 ! 1019 1017 J 1018 ! 1019 1017 1018 1019 1017 1018 1019
Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs
200M - Pass@l 200M - Pass@16 680M - Pass@1 680M - Pass@16
80 801 o 093
,(.‘oﬂ‘
70+ eI\
60 Q/? ’ --:~
60— X =
4
40 504
1
i
2044 ‘ 404 !
0 1018 1019 1020 1018 1019 1020 : 1019 J 1020 d 1019 i 1020

Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs) Total Compute (Log-scale FLOPs

Pretraining Compute (FLOPs)
10V 1018 101 1020

—— RL trajectory O Step O (pretrain+SFT) —-o~- Frontier % RL Compute Ratio

We can also track what fraction compute goes to RL on the pareto frontier



Scaling Law for RL

Comparing ScaleRL with prevalent recipes

0.60
s e ScaleRL
= 0-56 ¢ MiniMax
b * Magistral
o0.52 e Qwen2.5 (DAPO)
g * DeepSeek (GRPO)
% 0.48 *  training points
= X extended training points
0 .
0 — fitted curve
© 0.4471
o X o extrapolated curve
*
0.40
1 2 4 8 16 32

GPU Hours x 103 (log scale)

Reward Gain

—N—
Rc — Ry

Asymptotic Reward Gain

rm—N—
(A — Ro)

X 1 B
} o (Cmid/C) |

Compute Efficiency

The Art of Scaling Reinforcement Learning Compute for LLMs; Khatri et al., 2026

In very high compute
regime, RL pass rate looks
like a sigmoid...


https://proceedings.iclr.cc/paper_files/paper/2026/hash/75ea88aca02640cca54c1231db8cacdd-Abstract-Conference.html

Scaling Law for RL

Comparing ScaleRL with prevalent recipes

060 In very high compute

— e ScaleRL i

T 56 . aL regime, RL pass rate looks

(@) e M ] 1 . . .

LI . oty like a sigmoid...

g * DeepSeek (GRPO)

% 0.48 *  training points

; X extended training points

80.44 == fitted curve ) o .

S | - extrapolated curve [yt early in training it looks
040 : 4 - e = log-linear!

GPU Hours x 103 (log scale)

Rn1(C) = Rﬂerfr + BN,r(10g1 C — 108 Cres)




Scaling Law for RL

RL reward as Constant shift Slope

a function of
RL compute

RN T(C = Rref + By T(logm loglo Cref)

/

RL compute



Scaling Law for RL

RL reward as Constant shift Slope

a function of
RL compute

Ry, T(C = R%' + By, r(log C — logg Crer)

/

RL compute

reward = level + slope x (decades of RL compute)



Scaling Law for RL 20M, T = 5.3¢+09

0.125 1 ruse=0.004
R2=40.88

0.100 A

S 0.075 -
2
Parameters that depend on PT - 0:0207 /
0.025

0.000
17 18

Ry, 7(C) = R¥' - + By 7(log; C — 1og; o Crer)

We fit these parameters to each individual RL run

Nc

o1 2
(Rf\?fTr BN,T) = arg rfzubn N_c 2 (RN,T(Ci) —a—b (10810 Ci— 10810 Cref))
4 i=1



Scaling Law for RL

Reward at 10910 Crer RiFT

0.4

0.3

0.2

0.1

0.0

-0.1

Rn,7(C) = R¥' + By,7(10g; o C — log; Cref)

9 compute level

008 —— 10g10C =16: p=-0.93, R?=0.87
®° —— 10g10C=17: p=-0.96, R2=0.94
%, — logiC=18: p=-0.98, R*=0.97
0 l0g10C =19: p=-0.99, R?=0.98

o logioC = 20: p=-0.99, R*=0.98

0.5 0.6 0.7 0.8
Pretraining eval loss

Reward at reference

compute is well-predicted

by PT loss




Scaling Law for RL RN,7(C) = Ri'r + B,7(l0g;g C — logy Cref)

0.4

o compute level 0.05 linear: R2=0.70 .. @ B = —0.208+0.017log;o T oe

"@; 008 — 10g10C =16: p=-0.93, R?=0.87 ' Spearman p = +0.84 e 09511 5 fg'oaaglogmN A ,»i
& o3| 8°  — logwC=17: p=096,Re=004 | 5 Peamson & & #0.841 4 : x Spearman p = +0.90 o 2/

e . °Q>% —— log;oC=18: p=-0.98, R2=0.97 (o) 0.04 ) 0.04 Pearson r = +0.92 A

UE Q l0g10C = 19: p=-0.99, R?=0.98 . e x .

E G okp l0g10C =20: p=-0.99, R?=0.98 2 2 o "',v

S 0.

s @ 0.03 e 208 Y v e

+ o 9 v 7

201 “E’ g 0.02 A &

= g 0.02 g 7r

Q Q £vE
% 0.0 3 3001 , v
= 0.01
05 0.6 0.7 0.8 85 90 95 10.0 105 0.00 0.01 0.02 0.03 004 0.05
Pretraining eval loss Pretraining tokens log,oT Predicted Slope By r (joint fit)
g g P .
VvV 20M A 50M @® 200M B 630M
Reward at reference The slope is well predicted by PT tokens
compute is well-predicted or joint model in (Tokens, Parameters)

by PT loss



Scaling Law for RL

Joint Pretraining—RL Scaling Law

L R(Cro, N, T) = f(Lpt(N, T)) + (N, T) (logyo Crr — 10g1 Cres)

We now have a joint scaling law connecting PT and RL!



Compute Allocation

( Joint Pretraining-RL Scaling Law
—— law frontier
~0.51 ___ L ;
— empirical frontier
C) -~ measured size
§044 —— hypothetical size s o f
S 300M 4
E 200M g
© 150M =
% 0.2 100M
=
2 0.1
0.0 1-0.1;—;ff:;7710/18 1019 1020 1021

Total Compute (log scale, FLOPs)

We can now optimize for (C_, , N, T) for a fixed total compute

RL’



Compute Allocation

Joint Pretraining-RL Scaling Law

R(CrL,N,T) =

|
L

f(Lpt(N, T)) + g(N, T) (logyo Crr — 10g; Cref)

—— law frontier ;@ 30
~0.5 L ; 2
- --=- empirical frontier X
g) -+ measured size &
0.41|=..— 3 ; 500M e 25
gé hypothetical size M) / 3
) ~f S
o 0.3 —~ 20
—
£02 E
’ o))
o g 15
2 0.1 8
— 10
B R~
0.0 1017 1018 1019 1020 1021

Total Compute (log scale, FLOPs)

We can now optimize for (C

Crer €[10%7,10%°] range
—— per-model frontier
—— continuous-N optimum

S ———————

150M
50M 21% 200M
220,

400M
20% 25%

22%
300M
23%

80M
19% L0M

1018 1019 1020
Total Compute (log scale, FLOPs)

= N, T) for a fixed total compute



Compute Allocation

Joint Pretraining-RL Scaling Law

|
L

R(Cgr, N, T) = f(Lpt(N, T)) + (N, T) (log; Crr — 10g; Cref)

RL reward (Pass@1)

~ ”
—— law frontier X 30 Crer €[10%7,10%°] range //’ 1.3
0-5] _-— empirical frontier o — per-model frontier z
. measured size 68 S —— continuous-N optimum 1.2
0.41 —.— hypothetical size 300M — 25 =
AL 100M J i _ 500M Uo-l-l
300M =/ 2 | s U = overtrained
0.3 - R e
200M ~ 201 _ 150M S undertrained
" [} 50M 21% 200M 400M Q A
150M ] 20% 229 25% = 0.9 200M 100M
0.2 100M a 300M . 100M 200
7 = 15 80M 23% 50M
M 100m 2 = :
aon g 19% 339 0.8 — — Chinchilla optimum
0.1 © 0.7 Crer + Chinchilla-fit error
é 10 —— post-RL optimum
0.0 1017 7{1018 1019 1020 1021 10‘18 1019 1020 0. 018 1019 1020

Total Compute (log scale, FLOPs)

f(L) =0.0314 + exp(4.87 —12.85L)

We can now optimize for (C

Total Compute (log scale, FLOPs)

R(Cpe, N, T) = f(L) + g(N, T) (log1o Cr. — 20)
g(N,T)=—0.216 + 0.0172log1o T + 0.0098 log1o N

RL’

Total Compute (log scale, FLOPs)

L(N,T)=0.414 + 95.4 N70404 4+ 1,62 x 105 70677

N, T) for a fixed total compute

9.25
9.00 5
N
8.75'%
8.50-3
o
8.25 §
8.00=
o
o
7.75 8

7.50



What is RL doing to the policy



What is RL actually doing?

RL Sharpens PT Composes & Both / Dynamic
Policy Discovers Interplay

pass@k is flat for large k f(x) & g(x) — f(g(x)) Both in some combination
arxiv.org/abs/2504.13837 arxiv.org/abs/2509.25123 arxiv.org/abs/2512.07783

Intuitively, the allocation question is also related to whether RL can breakthrough
beyond the PT priors.


https://arxiv.org/abs/2504.13837
https://arxiv.org/abs/2509.25123
https://arxiv.org/abs/2512.07783

Ground truth
amplification
on easy
puzzles

Tail
discovery on
hard puzzles
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Categorization of policy updates

Correct move is already in
top-k and RL reinforces it
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Proportion of Samples

Categorization of policy updates

Correct move is already in  Correct move is in the
top-k and RL reinforces it low-probability tail, but RL

discovers it
(a) GT Amp (b) Tail Discovery
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Categorization of policy updates

Correct move is already in  Correct move is in the Incorrect high-probability
top-k and RL reinforces it  low-probability tail, but RL  moves are amplified

Proportion of Samples
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Categorization of policy updates

Correct move is already in  Correct move is in the Incorrect high-probability
top-k and RL reinforces it ~ lOwW-probability tail, but RL  moves are amplified
discovers it
" (a) GT Amp (b) Tail Discovery (c) Wrong-Mode Amp
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More on easy problems More on hard problems



Tall discovery example
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CoT analysis
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The structured CoT format also allows us to see what happens to CoT during RL.



Generalization beyond chess



Transfer beyond chess
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We replicate a part of the scaling analysis with a 1B parameter LLM on math.




Thank you!

Chess as testbed for reasoning

Joint scaling law for PT and RL

Optimal PT <« RL compute allocation
RL largely sharpens but there is also tail
discovery

Models & datasets huggingface.co/pavelslab-nyu/pre2post-chess
Code github.com/pavelslab-nyu/pre2post-chess



http://huggingface.co/pavelslab-nyu/pre2post-chess
http://github.com/pavelslab-nyu/pre2post-chess

Next questions

e Should RL and PT interact more?

e How does PT affect RL asymptotic
ceiling performance?

e How to reduce wrong mode amplification
and increase tail discovery?

e Using the testbed study weak-to-strong
generalization, self-play, ...

e Generalization to other domains

Models & datasets huggingface.co/pavelslab-nyu/pre2post-chess
Code github.com/pavelslab-nyu/pre2post-chess



http://huggingface.co/pavelslab-nyu/pre2post-chess
http://github.com/pavelslab-nyu/pre2post-chess

