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We propose a simple training loop,
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corresponding to a simple RL setup.
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(Init.)
50K 100K 150K ' ' oK 50K 100K 150K 200K SFT on
Verifiable Reward IFEval Train
- {a if corre.ct &~ 1-round
0 otherwise REj. Sam.
RLVR 88.5 44.2 81.4 67.1

: M (Ours) (0.7) (0.2) (0.6) (0.4)

Training ' i | ' : | Note: baselines not super-finely tuned. We use the

data s = 0, + AV () 20K oK o« HOOK S0k 200K hyperparams used for finetuning TUlu 3.

- / Policy Update Flan
« RLtraining against a verifiable reward works

.. surprisingly well!

100k 150K 200K 0K ' | K 100K 150K 200K  Significant improvements over SFT.

Episodes

_» Startfrom Tulu 3 8B SFT/ - Extremely data-efficient
" DPO (stillimproving after > 20 epochs!)

- Consider 4 datasets / & Did | accidentally replicate O1? 1 Qualitative Analysis + Some overoptimisation, though.

evaluations: We find that sometimes the model self-corrects Is reasoning actually improving? ||| Does overoptimisation occur? Math works best.
Evaluation Training Data after training on MATH: We find 13.7% of improved answers Performance saturates, and itis hard to improve

Model R “ Thi \(x\\) must b ( ) We find that math training tends not to if the model is already ‘very good’
_ odel Kesponse: "... | NIS means \\ (X MusStT De wrona -> riaht after RL) are from " _ y y .
GSM8k GSM8k train set (~7k) between 4 and 3, which is impossible. Let’s recheck:... ° - g overoptimise, but IFEval training often :
’ formatting fixes for GSM8k. does: Improvements can generalise across tasks
_ This indicates a mistake in the initial setup. Let’s ) . \ ' . :
MATH MATH train set (~7k) Response before: "...The answer is 26.00. « Training on Flan improves BBH

correctit:....” Response after: *..S0 the answer is 26. Prompt: Answer the following question (...)
FEval F persona set(~15k) If we overtrain on a small set. we find the model ' The word ‘nonsensorial’ must appear 5 - We find that average performance across 12

‘collapses’ into lots of self-correction.... but also However, most improvements stem times. evals is stable across training (goes up a little

BBH Flan dataset (~90|<) = from actual improvementsin Response: nonsensorial nonsensorial
gets more ac;:ALTJHrate = reasoning, for example: nonsensorial nonsensorial nonsensorial and does not decrease).

» Use PPO for training against reward. - i Response before: *..we divide the total cost || However, the average performance Future Work

- Further setup details can be found in

- of the cups by the number of cups:534,800 / across a wide variety of evaluations ntegrating code feedback!
the Tulu 3 paper (RI_VR)_ 240 cups = S144 per cup. So the total cost of

= buying each cup is S144.” does not change much with RL Further generalising the setup!

= o ek, 0351, . . . 2004, . . | | training. So the model is not changin _ _
.'f‘. U u R oo e ™ oo e Response after: ..the cost per cup s ° IS How to avoid saturation? Is the value model a

_ - » drastically (as shown by KL div.
Still Working on understanding this! S34800 / 240 = S145. So the answer is 145. Y ( Y ) bottleneck?
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based metrics (Flan), or functions that analyse features of the output (IFeval).

[Note that a verifier could be string matching against a label (GSM, MATH), n—gram]
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