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Motivation & Preliminaries

Motivation: Reinforcement Learning with Verifiable Rewards (RLVR)

» |Algorithm] GRPO: implicitly weaken the update magnitude of harder questions.

> [Data] WizardMath, MetaMath: need to generate both questions and answers from scratch, or just
rephrase questions to enhance diversity rather than difficulty.

Preliminaries: Optimization Objective of Group Relative Policy Optimization (GRPO)

Specifically, GRPO optimizes the policy model my by maximizing the following objective:
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DGPO

Optimization Objective of Difficulty-Aware Group Policy Optimization (DGPO)

Specifically, the optimization objective of DGPO is defined as follows:

jDGPO(g) =K [{QS}SB:]_ ~ D, {OSi}z'Gzl ~ ﬂ-gold(. | qs)]
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where I, () is the importance sampling ratio of the token o,; ;, and ADG,M- is the advantage of the
response o; obtained by DGAE, respectively given by:
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, ApG,si = G ; (4)
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1
where MAD ({rsi}le) = — Z rg; — IMean ({rsz}il)‘ . (5)

Ga
Here, MAD(-) denotes the mean absolute deviation function. Furthermore, ), is the difficulty-aware
weight for the query ¢, computed by DQW as follows:

D, /T
\s = B, - Bexp( /T) " Where D, — — mean ({rsz-}f: 1) . ©6)

25;1 exp (DS/T)




) RN TR RE b

Gaoling School of Artificial Intelligence

DGPO

Optimization Objective of Difficulty-Aware Group Policy Optimization (DGPO)
Difficulty-balanced Group Advantage Estimation (DGAE)

Consider a single question g and its corresponding responses {oi}le, the unclipped policy gradient
calculated in GRPO is as follows:

G ol
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update update importance likelihood
direction magnitude sampling ratio gradient

Theorem 1 (Update Magnitude for a Single Question using GRAE). Given a single question q and

its corresponding responses {0; },?:1, each query-response pair receives a binary accuracy reward
r; € {0,1}, and p represents the accuracy rate, i.e., the proportion for a reward of 1. Then, the total
update magnitude without clipping for the single question q when using GRAE satisfies:

G G |r;, — mean ({T‘t}f‘_l)

Dl e oy

This total update magnitude varies with respect to the accuracy rate p, reaching its maximum when
p = 0.5 and gradually decreasing as p approaches either 0 or 1.

G
= 2G+/p(1 — p), where p = éZn (8)
i=1
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Optimization Objective of Difficulty-Aware Group Policy Optimization (DGPO)
Difficulty-balanced Group Advantage Estimation (DGAE)

Specifically, the advantage function of DGAE is defined as follows:

. i —mean ({r;}i_ =

r; — mean ({n}il)‘ . (9)

Theorem 2 (Update Magnitude for a Single Question using DGAE). Given a single question q and

its corresponding responses {oz-}le, each query-response pair receives a reward r;. Then, the total
update magnitude without clipping for the single question q when using DGAE satisfies:

el G r; — mean {?",,}f:
Z Apg,i =Z 3 ( 1)
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Optimization Objective of Difficulty-Aware Group Policy Optimization (DGPO)
Difficulty-aware Question-level Weighting (DQW)

Core idea: prioritizes learning from more challenging yet solvable questions

Specifically, DQW assigns a weight ) to each question ¢, as follows:

N ngp (D?f)/T), where D, = — mean ({rsi}le) . (11)
3;1 exp (Dg

Here, D, is the negative mean reward across all responses of the question ¢, serving as a measure
of its relative difficulty at the current training stage.

DGPO = DGAE + DQW
“balance-then-reweight”
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Multi-Aspect Question Reformulation (MQR)

Core Instructions for Multi-Aspect Question Reformulation

1. Background: Add a story background that is not related to the core mathematical content
of the given question, but seems to be related to the question. If the given question already
has such a background, change it to a new, complexer background.

2. Term: Invent a new, abstract mathematical term to define a concept that is central to the
given question, and restate the entire question using this term.

3. Sub-Problem: Convert a key numerical condition of the given question which have a
definite value into an independent sub-problem. The sub-problem may belong to any
branch of mathematics (e.g., algebra, geometry, number theory, combinatorics).

A critical constraint is that all reformulations must preserve the original gold answer.
The newly generated questions respectively challenge the policy model’s ability to:

1. 1identify critical mathematical information amidst noise;

2. grasp abstract mathematical concepts; and

3. perform reasoning that requires multiple steps and cross-domain knowledge.
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Table 1: Comparative results of methods trained on the MATH dataset using Qwen2.5-Math-7B. Table 2: Comparative results of methods trained on the MATH dataset using varying base models.

Methods | AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad | Avg/Acgro Methods | AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad | Avg/Ackeo
Base Model | 12.19 479 3523 48.60 15.07 1633 | 2204 Qwen2.5-Math-1.5B |  6.87 365 3094 3495 855 2193 | 17.82
CRPO 2094 v 598 p— po— - o + GRPO 1135 396 4648 6485 2013 2959 | 29.39
Dr.GRPO 21.04 8.23 58.59 72.05 28.58 35.89 37.40_0.21 S EIES 1L T e
GPG 21.98 9.06 59.61 72.05 2721 37.67 A7 SN 128 a2 5008 B R69.65 8 2081 S0.67 0240506
bapiacl g i e o g gl eriagh + MathForge 1323 771 5234 7010 2574 3389 | 33.84...
GSPO 19.38 8.33 60.16 73.00 28.12 37.26 37714010 Qwen2.5-3B 2.81 073 2266 4865 1369 1937 | 17.99
GRPO-AD | 2156 9.48 59.06 73.25 29.14 37.07 38.26.40.65 + GRPO 531 156 3328 6335 2289 2641 | 2547
DGPO 23.85 1021 6102 7425 31.07 3833 39794215 +DGPO 698 156 3656 6580 2528 2696 | 27.19:: 1
MQR 2500 1177 5938 77.85 3143 4081 | 4104154 +MQR 510 156 3953 6520 2574 2919 | 277222
MathForge | 24.58 1260  59.84 79.95 33.36 42.67 42175 50 + MathForge 573 177 4070 6540 2886 3159 | 29.01.:::

DeepSeck-Math-7B | 042 010 1328  31.05 9.56 900 | 1057

+ GRPO 0.63 010  19.14 4145 1471 1344 | 1491

+ DGPO 198 042 2102 4185 1893 1500 | 16.53:16

+MQR 198 083 2086 4425 1700 1574 | 1678.: s

+ MathForge 3.12 0.73 21.72 43.60 20.68 16.74 17.77+2.56
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An alySiS Of DGPO Table 3: Ablation Results of DGPO trained on the MATH dataset using Qwen2.5-Math-7B.
Methods ’ AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad | Avg./Agrpo
GRPO 20.94 8.44 58.98 72.20 27.76 37.33 37.61
DGPO (w/o DGAE & DQW) | 20.21 9.06 59.45 72.40 28.58 36.56 37.71+0.10
DGPO (w/o DQW) 21.77 9.69 60.00 73.45 29.04 37.93 38.65+1.04
DGPO (full) 23.85 10.21 61.02 74.25 31.07 38.33 39.79+2.18
DGPO (T'=1.0) 23.12 9.06 59.45 74.15 30.61 37.78 39.03+1.42

0.7 DGPO (T' = 2.0) 23.85 10.21 61.02 74.25 31.07 38.33 39.79-2.18

bl

§ g 620 o Egig DGPO (T' = 5.0) 22.81 11.35 60.55 73.80 30.42 38.26 39.53+1.92

@ 0-6 § 600 DGPO (T' = 10.0) 21.35 9.79 62.27 74.55 29.96 37.67 39.27+1.66

> e}

g 2580

R B ggg & 560 Table 4: Synergistic results of DGPO with other policy optimization methods trained on the MATH

- dataset using Qwen2.5-Math-7B.

10 50 90 130 170 210 10 40 70 100 130 160 190 220
Training Step Training Step . .
Methods ‘ AIME24  AIME25  AMC23 MATH500  Minerva  Olympiad ’ Average
(a) Accuracy Reward. (b) Output Length.

_ . _ GPG 21.98 9.06 59.61 72.05 27.21 37.67 37.93
Figure 1: Training dynamics of DGPO vs. GRPO evaluated + DGPO 21.77 10.00 60.00 73.45 30.06 38.26 38.92
on the MATHSO() benchmark. Both models are trained on DAPO 21.25 875 58.20 7270 29 50 3722 37.94
MATH using Qwen2.5-Math-7B. +DGPO | 24.48 9.79 58.75 74.90 31.99 39.56 39.91

GSPO 19.38 8.33 60.16 73.00 28.12 37.26 37.71
+ DGPO 23.33 10.00 59.14 74.15 30.88 38.41 39.32

Table 5: Comparative results of methods trained on the GEOQA-8k dataset using Qwen2.5-VL-3B-
Instruct in the multimodal domain.

Methods |Base Model | GRPO Dr.GRPO GPG ~ DAPO  GSPO GRPO-AD DGPO
GCOQA/AGRPO‘ 39.79 ‘57.43 57.9610.53 59.02+1.50 59.02+1.50 57.16-0.27 58.09+0.66 59.95, 252
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(a) Training.

Figure 2: Training dynamics of Original vs. MQR on train-
ing and evaluation data. Both models are trained on MATH
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(b) Evaluation.

and evaluated on MATHS500 using Qwen2.5-Math-7B.

Table 6: Comparative results of methods trained on the original data vs. the MQR-augmented data

using DGPO and varying base models.
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Models | Data | AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad | Average
Ori. | 2646 917 5867 7465 3162 3881 | 39.90
Quen2.5-Math-7B | oR| 2458 1260 5984 7995 3336 4267 | 4217
Or. | 1198 521 5062 6840 2426 3259 | 32.18
Qwen2S-Math-15B | VR | 1323 771 5234 7010 2574 3389 | 33.84
N On. | 604 135 3766 6505 2528 2793 | 27.22
: MQR| 573 177 4070 6540 2886 3159 | 29.01
O | 219 021 2102 4360 1829 1452 | 16.64

D k-Math-7B
cepSeck Math-7B | Vor | 312 073 2172 4360 2068 1674 | 1777

Table 7: Ablation Results of MQR on the MATH dataset using Qwen2.5-Math-7B.

Data | AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad | Avg./Aox.
Original 26.46 9.17 58.67 74.65 31.62 38.81 39.90
MetaMath-Rephrasing 25.21 11.35 59.45 76.70 31.71 39.93 40.73+0.83
Original + Background | 25.52 10.73  58.59 77.50 32.90 40.48 40.951.05
Original + Term 25.52 11.15  58.98 9735 33.09 40.93 41.24+1.34
Original + Sub-Problem | 26.67 1094  58.75 77.05 34.38 41.36 41.53+1.63
MQR 24.58 12.60  59.84 79.95 33.36 42.67 4217227

Table 8: Comparative results of MQR using varying reformulator models on the MATH dataset.

Reformulators ‘ AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad ‘ Avg./Aoy.
Original 26.46 9.17 58.67 74.65 31.62 38.81 39.90
Qwen2.5-7B-Instruct 25.10 11.98 58.67 76.85 33.00 40.96 41.09+1.19
Qwen3-30B-A3B-Thinking | 25.73 12.29 59.84 78.85 33.18 41.22 41.85+1.905
OpenAl 03 24.58 12.60 59.84 79.95 33.36 42.67 42,17 227
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Thank you for your attention!
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