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Recap of reasoning models
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State of the field…

- Last year saw a flurry of models that can “reason”

3

!!!



The Qwen model family

- An open source family of models from Alibaba
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- Strong performance on math benchmarks that require “symbolic 
manipulation and multi-step logical deduction”

- MATH-500: verifiable problems that vary in subject and difficulty
- AIME & AMC: math competitions for high schoolers



Context and Primer on RLVR/Reasoning Models

5Lambert et. al. 2024

- RLVR = train LLMs with verifiable outcome rewards (e.g., correctness 
checks for math).

- are we teaching new reasoning, or just surfacing latent capabilities?



Spurious rewards
Shao et. al.
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Spurious Rewards

TL;DR: Spurious rewards (i.e. other than answer correctness rewards) 
can produce large MATH gains in Qwen2.5 — but effects are 
model-dependent.

This Presentation:

1. Main Claims
2. Experiments Performed
3. Ablations (Deep Dive)
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Experimental setup

Models: Qwen2.5-Math (1.5B & 7B), Qwen general variants, Llama3, 
OLMo2.

RL algorithm: GRPO training for ~300 steps

Dataset: DeepScaleR subset. Eval: Math500, AMC, AIME
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Experimental setup

How are Weak Rewards and Spurious Rewards applied in training

- Data: {Pi, Gi}, i ∈ {1, 2, …., D}
- Rollouts: Rj, j ∈ {1, 2, …., N} obtained from a Prompt
- Spurious/Weak Rewards: 

9

Do not depend on Ground 
Truth (Gi)



Main claim: Even random/incorrect/format rewards can yield large 
improvements on MATH-500 for Qwen2.5-Math models (e.g., +21% 
for random rewards).

Nuance: Effect is model-dependent — does not generalize fully to 
Llama3 or OLMo2 in their experiments.

Main Claims
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Key results and Learning Curves

- Qwen models show large 
improvements in 
performance with 
spurious rewards

- This effect does not 
generalize to other 
models like Llama.
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Learning curves: 

Key results and Learning Curves
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- Qwen models show fast gains across reward types
- Random reward converges slower but still gives large gains
- Support for hypothesis: RLVR may only elicit reasoning learned 

in pre- and post- training



Key results and Learning Curves - Generalization 
to Other models
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- Non-MATH Qwen models improve with spurious rewards
- Non-Qwen models often do not improve or even degrade. 



Ablations Deep Dive - 1. Random reward + clipping

- Train with Bernoulli(γ) random rewards (varying γ) independent of 
correctness → Improved MATH Performance

- GRPOʼs clipping mechanism → introduces nonzero expected gradient bias 
toward high-prior (already probable) outputs (e.g. Code)

- Disabling Clipping → reduces consistency of gains
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Ablations Deep Dive - 1. Code Reasoning (RLVR 
upweights pre-training biases)
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Ablations Deep Dive - 1. Case study: Code Reasoning 
(RLVR upweights pre-training biases)
Observations: 

- Qwen2.5-Math frequently produce Python-like 
code as CoT, answers that include code have 
much higher accuracy.

- RLVR (even with spurious rewards) increases the 
frequency of code reasoning (from ~65% → >90%) 
and this correlates with improved performance. 
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Ablations Deep Dive - 2. Causal Intervention on 
code reasoning 
Hypothesis: Code Reasoning drives 
Qwen2.5-Math-7Bʼs performance when doing 
RLVR w/ Spurious rewards

Causal Induction of Code Reasoning → 
increases MATH accuracy

- Prepend “Letʼs solve this using Python.”
- RL reward = 1 whenever generated output 

contains “python”
- → code reasoning in > 99% of answers after 

20 training steps for Qwen2.5-Math-7B 

17

Qwen 
Math 
Models



Ablations Deep Dive - 2. Causal Intervention on 
code reasoning 
Hypothesis: Code Reasoning drives 
Qwen2.5-Math-7Bʼs performance when doing 
RLVR w/ Spurious rewards

Causal Inhibition of Code Reasoning → 
decreases MATH accuracy

- compound reward = (original reward) ∧ 
(no occurrence of “python” in output)

- Penalizing code reasoning degrades 
Qwen-Math but improves other models.
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Incorrect Rewards - Why do they work?
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- Incorrect labels are obtained from majority voting, and may still be close 
to ground truth answer.

- Incorrect labels might function like format rewards (if you canʼt extract it, 
you canʼt evaluate it)



RL from 1 example (one-shot RLVR → big gains from 1 example)

Other Similar works: 
- Maximizing Confidence Alone Improves Reasoning

(Connecting the Dots) RL from 1 example + Other 
Similar Works
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Promoted Numerous Community Opinions & 
discussions 

E.g. Comments: “Incorrect Baseline 
Evaluations”, Reproducibility checklist is 
necessary, high variance with prompting, etc.

Impact on the Field
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→ Enabled the field to reach at 
some conclusions 

+ Also Potentially Improved 
Spurious Rewards Paper 
(compared to itʼs first version)



Key Takeaways

1. RLVR with random/incorrect/format rewards can substantially boost 
MATH performance, notably in Qwen2.5-Math. Effect is not universal 
across model families.

2. RLVR appears to amplify pre-existing strategies (code-style 
chain-of-thought)

3. Optimizer mechanics (GRPO clipping) can turn noise into a 
directional training signal.

4. Donʼt trust single-model RLVR gains without strict parity controls 
and cross-model replication, Validate widely and match 
baselines: control prompts, gen settings, and model families, 
Optimizer ablations
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Reasoning or Memorization?
Wu et. al. 2025
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Spurious rewards…are helpful?

- Models can be further improved through some RL
- Rewards donʼt have to be accurate to improve Qwen performance!
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But why?



But why?

Hypothesis #1 -> Data contamination

Parts of evals (i.e., MATH-500) leaked into pre-training data 
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Hypothesis #2 -> Strong math capacity

Qwen is a strong math model and can deal with “noisy” updates 



But why?

Hypothesis #1 -> Data contamination

Parts of evals (i.e., MATH-500) leaked into pre-training data 
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Hypothesis #2 -> Strong math capacity

Qwen is a strong math model and can deal with “noisy” updates 

✅



Qwen memorizes prompts! 
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Memorization metrics

1. Partial-Prompt Completion Rate:

Percentage of problems where model re-generates the remainder of 
prompt based on truncated prompt

2. Partial-Prompt Answer Accuracy: 

Percentage of problems where modelʼs re-generated output contains 
correct answer
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There should be no way to complete these tasks 
without the full context of the problems!



Memorization results
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Partial-prompt completion rate



Memorization results
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Hypothesis #1 is correct!

Partial-prompt answer accuracy



RandomCalculation dataset
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Reward r ∈ [0, 1], not {0, 1}



RandomCalculation results
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Hypothesis #2 is incorrect!



Impact on the field…

- Quite a recent paper! Difficult 
to say…

- RandomCalculation seems to 
be a bit contrived as a dataset 
(i.e., it is just arithmetic)

- Hopefully the work serves as 
an additional reminder about 
data contamination!
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Takeaways and follow-ups

1. No free lunch! Real rewards -> better performance
○ Follow-up: can we check for memorization within closed-source 

models?
2. Decontaminate datasets before evaluation!

○ Follow up: RandomCalculation only deals with math (i.e., just 
arithmetic). How would observations change for domains like physics, 
logic, etc.?
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Critic - Spurious Rewards
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#1.1 The baseline is not as high as it should be

36

Standard Eval Base AccuracyReported Base Accuracy

Base results are much worse than standardized evaluations from Sober Reasoning (blog post)
→ Is spurious reward RL just recovering the lost performance?

https://arxiv.org/pdf/2504.07086
https://safe-lip-9a8.notion.site/Incorrect-Baseline-Evaluations-Call-into-Question-Recent-LLM-RL-Claims-2012f1fbf0ee8094ab8ded1953c15a37


Instruct version of Qwen2.5-Math model performs far better than Base + SFT
→ Would spurious reward RL still work in this case? 

Standard Eval Base AccuracyReported Base Accuracy

#1.2 Did not use Qwen2.5-Math-Instruct
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Math Instruct Accuracy

82.9% 67%
74.7% 54,8%



#1.3 Code reasoning not causally related to performance
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Claim: “Increased code reasoning is one primary driver of performance gains for spurious 
rewards”
● “Reasoning or Memorization” paper points out performance come from 

memorization/contamination
● Code reasoning is a behavior in the base Qwen2.5-Math model
● RL with spurious rewards reinforce high-prior pre-trained behavior (like code reasoning)

My take: Code reasoning and performance gain could be artifact of pre-training data and 
memorization. Inhibiting and inducing code reasoning is just pushing memorization



Critic for “Spurious Rewards” – Overview

● The baseline is not as high as it should be (blog post)

● Didnʼt test Qwen2.5-Math-Instruct models

● Code reasoning frequency might not be causally related to 
performance, but just a correlation through memorization
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https://safe-lip-9a8.notion.site/Incorrect-Baseline-Evaluations-Call-into-Question-Recent-LLM-RL-Claims-2012f1fbf0ee8094ab8ded1953c15a37


Prop -  Spurious Rewards 
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Contribution 1: Fake Rewards Have Positive Effect

● In the abstract, the authors mention that “spurious rewards have 
little, no, or even negative correlation with the correct answer”.

● The paper does not claim spurious rewards are superior to correct 
ones, but demonstrates that:
○ Compared to an untrained baseline, even spurious rewards can provide 

positive learning gains.
○ This counter-intuitive finding challenges traditional assumptions about 

reward signal quality in RL.
● The Reasoning or Memorization paper is based on the conclusion of 

this one.
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Contribution 1: Fake Rewards Have Positive Effect

● Reward Design:
○ Multiple types of spurious reward signals were used for training.

● General Observations: Effectiveness is model-dependent.
○ Works reasonably well on Qwen, but often fails on other models like 

OLMo and Llama 3.2.
○ Even on Qwen, not all spurious signals are effective.
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Contribution 2: Why Qwen Successfully Converge?

● The foundation is pre-training: The effectiveness of spurious rewards 
is highly dependent on the model's inherent, pre-existing internal 
reasoning capabilities.

● Hypothesis: Qwen acquired the powerful strategy of 
code-augmented reasoning during pre-training.

● Parallel Insight from CodeIO:
○ This finding strongly aligns with the insight from CodeIO: Using code as 

an intermediate representation can robustly enhance model reasoning 
and generalization.

○ Related Work: CodeIO: https://arxiv.org/pdf/2502.07316v2
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1.1 The baseline is not as high as it should be 

● Few shot is probably the key of high eval values
● From my own evaluation the baseline is authentic (standard 

evaluation, 0 shot).



1.2 Did not use Qwen2.5-Math-Instruct

● Instruct models are already trained with RL. Itʼs meaningless to start 
from instruction-following models.
○ Shown in “reasoning or memorization” paper

● Starting RL from base model is a standard operation by many 
following works (e.g. DeepSeek R1 Zero).

● Even with instruction-following models, relative study can steadily 
reproduce the results.

















1.3 Code reasoning not causally related to 
performance
● Chain of thought can be whatever the model feels “necessary” to do 

reasoning.
● “Code reasoning is just pushing memorization”: not necessarily
●



Prop - Reasoning or Memorization

54



Proponent for “Reasoning or Memorization” – Overview

The paper is well-structured and conveys two points well.

1. Data contamination, or strong math capabilities? – The data 
contamination experiment is well-carried out and persuasive
a. First demonstrated that the issue exists
b. Then showed that spurious rewardsʼ observation no longer holds with 

a new clean dataset
2. Why does random reward retrieve memorized answers?

○ Good mathematical intuition proposed in Section 4.4
○ GRPO is the cause of eliciting memorized answer; along the line of “Spurious 

Rewards” Section 4.4.2; but instead of code-reasoning elicitation (Shao et al., 
2025), it is memory elicitation

● Question: why does memorization and code reasoning appear together? 
See figures 12-14 55



#1.1 Data contamination – Proving this issue exists

● Figure 1 and Table 2 should be 
enough to prove it
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#1.1 Data contamination – experiments on a clean dataset

Created a new dataset RandomCalculation, and spurious reward observation no longer holds
57



#1.1 Data contamination – some points worth mentioning

● Admittedly, RandomCalculation is a bit contrived – only arithmetics
○ But regardless, with correct label, RL demonstrates increase in 

performance as expected, so it is still a valid experiment
● Indeed, it would be more persuasive if they run experiments on say, 

LiveMathBench, which does not have much contamination
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● The authors gave good intuition for understanding why random 
reward makes the model retrieve memorized content

● Full Maths in Section 4.4, but some quotes. With clipped objective:
○ “high-probability tokens continue to be up-weighted without penalty”

○ “GRPO with random reward can retrieve these answers after learning 

format and leads to sharp accuracy jump”

○ “clipped objective introduces systematic exploitation bias for 

high-probability tokens, whereas mid-probability tokens are less 

optimized”

#2.1 Random reward exposes memorization – Maths
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● Similarity in MATH-500 is higher than in RandomCalculation after RL
● “Performance surge under spurious rewards arises because GRPO 

inadvertently triggers Qwen to retrieve memorized answers, rather than 
stimulating Qwenʼs existing reasoning patterns like codes as explained in 
Shao et al. (2025).”

● Do we see code reasoning after RL on RandomCalculation?

#2.2 Random reward exposes memorization – KL

60



#3 Side note: Why do memorization and code reasoning appear 
together?

● Figures 12-14 demonstrate the 
same observation in MATH-500, 
AMC, AIME 2024
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Critic - Reasoning or 
Memorization (prasann)
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Critic: “Reasoning or Memorization” (overview)

- The paperʼs claim about memorization is interesting, but the 
investigation only shows this at a surface level, and doesnʼt go as 
deep as it could

- “Why”: Mathematical intuition can be misleading and isnʼt a 
substitute for experiments

- RandomCalculation is extremely toy, performance on it doesnʼt build 
evidence for their hypothesis, and the task is not really a contribution

- Narrow eval scope (only 2 model families), common problem in 
reasoning
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1.1: “Data contamination or math capabilities”

● KL and self-bleu is pretty weak evidence for 
memorization (e.g. SFT on the test set 
would prob have higher values)

● What counts as contamination?
○ E.g. if thereʼs similar (but non-identical) 

data in training, does that count? 
○ The paper couldʼve been much stronger if 

they could re-create a case where we 
*know* of contamination and show similar 
patterns



1.1: “RandomCalculation”

● This setting is very artificial, and may be completely independent of 
the other reasoning settings

● Prior RLHF work has examined extremely similar settings, so this is 
not a contribution (they frame this as 2 out of 4 of their contributions)

● They donʼt give actual evidence of it not being contaminated



Other Problems

● They donʼt actually connect 
why memorization is 
supported by random 
rewards with experiments, 
despite having some 
“mathematical intuition”

● They only experiment with 2 
model families. This leaves 
an incomplete picture of 
how much this affects the 
field.



Overall

- The blog brings up issues in baselines w.r.t formats and sampling 
hyper-params. These concerns are extremely important / valid

- Both papers show signs of counterintuitive results and weaknesses 
of limited evaluation in reasoning

- They align with the same overall takeaway: Reasoning is a very 
narrow subfield of NLP with a lot of bad practices! Proceed with 
caution
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Plannings

Spurious Rewards (Critique)

● The baseline is not as high as it should be (blog post)
● didnʼt use instruct model 

○ From the blog: “However, for Llama the instruct model was tested, while for Qwen it was the base — which might be a critical difference, as 
instruction-tuning already elicits base model capabilities to a large extent. The equivalent instruct numbers in Qwen models are also significantly higher 
than the performance their methods elicit.”

● Code reasoning frequency might not be causally related to performance, but just a sign of memorization (second paperʼs figures 12-14)

Reasoning or Memorization (Defend)

● Data contamination experiment
○ The fact that they can complete the problem (Table 2)
○ The fact it only works for datasets released before Qwen2.5 was released
○ The fact that spurious reward does not generalize to RandomCalculation (Figure 7)

● Trying to justify GRPO eliciting memorized answer (Figure 8)
○ “Therefore, performance surge under spurious rewards arises because GRPO inadvertently triggers Qwen to retrieve memorized answers, rather than 

stimulating Qwenʼs existing reasoning patterns like codes as explained in Shao et al. (2025).”
○ 4.4 maths intuition – along the line of spurious rewardsʼ maths

● Not really conflicting – look at figures 12-14, memorized + code
● Shared: spurious rewards upweight pre-existing characteristics (memorized content vs. reasoning strategies)

○ Both used maths to justify (spurious reward page 12)
● For some reason, memorization and code reasoning appear together – why is that? The pre-train data uses code to solve maths?
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https://safe-lip-9a8.notion.site/Incorrect-Baseline-Evaluations-Call-into-Question-Recent-LLM-RL-Claims-2012f1fbf0ee8094ab8ded1953c15a37


Questions and Moderation

- Refer Tweets?
- Refer blogs?
-
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Reasoning models

- From Slack: Not everyone in class may be familiar with the general 
reasoning model training process, so try to give a short overview 
about it. (The previous class covers reasoning models already, so I 
don't think it has to be long, but it can be a short recap.)

- A small animation here might be useful
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Notes for discussion

- Ask critics of spurious:
- [Harman]

- Ask prop of spurious:
- [Harman]

- Ask critics of memorization:
- [Dennis]

- Ask prop of memorization:
- [Dennis]
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Reasoning models summary

- One implementation of test-time compute…
- Use RL to “reason” at test time (essentially an internal chain of 

thought)
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For how many positive 
integers n > 1 is it true that 
224 is a perfect nth power?

Math problem:

To find the number of 
positive integers…

The answer is 7

First we need to 
find…
Letʼs count the final set 
of values…



Donʼt trust single-model RLVR gains without strict parity controls 
and cross-model replication

1. Match pre/post evaluation exactly
2. Test across multiple base models
3. Optimizer ablations: report runs with clipping on/off, PPO vs other 

optimizers
4. ….

Impact on the Field
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