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Reinforcement Learning with Verifiable Reward

* Previously, RLHF is widely used for the post-training stage of large language
models (LLMs)

* They always use a trained (process/outcome) reward model for providing
reward signal in RLHF, which may suffer from several issues:
 Reward hacking
e Accuracy of the reward model is not that high
* High training cost
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Reinforcement Learning with Verifiable Reward

* Previously, RLHF is widely used for the post-training stage of large language
models (LLMs)

* They always use a trained (process/outcome) reward model for providing
reward signal in RLHF, which may suffer from several issues:
 Reward hacking
e Accuracy of the reward model is not that high
* High training cost

* RLVR (Reinforcement Learning with Verifiable Reward) is becoming more
popular nowadays for training reasoning LM. It only requires a rule-based
outcome reward
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Reinforcement Learning with Verifiable Reward
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Reinforcement Learning with Verifiable Reward

e Used in advanced

reasoning LLM like Joreo(6) = E[q ~ P(Q), {01}, ~ e, (0lq)]
DeepSeek-R1, kimi-1.5 1 & 0(0i |
! ! . ilq) . mo(oilq)

etc. c ; (mm (ﬂ-eoid (Oilq)Ai, clip 0., (019)" 1-¢,1+ E) Ag) — BDxg, (ﬂ'gllﬂ'ref))

Tre (01|Q) Tre (Ollq)
+ Combined with RL D (rolles) = =L Gl ~ %8 p(ale) -
algorithms like PPO and
GRPO. A = ri —mean({ry,r2,-+* ,16}) .

Std({rlfrZI Ty T'G})
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Reinforcement Learning with Verifiable Reward

Jerpo(8) = E[q ~ P(Q), {0:}%, ~ ma,,(0|q)]

GRPO:

q: question from dataset.

* 0;:i-th generated outputs
from old policy model 6,4

* (:group size

* ¢: clipping hyperparameter

* 717 reward for o;

* A;: group advantage for o;

* Dy, : KL divergence

between current policy 6

and reference policy 6,..¢.
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Reinforcement Learning with Verifiable Reward

* Many recent works focus
on designing new RL Toaro(8) =
algorithms:

E(g,a)~D {0:}5 ,~mo., (-l0)
G o

1 a R
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{o; | is_equivalent(a, 0,,;)}‘ <G.

Dr. GRPO
GRPO Done Right (without bias)
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affects RLVR
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Data Selection in RLVR

To what extent can we reduce the training dataset for RLVR
while maintaining comparable performance compared to using
the full dataset?
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Data Selection in RLVR

To what extent can we reduce the training dataset for RLVR
while maintaining comparable performance compared to using
the full dataset?

ONE
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Evaluation Dataset

Mathematical reasoning tasks:
« MATH500
« AIME2024
 AIME2025
e AMC2023
 Minerva Math
* OlympiadBench

Non-mathematical reasoning tasks:

e ARC-Easy/Challenge

University of Washington
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Evaluation Dataset

Mathematical reasoning tasks:
« MATH500
« AIME2024
 AIME2025
e AMC2023
 Minerva Math
* OlympiadBench

Non-mathematical reasoning tasks:

e ARC-Easy/Challenge

University of Washington

Example from MATH500:

Convert the point $(0,3)$%$ in
rectangular coordinates to polar
coordinates. Enter your answer in the
form $(r, \theta),$ where $r > 0% and
$0 \le \theta < 2 \pi.$
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Evaluation Dataset

Mathematical reasoning tasks:

Non-mathematical reasoning tasks:

University of Washington

MATH500
AIME2024
AIME2025
AMC2023
Minerva Math
OlympiadBench

ARC-Easy/Challenge

Example from ARC-Challenge:

George wants to warm his hands quickly
by rubbing them. Which skin surface
will produce the most heat?

. Dry palms

. Wet palms

. Palms covered with o1l

. Palms covered with lotion

OO o>
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One-Shot RLVR

e Model: Qwen2.5-Math-1.5B, Data Pool: 1.2k DeepScaleR-subset (DSR-sub)

* 1-shot RLVR works as well as 1.2k DSR-sub dataset (which contain that one example)

Average on 6 benchmarks
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One-Shot RLVR

* Improves a lot compared from base model on 6 math reasoning benchmarks

80 -

724.73.6 ;5 g 73. P Base Model
70 - 7.5k MATH train set
1.2k DSR-sub
60 - 1 shot {m}
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~ 50.6
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One-Shot RLVR

* 1-shot RLVR with math example can even improve model performance on
non-math tasks (ARC-Easy/Challenge), even better than full-set RLVR.

Dataset Size | ARC-E ARC-C
Base NA 48.0 30.2
MATH 7500 51.6 32.8
DSR-sub 1209 42.2 29.9
{71} | 52.0 32.2
{13} 1 55.8 33.4
{71, T13 ) 2 2.1 32.4
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RLVR Loss

 We follow the default setup of verl, which include three losses by default

* Policy gradient loss: normal GRPO loss
* KL divergence loss (5 > 0)
* Entropy loss (o« < 0): per-token entropy, for encouraging exploration

LGRPO(Q) =K

University of Washington

q~P(Q)
{Oi}le ~TO1d (Ol‘?)

pG-Grpo (2 0) + BLL (-, 0, 0her) + L

/
Entropy

(39)
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Data Selection: Historical Variance Score

Motivation: Previous work shows that

* the variance of the reward signal is critical for RL training [1]
* choosing problems with medium difficulty will be better [2, 3]

We design a score named historical variance score to rank the data

University of Washington
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Data Selection: Historical Variance Score

(1) Train RLVR for E epochs on full

dataset, obtain historical traini _

, | |s.tor|ca training acc Li — [Si Lseney S E]
for each example i. ’ "
(2) Rank the data by their historical V; 1= VaI’(Sg‘jl,, e Si,E)

variance of acc.

i i=7(J) = argjsort{v@- .1 € [N}
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Data Selection: Historical Variance Score

(1) Train RLVR for E epochs on full
dataset, obtain historical training acc I, — [S* ) S E]
for each example i. ! b T
(2).Rank the data by their historical Vi = VEII’(S@ e, S E)
variance of acc. ’ ’

This: criterion is not necessarily T = ,}T(j) — arg Sort{'v@- = [N]}
optimal! 1-shot RLVR works for a lot j

of examples.
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Data Selection: Historical Variance Score

* We copy the single example many
times to fill the entire training I, —
. = |S; e o0 Sy
batch (e.g. 128) ! [ %1 ’ %’E]
* (just because verl requires at least
one example allocated to each
GPU)

V; ‘= Var(sijl,, e ?Si’E)

i i=7(J) = argjsort{v@- .1 € [N}
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Dissection of Selected Examples

* Not-so-difficult problems: initial model is already capable of sampling
correct answers

Prompt of example 7:

The pressure \\( P \\) exerted by wind on a sail varies jointly as the area \\( A \\) of the sail and the
cube of the wind’s velocity \\( V \\). When the velocity is \\( 8 \\) miles per hour, the pressure on a
sail of \\( 2 \\) square feet is \\( 4 \\) pounds. Find the wind velocity when the pressure on \\( 4 \\)

square feet of sail is \\( 32 \\) pounds. Let’s think step by step and output the final answer within
\\boxed{}.

Ground truth (label in DSR-sub): 12.8.

Prompt of example 75:

Given that circle $C$ passes through points $P(0,-4)$, $Q(2,0)$, and $R(3,-1)$. \n$(1)$ Find the equation
of circle $C$. \n$(2)$ If the line $1: mx+y-1=0$ intersects circle $C$ at points $A$ and $B$, and
$|AB|=4$, find the value of $m$. Let’s think step by step and output the final answer within \\boxed{}.

Ground truth (label in DSR-sub): .

University of Washington 23



A Universal Phenomenon

* Almost all examples can be used in 1-shot RLVR

Dataset | Size | Step| Type | Alg. C.P. Geo. L Alg. N. T. Prealg. Precal. MATH500 | AIME24

Base | O | 0 | NA | 371316 390 433 242 366 339 | 360 | 6.7
MATH |7500|1160| General | 91.1 65.8 63.4 59.8 823 817 66.1 | 754 20.4
DSR-sub | 1209 [ 1160 | General | 91.9 68.4 585 57.7 855 793 679 | 752 18.8
{m1) I |1860| Alg. | 887 632 56.1 629 79.0 81.7 643 | | 740 16.7
{72} I |220| N.T. |839579 561 557 774 829 60.7 | | 70.6 17.1
{74} I | 80 | N.T. |798579 537 51.6 71.0 744 536 | | 656 17.1
{77} I | 580 | LAlg | 758 605 51.2 567 597 70.7 57.1 | | 64.0 12.1
{11} I | 20| NT |758658 561 50.5 66.1 732 50.0 | | 64.0 133
{713} I |1940| Geo. | 89.5 65.8 63.4 557 839 817 66.1 | | 74.4 17.1
{m16) I | 600 | Alg. |863 632 561 51.6 677 732 518 | | 67.0 14.6
{mi7) I |220| C.P. |807 658 512 588 677 78.1 482 | | 672 133
{7605 } I |1040| Precal. | 847 63.2 585 49.5 823 781 625 | | 718 14.6
{606 } I | 460 | N.T. | 839 632 537 495 58.1 756 464 | | 64.4 14.2
{mi201}) | 1 | 940 | Geo. | 89.5 68.4 585 53.6 790 732 625 | | 714 16.3
{mi207) | 1 | 100 | Geo. | 67.7 50.0 43.9 412 532 634 427 | | 540 9.6
{mi20s) | 1 | 240 | C.P | 581 553 439 320 403 488 321 | | 450 8.8
{mi200} | 1 |1140| Precal. | 863 71.1 659 557 758 768 643 | (722 17.5
{(m1...m6)| 16 |1840| General | 90.3 63.2 61.0 557 69.4 80.5 60.7 | 716 16.7
{m,m) | 2 |1580| Alg/N.T.| 89.5 63.2 61.0 60.8 82.3 744 589 | 728 15.0
{mi,m3) | 2 |2000| Alg./Geo. | 927 711 58.5 57.7 79.0 842 714 | 76.0 17.9
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A Universal Phenomenon

e 1-shot RLVR also works for PPO

RL Dataset | MATH AIME AMC Minerva Olympiad- AIME A
Dataset Size 500 2024 2023 Math Bench 2025 Ve
Qwen2.5-Math-1.5B [24] + PPO
NA NA 36.0 6.7 28.1 8.1 22.2 4.6 17.6
DSR-sub 1209 72.8 19.2 48.1 27.9 35.0 9.6 35.4
{71} 1 ] 72.4 11.7 51.6 26.8 33.3 7.1 ]l33.8!
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A Universal Phenomenon

1-shot also works for Qwen2.5-Math-1.5/78B, Llama-3.2-3B-

Instruct, and DeepSeek-R1-Distill-Qwen-1.5B

RL Dataset | MATH AIME AMC Minerva Olympiad- AIME Av

Dataset Size 500 2024 2023 Math Bench 2025 &
Qwen2.5-Math-7B + GRPO
NA NA 51.0 12.1 35.3 11.0 18.2 6.7 22.4
DSR-sub 1209 78.6 25.8 62.5 33.8 41.6 14.6 42.8
{1} 1 79.2 23.8 60.3 27.9 39.1 10.8 40.2
{71, m13} 2 79.2 21.7 58.8 35.3 40.9 12.1 41.3
[71'1: MTa,TM13, 1200 ] 4 78.6 22.5 61.9 36.0 43.7 12.1 @
Random 16 76.0 22.1 63.1 31.6 35.6 12.9 40.2
{m1,...,m16)} 16 77.8 30.4 62.2 35.3 39.9 .6 42.5
Llama-3.2-3B-Instruct + GRPO

NA NA 40.8 8.3 25.3 15.8 13.2 1.7 17.5
DSR-sub 1209 43.2 11.2 27.8 19.5 16.4 0.8 19.8
{m1) 1 45.8 7.9 25.3 16.5 17.0 1.2 19.0
{m1, m13} 2 494 7.1 31.6 18.4 19.1 0.4 21.0
[71'1, Ma,7M13, 71209 ] 4 46.4 6.2 29.1 21.0 15.1 1.2 w
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Training Accuracy (%)

Post-saturation Generalization

* Training accuracy saturates (reaches near 100% quickly)
* Test performance continues improving! (Even after overfitting training example)

S
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Post-saturation Generalization

* Training accuracy saturates (reaches near 100% quickly)
* Test performance continues improving! (Even after overfitting training example)

Training Response | Evaluation Response (MATH500)
Problem: As shown in Table 1 | Problem: Find the roots of $(x - 3)*3 + (x -7)*3 = (2x - 10)"3.$
Answer: 12.8 I Answer: 3, 5, 7

Step 0: “Step 1:..\\[ P = kAVA3\\] ...Step 2: ...\\[k = \\frac{4}1024} = | Step 0: “"Find the roots of $(x - 3)3 + (x -7)3 = (2x -
\\frac{1}{256} \\]... Step 3: .\\[ V = \\sqri[3[{2048} W\n\n\\[ V = 12.88 | 10)*3.$.Highlight\n.Highlight\n.Highlight\n.Highlight\n......(no final
...final answer is:\n\n\\[ \\ooxed{12.88} \\|" g answer).”

Step 500: “We start by writing the mathematical relationship for the | Step 500: “... simplifies to:\n\n\\[\n(x - 3)"3 + (x - 7)A3 = (2x - 10)((x
pressure \\( P \\):\n\\[ P = k \\cdot A \\cdot V"3 \\\nwhere \\( k \\) is a |- 3)2 - (x-3)(x-T7) + (x-7)"2)\n\\n\nThis equation is true if \\(2x -
constant...\\[ 4 = k \\cdot 2 \\cdot 83 \\]...\\[ k = \\frac{1}{256}\\] ...\\[ " 10 = O\\) or if the expression \\((x - 3)*2 - (x - 3)(x - 7) + (x - 7)"2 =
32 =\\frac{1}{256} \\cdot 4 \\cdot VA3\\] ...\\[ 2048 = VA3 \\n\\[ V = I 0\))...So \\(x = 5\\) is a solution...Since the discriminant is negative,
\\sqrt[3]{2048} \\n\\[ V = 12.8 \nThus, the wind velocity is \\( | there are no real solutions to this quadratic equation...the final
\\boxed{12.8} \\) miles per hour” | answer is:\n\n\\\n\\boxed{5H\n\\]...”

University of Washington



Post-saturation Generalization

* Training accuracy saturates (reaches near 100% quickly)

* Test performance continues improving! (Even after overfitting training example)

University of Washington

Step 1300: “First, substituting the initial known scenario conditions
into the corresponding variant......\\[ P = k \\cdot A \\cdot V3
\\...From specific of \(A=2\\), \\( V =8 \\), \\( P =4 \\),\n\nthen
required equation will be line up out:\n\[4 = k \\cdot 2 \\cdot
813...\\4 = k \\cdot 2 \\cdot 512\\\n\\[4 = 1024k\\]\nthus solving can
then seek toward \\( k \\):\n\\[k = \\frac{4}{1024} = \\frac{1}{256}\\]
...For a moment press onward investing concrete data to
pinpoint...\\[32 = \\frac{1}{256} \\cdot 4 \\cdot V*3\\]...now
simplification further solving thusly for final...n\\[V*3 = 2048 \\] then
calculate in:\n\[V = \\sqrt[3]{2048} = 12.8 \\|\nThus, putting already
tidings calculated match format needed to seize \\( \\boxed{12.8}...”

| Step 1300: “...First, let's simplify the equation... \[\n(2x - 10)((x -
IN2-(x-3)(x-7)+(x-7)"2-(2x - 10)*2) = 0\n\\\n\nThis gives us
two cases to consider:\n\n1. \\(2x - 10 = OW\n2. \((x - 3)"2 - (x -
3)(x-7)+ (x-7)"2-(2x-10)"2 = O\))...So \\(x = B\\) is a solution.

I Now let's solve the second case...\[\n(x - 3)(x - 7) = 0 \implies x =

| 3 \text{ or } x = 7\n\\]\n\nSo the solutions to the equation are \\(x =
5\), W(x = 3\\), and \\(x = 7\\). Let's verify these solutions using
Python. ~python \nfrom sympy "output\n[5, 3, 7]\n" "\nThe

solutions to the equation \((x - 3)*3 + (x - 7)*3 = (2x - 10)*3\\) are

1\\(x = 5\), \\(x = 3\\), and \\(x = 7\\). Therefore, the roots of the

] equation are:\n\n \\[\n\\boxed{3, 5, 7An\\]"

Step 1860: “Lon Pharmacconditioncomputerone advoc Played
Miglikfidx DependencyPropertyiciente witch unexpected.Function
blendDesigner.xlsx € %-)\r\r\n kon(Application tileSizewow addUser
=RoreaFr ik \telemnpasnentmp Finds... i Metricupyiouy’} ,\n\n
1 \[\n\\begin{aligned)\nP &= k \\cdot A \\cdot VA3 \W\n4 &=k \\cdot
2 \\cdot (8)*3 \implies 4 = k \\cdot 2 \\cdot 512 \\implies k =
\\frac{4}{1024} = \\frac{1}{256} \Win\text{ nno 2 & S]allocate
\nHere A2 Hifl Ob@p n..\tis—2E F assurances  \n\\[\n32 =
\\frac{1}{256} \\cdot 4 \\cdot VA3 \implies 32 = \\frac{V/"3}{64}
\implies VA3 = 2048 \\implies V = \\sqrt[3]{2048} = 12.8\n tya
frivol.;\n 0Bs3®:spock-F 42 Z f4:0>.Work= nnondopm\\M
):\n\\-St(SIG(groupld frau 4jumpcod\\);',\n\\\n\\boxed{12.8}"

| Step 1860: “Let's solve the equation \\((x - 3)*3 + (x - 7)"3 = (2x -
|10)"3\\) step by step...we need to solve:\n\n\\[\nx*3 - 15x"2 + 71x -
105 = 0\n\\\n\nWe can use the Rational Root Theorem to find the
Ipossible rational roots of this polynomial. The possible rational roots
lare the factors of the constant term (105) divided by the factors of
|the leading coefficient (1). The factors of 105 are \\(\\pm 1, \\pm 3,
|\\pm 5, \\pm 7, \\pm 15, \\pm 21, \\pm 35, \\pm 105\\). By testing
these values, we find that \\(x = 5\\) is a root:\n\n\\[\n5"3 - 15(52) +
I71(5) -105 =125 - 375 + 355 - 105 = O\n... we get:\n\n\\[\nx"3 -
115x72 + 71x - 105 = (x - 5)(x2 - 10x + 21)\n\J... \[\nx"2 - 10x + 21
I= (x - 3)(x - 7) = 0\n\\\n\nSo the roots are \\(x = 3\\) and \\(x =
7\\)...The final answer is:\n\n\\[\n\\boxed{3, 5, 7}\n\\)"
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Post-saturation Generalization

e Step 1860: outputs overfits training example, but performs well on test data

Step 1860: “Lon Pharmacconditioncomputerone advoc Played
Miglik§izidx DependencyPropertyiciente witch unexpected.Function
blendDesigner.xlsx € %-)\r\r\n kon(Application tileSizewow addUser
=Xoreazz Z iR — \telemnpasnenxtmp Finds...liMetricupytouy} ,\n\n
1 \[\n\\begin{aligned}\nP &= k \\cdot A\\cdot VA3 \\\n4 &= k \\cdot
2 \\cdot (8)*3 \implies 4 = k \\cdot 2 \\cdot 512 \\implies k =
\\frac{4}{1024} = \\frac{1}{256} \W\n\\text{ nno 2! & Sallocate
\nHere A2 Hifl Ob@ n...\tss—2E ¥ assurances  \n\\\n32 =
\\frac{1}{256} \\cdot 4 \\cdot V3 \\implies 32 = \\frac{V"3}{64)
\implies VA3 = 2048 \\implies V = \\sqrt[3]{2048} = 12.8\n tv2
frivol.;\n 0653?P:spock-F #:32 Z A9:0» Work= nnondopm\M '
"):An\\-St(SIG(groupld frau 4jjumpcod\\):',\n\[\n\\boxed{12.8}"

| Step 1860: “Let's solve the equation \\((x - 3)*3 + (x - 7)*3 = (2x -
|10)"3\\) step by step...we need to solve:\n\n\\\nx*3 - 15x*2 + 71x -
105 = 0\n\\\n\nWe can use the Rational Root Theorem to find the
Ipossible rational roots of this polynomial. The possible rational roots
lare the factors of the constant term (105) divided by the factors of
Jthe leading coefficient (1). The factors of 105 are \\(\\pm 1, \\pm 3,
|\\pm 5, \\pm 7, \\pm 15, \\pm 21, \\pm 35, \\pm 105\\). By testing
these values, we find that \\(x = 5\\) is a root:\n\n\\[\n5"3 - 15(5"2) +
|71 (5) - 105 =125 - 375 + 355 - 105 = O\n... we get:\n\n\\[\nx"3 -
115x72 + 71x - 105 = (x - 5)(x*2 - 10x + 21)\n\\J...\[\nxA2 - 10x + 21
I= (x - 3)(x - 7) = 0\n\\J\n\nSo the roots are \\(x = 3\\) and \\(x =
7\\)...The final answer is:\n\n\\\n\\boxed{3, 5, 7)\n\\]"

University of Washington
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Cross-Domain Generalization

(1) Training example from one domain improves performance in all other domains

Dataset | Size | Step | Type | Alg.

C.P. Geo. L Alg. N. T. Prealg. Precal. MATH500 | AIME24

Base | O | 0 | NA | 371316 390 433 242 366 339 | 360 | 6.7
MATH |7500|1160| General | 91.1 65.8 63.4 59.8 823 817 66.1 | 754 20.4
DSR-sub | 1209 [ 1160 | General | 91.9 68.4 58.5 57.7 855 793 679 | 752 18.8
{m1) I [1860| Alg. |/88.7 632 56.1 629 79.0 817 643\ 740 16.7
{72} I |220| N.T. |839579 561 557 774 829 60.7 | 706 17.1
{74} I | 80 | N.T. |798579 537 51.6 71.0 744 536 | 656 17.1
{77} 1 | 580 | LAlg | 758 605 512 567 597 707 57.1 | 640 12.1
{11} I | 20| NT |758658 561 50.5 66.1 732 500 | 640 133
{713} I |1940| Geo. | 89.5 658 63.4 557 839 817 66.1 | 744 17.1
{m16) I | 600 | Alg. |863 632 561 51.6 677 732 518 | 670 14.6
{mi7) I 220 C. P [\807 658 512 588 677 781 482)] 67.2 133
{7605 } I |1040| Precal. | 847 632 585 49.5 83 781 625 | 718 14.6
{606 } I | 460 | N.T. | 839 632 537 495 58.1 756 464 | 64.4 14.2
{(mi201) | 1 | 940 | Geo. | 89.5 68.4 585 53.6 790 732 625 | 714 16.3
{(mi207) | 1 | 100 | Geo. | 67.7 50.0 43.9 412 532 634 427 | 540 9.6
{mi20s) | 1 | 240 | C.P | 581 553 439 320 403 488 321 | 450 8.8
{mi200} | 1 |1140| Precal. | 863 71.1 659 557 758 768 643 | 722 17.5
{(m1...m6)| 16 |1840| General | 90.3 63.2 61.0 557 69.4 80.5 60.7 | 716 16.7
{m,m) | 2 |1580| Alg/N.T.| 89.5 63.2 61.0 60.8 82.3 744 589 | 728 15.0
{mi,m3) | 2 |2000| Alg./Geo. | 927 711 58.5 57.7 79.0 842 714 | 76.0 17.9
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Cross-Domain Generalization

e (2) test data that has the same category as training example does not necessarily
yield better improvement

Dataset | Size | Step| Type | Alg. C.P. Geo. L Alg. N. T. Prealg. Precal. MATH500 | AIME24

Base | O | 0 | NA | 371316 390 433 242 366 339 | 360 | 6.7
MATH |7500|1160| General | 91.1 65.8 63.4 59.8 823 817 66.1 | 754 20.4
DSR-sub | 1209 [ 1160 | General | 919 68.4 585 57.7 855 793 679 | 752 18.8
{m1) I |1860| Alg. | 887 632 56.1 629 790 81.7 643 | 740 16.7
{72} I |220| N.T. |839579 561 557 774 829 60.7 | 70.6 17.1
{74} I | 80 | NT |798579 537 51.6 71.0 744 536 | 656 17.1
{77} I | 580 | LAlg | 758 605 51.2 567 59.7 70.7 57.1 | 640 12.1
{711} I | 20| NT |758 658 56.1 50.5 732 500 | 640 133
(m13) I |1940| Geo. | 89.5 65.8 63.4 557 8§39 817 66.1 | 74.4 17.1
{716} I | 600 | Alg. |863 632 561 51.6 677 732 518 | 67.0 14.6
{717} I |220| C.P. |807 658 512 588 677 78.1 482 | 672 133
{7605 } I |1040| Precal. | 84.7 63.2 58.5 49.5 823 78.1 71.8 14.6
{606 } I | 460 | N.T. | 839 632 53.7 495 75.6 464 | 64.4 14.2
{(mi201) | 1 | 940 | Geo. | 89.5 68.4 585 53.6 790 732 625 | 714 16.3
{(mi207) | 1 | 100 | Geo. | 67.7 50.0 43.9 412 532 634 427 | 540 9.6
{mi20s) | 1 | 240 | C.P | 581 553 439 320 403 488 321 | 450 8.8
{mi200} | 1 |1140| Precal. | 863 71.1 659 557 758 768 643 | 722 17.5
{(m1...m6)| 16 |1840| General | 90.3 63.2 61.0 557 69.4 80.5 60.7 | 716 16.7
{m,m) | 2 |1580| Alg/N.T.| 89.5 63.2 61.0 60.8 82.3 744 589 | 728 15.0
{mi,m3) | 2 |2000| Alg./Geo. | 927 711 58.5 57.7 79.0 842 714 | 76.0 17.9
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More Frequent Self-Reflection on Test Data

 The response length of 1-shot RLVR increases

* On test tasks, # of reflection words (e.g. “recheck”) increase.

Response Length Entropy Loss " All 6 Benchmarks
3000 1 shot {m} 1 shot {m} -g 50+ 1 shot {m}
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2500 —— 1.2k DSR-sub ~— 1.2k DSR-sub c 1 shot {m}
: "su : -su G ---- 1.2k DSR-sub
8- ‘= 40
2000 - @
o
1500 L o g 307
Q
4 - ]
1000 4, 5 20]
" f v dladalo Lo b ' bl 4 At Lilus E
500 - 2- o A A Ao A
g 10 1] VU WAL N "'\.’1;1
B . . . . 0: - - : —— = U y y J y
500 1k 1.5k 2k 500 1k 1.5k ok 0 250 500 750 1000 1250 1500 1750 2000
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Ablation Study

(1) The improvement of 1(few)-shot RLVR mainly attributes to policy loss

Row Policy  Weight KL Entropy Label Training MATH AIME
Loss Decay Loss Loss Convergence 500 2024
1 12.8 .
2 + 12.8 YES 71.8 15.4
3 + + 12.8 YES 71.4 16.3
4 . . + 12.8 YES 70.8 15.0
5 + + + 4 12.8 YES 74.8 17.5
6 + + + +, —0.003 12.8 YES 73.6 15.4
7 + + 12.8 YES 75.6 17.1
8 + + 12.8 NO 39.0 10.0
9 + + - 12.8 NO 65.4 7.1
10 + 12.8 NO 63.4 8.8
11 + + + + 12.7 YES 73.4 17.9
12 + + + + 4 YES 57.0 0.2
13 + + + + 929725 NO 64.4 9.6

University of Washington



Ablation Study

(2) post-saturation is different from “grokking”, which is highly depend on weight decay

Row Policy  Weight KL Entropy Label Training MATH AIME
Loss Decay Loss Loss Convergence 500 2024
1 12.8 NO 39.8 7.5
2 + 12.8 YES 71.8 15.4
3 + + 12.8 YES 71.4 16.3
4 . . + 12.8 YES 70.8 15.0
5 + + + 4 12.8 YES 74.8 17.5
6 + + + +, —0.003 12.8 YES 73.6 15.4
7 + + 12.8 YES 75.6 17.1
8 + + 12.8 NO 39.0 10.0
9 + + - 12.8 NO 65.4 7.1
10 - 12.8 NO 63.4 8.8
11 + + + + 12.7 YES 73.4 17.9
12 + + + + 4 YES 57.0 9.2
13 + + + + 929725 NO 64.4 9.6
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Ablation Study

(3) Adding proper entropy loss can further improve performance based on policy loss.

Row Policy  Weight KL Entropy Label Training MATH AIME
Loss Decay Loss Loss Convergence 500 2024
1 12.8 NO 39.8 7.5

2 + 12.8 YES 71.8 15.4
3 + + 12.8 YES 71.4 16.3
4 . . + 12.8 YES 70.8 15.0
5 + + + + 12.8 YES 74.8 .
[ 6 + + + +, —0.003 12.8 YES 73.6 15.4
7 + + 12.8 YES 75.6 17.1
8 + + 12.8 NO 39.0 10.0
9 + + - 12.8 NO 65.4 7.1
10 + 12.8 NO 63.4 8.8
11 + + + + 12.7 YES 73.4 17.9
12 + + + + 4 YES 57.0 0.2
13 + + + + 929725 NO 64.4 9.6

University of Washington
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Ablation Study

(3) Adding proper entropy loss can further improve performance based on policy loss.
It can be important for post-saturation generalization, showing the importance of

encouraging exploration

Average on 6 benchmarks
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Ablation Study

(4) Simply adding entropy loss alone can still improve model performance.

Row Policy  Weight KL Entropy Label Training MATH AIME
Loss Decay Loss Loss Convergence 500 2024
1 12.8 NO 39.8 7.5
2 + 12.8 YES 71.8 15.4
3 + + 12.8 YES 71.4 16.3
4 . . + 12.8 YES 70.8 15.0
5 + + + 4 12.8 YES 74.8 17.5
6 + + + +, —0.003 12.8 YES 73.6 15.4
7 + + 12.8 YES 75.6 17.1
8 + + 12.8 NO 39.0 10.0
9 + + - 12.8 NO 65.4 7.1
10 + 12.8 NO 63.4 8.8
11 + + + + 12.7 YES 73.4 17.9
12 + + + + 4 YES 57.0 0.2
13 + + + + 929725 NO 64.4 9.6

University of Washington
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Ablation Study

(4) Simply adding entropy loss alone can still improve model performance.

Table 6: Entropy loss alone with 7, can still improve model performance.

MATH AIME24

AMC23 Minerva Olympiad- AIME

Model 500 2024 2023  Math  Bench 2025 | V&
Qwen2.5-Math-1.5B 36.0 6.7 28.1 8.1 22.2 4.6 17.6
+Entropy Loss, Train 20 step 63.4 8.8 33.8 14.3 26.5 3.3 25.0
Llama-3.2-3B-Instruct 40.8 8.3 25.3 15.8 13.2 1.7 17.5
+Entropy Loss, Train 10 step 47.8 8.8 26.9 18.0 15.1 0.4 19.5
Qwen2.5-Math-7B 51.0 12.1 35.3 11.0 18.2 6.7 22.4
+Entropy Loss, Train 4 step 57.2 13.3 39.7 14.3 21.5 3.8 25.0

University of Washington
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Ablation Study

(4) Simply adding entropy loss alone can still improve model performance. So when
the label is wrong, model still has some improvement from 1-shot RLVR.

Row Policy = Weight KL Entropy Label Training MATH AIME
Loss Decay Loss Loss Convergence 500 2024
1 12.8 NO 39.8 7.5
2 + 12.8 YES 71.8 15.4
3 + + 12.8 YES 71.4 16.3
4 + + + 12.8 YES 70.8 15.0
5 + + + + 12.8 YES 74.8 17.5
6 + + + +, —0.003 12.8 YES 73.6 15.4
7 + + 12.8 YES 75.6 17.1
8 + + 12.8 NO 39.0 10.0
9 + + + 12.8 NO 65.4 7.1
10 + 12.8 NO 63.4 8.8
11 + + + + 12.7 YES 73.4 17.9
12 + + + + 4 YES 57.0 9.2
13 + + + + 929725 NO 64.4 9.6

University of Washington



(Only) Format Fixing?

Only format reward can improve a lot on Qwen2.5-Math-1.5B
 Still has a gap with outcome reward

* (These two holds for both full-set RLVR and 1-shot RLVR!)
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(Only) Format Fixing?

AIME 2024 (avg@8)

Only format reward can improve a lot on Qwen2.5-Math-1.5B

(These two holds for both full-set RLVR and 1-shot RLVR!)

AMC 2023 (avg@8)
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(Only) Format Fixing?

* Only format reward can improve a lot on Qwen2.5-Math-1.5B
 Still has a gap with outcome reward
* (These two holds for both full-set RLVR and 1-shot RLVR!)

Table 12: RLVR with format reward can still improve model performance significantly, while
still having a gap compared with that using outcome reward. Here we consider adding entropy

loss or not for format reward. Detailed results are also in Fig.|12/and Fig.|13|

Dataset Reward | Entropy | MATH AIME AMC Minerva Olympiad- AIME Av
Type Loss 500 2024 2023 Math Bench 2025 &
NA NA | NA | 36.0 6.7 28.1 8.1 22.2 46 | 17.6
DSR-sub  Outcome + 73.6 17.1 50.6 324 33.6 83 35.9
DSR-sub Format + 65.0 8.3 45.9 17.6 209 5.4 28.7
DSR-sub Format 61.4 0.6 44.7 16.5 29.5 3.8 27.6
{m1) Outcome + 72.8 15.4 51.6 29.8 335 7.1 35.0
{m1) Format + 65.4 8.8 43.8 22.1 31.6 3.8 29.2
{m1} Format 61.6 8.3 46.2 15.4 293 4.6 27.6
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(Only) Format Fixing?

* Fixing format and improving general reasoning happen at the same time

MATH 500 (avg@1) AIME 2024 (avg@8) AMC 2023 (avo@8)
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Figure 14: Relation between the number of \boxed{} and test accuracy. We can see that they
have a strong positive correlation. However, after the number of \boxed{} enters a plateau, the
evaluation results on some evaluation tasks continue improving (like Minerva Math, OlympiadBench

and MATHS500).
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(Only) Format Fixing?

* Fixing format and improving general reasoning happen at the same time
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Figure 14: Relation between the number of \boxed{} and test accuracy. We can see that they
have a strong positive correlation. However, after the number of \boxed{} enters a plateau, the
evaluation results on some evaluation tasks continue improving (like Minerva Math, OlympiadBench

and MATHS500).
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(Only) Format Fixing?

Fixing format and improving general reasoning happen at the same time

Table 14: 1-shot RLVR does not do something like put the answer into the \boxed{}. “Ratio
of disagreement” means the ratio of questions that has different judgement between Qwen-Eval

and QwQ-32B judge. Here we let QwQ-32B judged based on if the output contain correct answer,
without considering if the answer is put in the \boxed{}.

Step0  Step 20 Step 60  Step S00  Step 1300  Step 1860
Ratio of \boxed{} 59.6%  83.6% 97.4% 96.6% 96.6% 94.2%
Acc. judge by Qwen-Eval 36.0 53.8 69.8 70.4 72.2 74.0
Acc. judge by QwQ-32B 35.8 57.2 70.6 71.8 73.6 74.6
Ratio of disagreement 4.2% 3% 1.2% 1.4% 1.8% 1.8%

)

University of Washington
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(Only) Format Fixing?

* Analysis: Qwen2.5-Math families have a lot of repetitive outputs, which results that
fixing format itself brings lots of improvement
e Qwen2.5-Math-1.5B: ~“40% outputs contain infinite loop output in MATH500!
e Qwen2.5-Math-7B: ~20% outputs contain infinite loop output in MATH500!

University of Washington
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(Only) Format Fixing?

* Analysis: Qwen2.5-Math families have a lot of repetitive outputs, which results that
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(Only) Format Fixing?

* Analysis: Qwen2.5-Math families have a lot of repetitive outputs, which results that
fixing format itself brings lots of improvement
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e Qwen2.5-Math-7B: ~20% outputs contain infinite loop output in MATH500!

University of Washington

50



(Only) Format Fixing?

* Analysis: Qwen2.5-Math families have a lot of repetitive outputs, which results that
fixing format itself brings lots of improvement
e Qwen2.5-Math-1.5B: ~“40% outputs contain infinite loop output in MATH500!
e Qwen2.5-Math-7B: ~20% outputs contain infinite loop output in MATH500!

Maybe in the future, a necessary baseline will be RL\V/R with format reward
(or strongest prompt)

University of Washington 51



Pil for in-context learning

* In-context learning: add a “Question-Answer example” (here is pil) before
evaluating downstream question

o

Question: Find the sum of all integer bases Sb>9S for which $17_{b}S is a divisor of S97_{b}S.

\&

~

/

University of Washington
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Pil for in-context learning

* Pil can even improve Qwen2.5-Math-7B’s MATH500 from 51.0 -> 75.4, and
OlympiadBench from 18.2 -> 41.3 with in-context learning!!
* Perform much better than Qwen’s official 4 examples on these two models

Table 13: 7, even performs well for in-context learning on Qwen2.5-Math-7B.
MATH AIME AMC Minerva Olympiad- AIME

Dataset Method | 500 2024 2023 Math  Bemch 2025 | AY®
Qwen2.5-Math-1.5B

NA NA 36.0 6.7 28.1 8.1 22.2 4.6 17.6

{m1) RLVR 72.8 154 51.6 29.8 33.5 7.1 35.0

{m1) In-Context 59.0 8.3 34.7 19.9 25.6 5.4 25.5

Qwen official 4 examples for MATHS00 | In-Context 49.8 1.7 16.9 19.9 19.9 0.0 18.0

Qwen official Example 1 for MATHS00 | In-Context 34.6 2.5 14.4 12.1 21.0 0.8 14.2

Qwen2.5-Math-7B

NA NA 51.0 12.1 353 11.0 18.2 6.7 224

{m1} RLVR 79.2 23.8 60.3 279 39.1 10.8 40.2

{71} _ In-Context 754 15.8 48.4 30.1 41.3 13.3 37.4 l
Qwen official 4 examples for MATHS00 | In-Context 59.2 4.2 209 20.6 244 0.8 21.7
Qwen official Example 1 for MATHS500 | In-Context 54.0 4.2 234 18.4 21.2 2.1 20.6

University of Washington



Pil for in-context learning

Still tricky:

* Not work for all models, like fail on Qwen2.5-Math-72B and Llama3.2-3B-
Instruct (slightly worse than Qwen’s official 4 examples)

* Highly example-dependent. Pi13 works well on RLVR, but fail on in-context
learning (worse than original zero-shot learning)

University of Washington
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Application: Does RLVR has high label robustness?

* In RLVR training, 1100 data with wrong labels + 100 data with correct labels can
performs worse than 1 data with correct label.

Table 15: Influence of Random Wrong Labels. Here “Error Rate” means the ratio of data that has
the random wrong labels.

Error | MATH AIME AMC Minerva Olympiad- AIME

Dataset  'pote | 500 2024 2023  Math Bench 2025 Av8
NA NA | 360 67 281 8.1 222 46 176
Qwen2.5-Math-1.5B + GRPO
DSR-sub 0% 736  17.1 506 324 33.6 83 359
DSR-sub  60% | 718  17.1 478 29.4 34.4 71 346
DSResub 90% | 6718 146 462 1.0 3.3 54 312
(1) 0% 728 154 516 20.8 33.5 71 35.0
Qwen2.5-Math-1.5B + PPO
DSR-sub 0% 728 192 481 27.9 35.0 96 354
DSR-sub  60% | 71.6 133 491 272 34.4 121 346
DSR.sub  90% | 682 158 3509 26.1 319 16 329
(1) 0% 724 117 516 26.8 33.3 71 338
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Discussion

 Base models already has strong reasoning capability, and its prior affects
a lot for the RLVR stage.

 How to select/curate proper data for RLVR is critical
* 1-shot RLVR works does not necessarily means that scaling RL dataset

is useless

* How to understand 1-shot RLVR and post-saturation generalization?
* policy loss has implicit generalization

e Better exploration (entropy loss is unstable),

 Other domain (code) and application (label robustness)

University of Washington
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Spurious Reward & Data Contamination

REASONING OR MEMORIZATION? UNRELIABLE RE-

Spurious Rewards: Rethinking Training Signals in RLVR SULTS OF REINFORCEMENT LEARNING DUE TO DATA
CONTAMINATION
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—— Correct Random —— Myvlincorrect -—— Pass@l6 —== Greedy (w/o Template)
Qwen2.5-Math-7B Qwen2.5-Math-7B-Instruct Llama3.1-8B-Instruct

1.0 10 1.0

081 o s 0.8 e = 0.8
306V—-m- %06_ 055 @06_ _________________
204 2041 3 0.4 PR
< < - <

0.2 1 0.2 1 ‘ 290 0.2

0.0 T ; - 0.0 r - - 0.0 , : .

0 100 200 300 0 100 200 300 0 100 200 300
Training Step Training Step Training Step

Figure 3: Accuracy on the MATH-500 for Qwen2.5-Math-7B, Qwen2.5-Math-7B-Instruct, and
Llama3.1-8B-Instruct trained with RLVR under various reward signals. Greedy and pass @16 scores
are reported without template.
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Figure 3: Accuracy on the MATH-500 for Qwen2.5-Math-7B, Qwen2.5-Math-7B-Instruct, and
Llama3.1-8B-Instruct trained with RLVR under various reward signals. Greedy and pass @16 scores
are reported without template.
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—— Correct Random Trial 1 Random Trial 2 ——— Myv-Incorrect
—— Inverted === Max@]16 === QGreedy (w/o Template)
Qwen2.5-Math-7B Qwen2.5-Math-7B Llama3.1-8B-Instruct
5 Steps 10 Steps 10 Steps
1.0 1.0+ 1.0 1

0.0+ - - ' 0.0 - - . 0.0 -
0 100 200 300 0 100 200 300 0 100 200 300
Training Step Training Step Training Step

Figure 7: Reward of Qwen2.5-Math-7B and Llama3.1-8B-Instruct on RandomCalculation. Results
are presented for datasets with 5-step and 10-step calculations.
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Table 2: Accuracy (Exact Match, EM) and ROUGE-L scores on several datasets (lower scores in
gray ) under different prompt prefix ratios in greedy decoding mode without applying chat template,

namely Greedy (w/o Template) configuration.

80%-Problem 60%-Problem 40%-Problem

Model Dataset Size
Rougel. EM Rougel. EM Rougel. EM
MATH-500 500 81.25 65.80 78.06 54.60 69.01 39.20
AMC 83 7738 5542 7025 4217 75.17 36.14
AIME2024 30 7404 56.67 5531 20.00 5772 16.67

Qwen2.5-Math-7B

AIME2025 30 5471 16.67 3488 000 2743 0.00
MinervaMath 272 36.08 294 3122 037 2935 0.00
LiveMathBench 100 4276 5.00 3278 000 2997 0.00

MATH-500 500 66.42 40.20 6098 2120 5036 8.20
AMC 83 7324 4940 6442 33.73 6379 2892
AIME2024 30  59.80 30.00 48.6 1333  44.65 10.00
Qwen2.5-7B 0
AIME2025 30 5461 1000 3759 000 3030 0.00
MinervaMath 272 3524 294 3235 037 2789 0.00
LiveMathBench 100 41.15 4.00 3274 000 2795 0.00
MATH-500 500 48.33 1780 4055 380 3207 0.60
AMC 83 4454 482 3062 000 27.10 0.00
Llama3.1-SB AIME2024 30 5050 1333 3080 000 26.08 0.00
AIME2025 30 47.04 1000 3349 000 2520 0.00

MinervaMath 272 36.24 221 2952  0.00 27.11 0.00
LiveMathBench 100 3555 5.00 3193 000 26.88 0.00
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Table 2: Accuracy (Exact Match, EM) and ROUGE-L scores on several datasets (lower scores in
gray ) under different prompt prefix ratios in greedy decoding mode without applying chat template,

namely Greedy (w/o Template) configuration.

80%-Problem 60%-Problem 409%-Problem

Model Dataset Size
RougelL. EM Rougel. EM RougelL. EM
MATH-500 500 81.25 6580 78.06 54.60 69.01 39.20
AMC 83  77.38 5542 7025 4217 75.17 36.14
AIME2024 30 7404 56.67 5531 20.00 57.72 16.67

Qwen2.5-Math-7B

AIME2025 30 5471 16.67 3488 0.00 2743  0.00
MinervaMath 272 36.08 294 3122 037 2935 0.00
CiveMathBench 100 42.76  5.00 3278 0.00 29.97 0.00

RL Dataset| MATH AIME AMC Minerva Olympiad- AIME

Dataset Size | 500 2024 2023  Math  Bemch 2025 | Y&
Qwen2.5-Math-7B + GRPO
%7 -
NA NA [51.0,00 121,00 353 [ 110, )182 [ 67 ., ) 224 .
DSR-sub 1209 | 78.6127¢ &Jrlg_., 62.5+27_ 33.8+228 41.6+23.4 14.6+7_9 42.8+20.4
{m1} 1 79'2+2a.2 23-8+u.7 60'3+25. 279 64 39-1+2n.u 10-8+«1.1 40‘2+17.8
{m1, m13} 2 '79.2+%_2 217 ., . 58.84_23' 353, . 40.9+22_7 12.1+5_,1 41'3+u<..9
{m1, T2, m13, T1200 } 4 M-kz?‘(s 22'5+m.4 61'9+2(5. ' 36'0—25.0 43'7+25.5 12'1+5,f1 42.5 +20.1
Random 16 76'0+25,c) 22-1+m.u 63'1+27. 316 ., 35'6+17.«1 m—ﬁ—(i,z 40'2+l7.8
{'/Tl: S :7T16} 16 77‘8+2(j,8 30'4+J_8.3 62'2+2(s. Lﬁ‘“-iu 39'9+21.7 9'6+z.9 @+zu.1
Format reward baseline for Minerva and aime25: 243 & 6.7
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* | think data contamination indeed happens, but it would not make 1-
shot RLVR’s conclusion fail.

* Mid-training or pretraining with open-source training data is really
important for research.
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