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Reinforcement Learning with Verifiable Rewards, RLVR
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- Question: Does RLVR really bring novel reasoning capabilities
to LLMs? If so, what does the model learn from RLVR training?
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Task Start Model RL Framework RL Algorithm(s) Benchmark(s)
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- COde & Visual LiveCodeBench
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Figure 4: RLVR for Coding.
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Figure 5: Pass@k curves of base models and zero-RL counterparts. (Left) Code Generation. (Right) Visual Reasoning.
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- Deep Analysis

Table 4: Indices of solvable problems in AIME24 (starting from 0). An approximate subset relationship
can be observed: most problems solved by the RL model are also solvable by the base model.

Models Problem Indices
Qwen-7B-Base 0,1,4,6,7,8,9, 11, 12, 14, 15, 16, 17, 18, 19, 22, 23, 24, 25, 26, 27, 28, 29
SimpleRL-Qwen-7B 0,1,6,7,8,9, 12, 14, 15, 16, 18, 22, 23, 24, 25, 26, 27, 28, 29

Table 5: Indices of solvable problems in LiveCodeBench (ranging from 400 to 450, starting from 0).

Model Solvable Problem Indices

400, 402, 403, 407, 409, 412, 413, 417, 418, 419, 422, 423,
427, 432, 433, 436, 438, 439, 440, 444, 445, 448, 449

400, 402, 403, 407, 412, 413, 417, 418, 419, 422, 423,
427, 430, 433, 438, 439, 440, 444, 445, 449
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- Deep Analysis
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- Distillation Expands the Reasoning Boundary
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Effects of Different RL Algorithms
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- Effects of Different RL Algorithms
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- Asymptotic Effects of RL Training
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- Discussion
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- Discussion
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Test-Time Reinforcement Learning (TTRL)

Policy
: Optimization 1:
L -
: e N \ - ! )
| ! Y1 i R(®1y)
I S I
Test Data | E —— : )
~ I ~
Y : Y2 Maiorit i Reward RG2y)
B ajority ewar )
LLM , —> Yy | =
| Voting ' Calculation
! I
N> : | ROWY) |
AN J : o /
1
Label Estimation ' Predictions ) Rewards

— o o o e o o e o o EE e mm o e e o o w— w—

Figure 2: TTRL combines both Test-Time Scaling (TTS) and Test-Time Training (TTT).
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Figure 3: Out-of-distribution performance before and after TTRL.
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Table 2: Performance of TTRL across the five difficulty levels of MATH-500.

Metric Name MATH-500-L1 MATH-500-L2 MATH-500-L3 MATH-500-L4 MATH-500-L5
Accuracy Backbone 259 33.0 36.3 325 22.3
w/ TTRL 71.2 76.2 76.3 58.7 39.2
A +45.4 +43.2 +40.0 +26.2 +16.8
1175.3% 1 130.8% 1110.2% 1 80.4% 175.3%
Response Len. Backbone 2,339.2 2,125.1 2,120.6 1,775.1 1,751.3
w/ TTRL 624.3 614.4 672.3 783.5 985.3
A —1,715.0 —1,510.6 —1,448.3 —991.6 —766.0
1 73.3% 4 71.1% 1 68.3% 1 55.9% 1 43.7%
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Program Triplet

Input: "Hello World"

1 def f(x):
2 return x

Output: "Hello World"




Model Base #data | HEval' MBPP* LCB"” | AME24 AME25 AMC M500 Minva Olypiad | CAvg MAvg AVG
Base Models
Qwen2.5-7B" i - - 73.2 65.3 17.5 6.7 33 375 648 25.0 277 520 275 3938
Qwen2.5-7B-Ins!"”! - - 75.0 68.5 25.5 13.3 6.7 525 764 357 37.6 563 370 467
Qwen2.5-7B-Coder!*"! - - 80.5 69.3 19.9 6.7 33 400 540 17.3 219 56.6 239 402
Qwen2.5-7B-Math!""! - - 61.0 579 16.2 10.0 16.7 425  64.2 15.4 28.0 450 295 373
Zero-Style Reasoners Trained on Curated Coding Data
AceCoder-RM**"! Ins 22k 79.9 71.4 23.6 20.0 6.7 500 764 34.6 36.7 58.3 374 479
AceCoder-Rule® Ins 22k 77.4 69.0 19.9 13.3 6.7 500 760 375 37.8 554 369 462
AceCoder-RM“'T‘ Coder 22k 78.0 66.4 27.5 13.3 33 275 626 294 29.0 573 275 424
AceCoder-Rule®"! Coder 22k 80.5 70.4 29.0 6.7 6.7 400 628 276 274 60.0 285 443
CodeR1-LC2k"! Ins 2k 81.7 71.7 28.1 13.3 10.0 450 750 335 36.7 60.5 356 480
CodeR 1-12k"") Ins 12k 81.1 73.5 293 13.3 33 375 740 357 36.9 613 335 474
Zero-Style Reasoners Trained on Curated Math Data
PRIME-Zero!”! Coder 484k 49.4 51.1 11.0 23.3 23.3 675 812 379 41.8 372 458 415
SimpleRL-Zoo!* Base 8.5k 73.2 63.2 25.6 16.7 33 575 770 357 41.0 540 385 463
Oat-Zero"™®! Math 8.5k 62.2 59.0 15.2 30.0 16.7 625 800 349 416 455 443 449
ORZ Base 57k 80.5 64.3 22.0 13.3 16.7 60.0 818 32.7 45.0 556 416  48.6
Absolute Zero Training w/ No Curated Data (Ours)
AZR (Ours) Base 0 71.3 69.1°  25.37%] 13.3°°  13.37° 525 7447 38.27 3857 55277 38.4"%° 46.87°
AZR (Ours) Coder 0 83.5°  69.6"° 317" 20.0"  10.0°7 5757 72.6° 36.47 38.27%| 6L.6°° 30.1"°7 50.4

Table 1. Performance of RL-Trained Reasoner on Reasoning Benchmarks Based on Qwen2.5-7B Models. Performance of various
models is evaluated on three standard code benchmarks (HumanEval*, MBPP*, LCB*' and six math benchmarks (AIME’24, AIME’25,
AMC’23, MATHS00, Minerva, OlympiadBench). Average performance across coding and math benchmarks is calculated as average of
the two averages: AVG = (CAvg + MAvg)/2. We use + for absolute percentage increase from base model. All models are trained using

different variants of the Qwen2.5-7B model, with the variant and data usage labeled, more details listed in Table 4
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