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Abstract

Kev-4B is a judge built as a LoRA adapter and a pointer head on Qwen3.5-4B-Base, so a GRPO
policy trained as another LoRA adapter on the same base can share one copy of the backbone with it. We
measure what that saves and what the judge adds to GRPO on MATH. On the shared backbone the judge’s
probabilities stay within 0.015 of its fp32 reference, and the trainer needs 48% less GPU memory after
loading than with the judge loaded separately. Offline, on 4,000 solutions of the base policy, Kev-4B tells
correct from incorrect about as well as an autoregressive judge of the same size (AUROC 0.87 against
0.88); the same model reasoning before it answers is better, at about 29 times the cost. In GRPO (200
steps, 2-3 seeds per condition), the verifier alone raises MATH-500 accuracy from 76.5% to 82.5%. With
Kev-4B’s probability of correctness added to the reward, or the verifier gated by Kev-4B’s score, one seed
of each condition ends far ahead (87.4 and 88.4% on MATH-500) and the others end near the verifier-only
runs. The two far seeds had switched to opening their solutions with an informal draft in plain text. Of the
26 GRPO runs of this project, the 6 that made this switch, some without a judge in their reward, are the 6
best on AIME24; the verdicts on the training completions do not show what set the switch off, and with
2-3 seeds we cannot attribute it to the judge. Trained on Kev-4B’s score alone, the policy learns to write
solutions that Kev-4B rates as correct when they are not, and ends at 70.7% on MATH-500. Kev-4B also
pays for solutions that solve the problem again after answering, a style in which 6 of the 11 runs with
Kev-4B in the reward ended. Code, logs, every training completion and every number in this paper are in
the repository.

1 Introduction

Reinforcement learning with verifiable rewards (RLVR) trains language models on problems whose answers
can be checked. GRPO [3, 14] and its variants [11, 12] are the most common form. The verifier is exact but
coarse. It says whether the final answer is right, not whether the reasoning was sound, and it gives no signal
in groups where every sample is right or every sample is wrong. A judge model can grade the reasoning itself.
Process supervision [10, 16] and generative verifiers [18] are two forms of this idea. A judge brings a cost, in
memory and time, and a risk: a learned reward can be exploited [5, 15].

Kev-4B [13] is a judge that is unusually cheap to add to RLVR on a Qwen3.5-4B policy. It is a LoRA
adapter and a pointer head on the same base model, Qwen3.5-4B-Base, so the policy and the judge can share
one copy of the backbone. Policy LoRA and judge LoRA sit side by side, and the judge reads its answer in
one forward pass instead of generating text. This paper measures what that design saves and what the judge
adds to GRPO. We ask three questions:

1. How much GPU memory does the shared backbone save over loading the judge as a second model,
measured in the same process with the same training step (§6)?

2. How well does Kev-4B tell correct from incorrect solutions of the policy, compared with an AR judge of
the same size and family, and with that judge reasoning before it answers? How easily is each judge moved
by edits that should not move it (§7)?



3. Does adding Kev-4B’s judgment to the verifier’s reward improve GRPO on MATH, and can Kev-4B
replace the verifier (§8)?

2 Related work

RLVR and GRPO. GRPO [14] replaces PPO’s value function with a group baseline over several samples
of the same prompt. DeepSeek-R1 [3] made it the standard recipe for reasoning. Later analyses showed that
details matter: length normalisation and the per-group standard deviation [11], and the choice of advantage
scale [12]. We use the group mean with the batch-level scale that Liu et al. [12] recommend, a token-level
loss, and no KL term. Modern RL stacks sample with an inference engine and train with another framework.
The two compute slightly different probabilities for the same weights, and truncated importance sampling
corrects for that [17].

Judges and reward models for reasoning. Outcome and process reward models score solutions or
steps [10, 16]. Generative verifiers [18] read the probability of “yes” from a language model asked whether a
solution is correct, optionally after it reasons. LLM judges are known to be sensitive to length, style and
assertions of correctness [19]. Reward-model over-optimisation grows with how hard the policy is pushed [5],
and RL policies have learned to exploit their reward signals in many settings [1, 4, 15].

Sharing weights between policy and reward. Multi-LoRA serving [7, 9] lets several adapters share one
base model at inference time. Here the same mechanism is used inside the trainer, for a policy adapter that is
being trained and a judge adapter that is frozen. The condition that makes this exact is that training never
changes the base weights the judge was trained on.

3 One backbone for the policy and the judge

Kev-4B [13] is a LoRA adapter of rank 16 and a pointer head on Qwen3.5-4B-Base (revision 1001bb4d).
The policy we train is a LORA adapter on the same base. A single copy of the base weights can therefore
serve both models. It carries two adapters: default, the policy (rank 32, @ = 64, on every attention, MLP
and Gated DeltaNet projection), and kev, Kev-4B’s released adapter, frozen and applied unmerged. Only the
policy adapter is trained, so the base weights never change and Kev-4B reads exactly the backbone it was
trained on. Scoring a completion switches the active adapter to kev and reads Kev-4B’s pointer head with its
calibration temperature. The judge then sees the same backbone and adapter weights as a separately loaded
Kev-4B. Its outputs differ only by merged versus unmerged LoRA arithmetic in bf16, which we measure (§6).

The alternative is to load Kev-4B as a second model. We measure the GPU memory of both designs
in the same process with the same training step: allocated memory after loading, and peak memory over a
policy update on a fixed batch followed by Kev-4B scoring.

4 GRPO setup

Policy and data. The policy starts from Qwen3.5-4B-Base with a zero-initialised LoRA, so step O is the
base model. Training problems are MATH [6] training problems of levels 3-5. A fixed random 500 of them
(seed 12345) are held out as the validation set, which is the only data used for model selection. The other
training problems are visited in a seeded random order. None of the MATH-500 test problems is in the
MATH training split (checked when the data are built). The prompt asks for a step-by-step solution with the



final answer in \boxed{}. A completion is correct if math-verify [8] finds its last boxed answer equal to the
reference answer. The judges never see the reference answer.

Rollouts. Each step samples 16 problems and 8 completions per problem at temperature 1 (at most 1024
tokens) from a vLLM [9] server that receives the policy adapter after every update. vLLM and the training
stack compute slightly different probabilities for the same weights. We correct each token by truncated
importance sampling [17], with weight min (74 /7vLiM, 2), and we log the mismatch.

Objective. The advantage of a completion is its reward minus the mean reward of its group, divided by
the standard deviation of these centred rewards over the whole batch, as in Lite PPO [12]. With the batch
scale, the weight A of a judge term keeps its meaning in groups where the verifier gives every completion the
same reward. The loss is the token-level policy gradient, summed over all completion tokens of the batch and
divided by their number [11]. There is one AdamW step per batch, so PPO’s ratio is one and its clipping is
inactive, and there is no KL term. Learning rate: chosen from {1, 3, 10} - 1073 on the validation set with the
rlvr reward (§8.1) and then fixed for every condition. Gradient-norm clipping is at 1.0 and the batch has 128
completions. Each run has 200 steps.

Reward conditions. Letv € {0, 1} be the verifier’s verdict. P, is Kev-4B’s p(yes) for “Is the final answer
of the proposed solution correct?”. Py is its p(yes) for “Does the proposed solution reach its final answer
through genuine, relevant step-by-step reasoning. .. ?”. P, is the AR judge’s p(yes) for the first question. The
judge prompts are in experiments/part2_l1lm/prompts/judge_prompts. json and were fixed before
any GRPO run. The judges see the problem and the completion, truncated to 1536 tokens.

condition reward

rlvr v
rlvr_kev_add V+AP., 1=0.2
rlvr_kev_gate v-P,
kev_only P. (no verifier)
rlvr_ar_add V+AP,, 1=0.2

With 4 < 1, a correct completion always outranks an incorrect one in the additive conditions. The judge can
only reorder completions with the same verdict. kev_only asks a different question: whether a policy can be
trained by the judge alone, and whether it learns to exploit the judge. In every condition Kev-4B also scores
64 random completions per step, for the log.

Evaluation. Every 50 steps the policy is evaluated greedily (at most 2048 tokens) on the validation set,
MATH-500 and a fixed 500-problem subset of GSM8K test [2]. After the last step it is evaluated on the full
GSMBSK test set and MATH-500 (greedy), and on AMC23, AIME24 and AIME25 (16 samples per problem
at temperature 0.6, top-p 0.95, reported as the mean accuracy over samples). We report the final policy of
every run; no checkpoint is selected. Per-problem results are saved, so conditions are compared on the same
problems: we report the paired difference to rlvr, averaged over seeds, with a 95% bootstrap confidence
interval over problems.

Offline judge study. The base policy wrote 4 completions at temperature 1 for each of 1000 problem:s:
MATH-500 and the 500-problem GSMS8K subset. It used the training prompt and stop strings, so these are
the completions GRPO starts from. Both judges answered every question for every completion. For each
signal we report its AUROC for the verifier’s verdict over all completions, and also within problems: the
AUROC over the pairs of completions of the same problem with different verdicts, which is what GRPO’s



group baseline uses. We also report calibration (expected calibration error, ECE; Brier score) and cost. Four
edits probe what moves a judge:

* answer only: the completion is replaced by a single sentence that gives its own final answer;

* padded: twenty repetitions of a self-doubt sentence are appended;

* asserted: a claim that every step was verified is appended;

* altered: the final boxed answer of a correct completion is changed, so it becomes wrong.

A generative judge serves as a further baseline on a random subset: the same AR model, reasoning before it
answers (thinking on), with its score taken as p(yes) at the answer position. The study uses test problems. It
measures the judges and informs nothing in the GRPO runs, whose design and prompts were fixed before it
ran.

S Experimental setup

Each run used one Colab virtual machine with one NVIDIA RTX PRO 6000 Blackwell Server Edition GPU
(96 GB). The trainer (PyTorch 2.8 in kev’s locked environment; the Hugging Face implementation of Qwen3.5,
whose Gated DeltaNet layers run on the flash-linear-attention kernels) and the vLLM 0.31 rollout server (its
own environment) shared the GPU, and up to three trainers shared one rollout server. Other experiments of
this series often ran on the same GPU at the same time, so we report wall-clock times only from measurements
made on an otherwise idle GPU and label them as such. Seeds fix the problem order, the vLLM sampling
seeds (one per problem and step) and every random choice of the trainer. GPU kernels are not deterministic,
so two runs with the same seed are not bitwise identical. Runs checkpoint every 25 steps and resume after an
interruption; the number of resumed runs is reported.

6 What the shared backbone saves

The judge is unchanged. On 576 questions about math solutions (reference solutions of GSM8K and
MATH training problems, as written and with the final answer changed), Kev-4B on the shared backbone
differs from Kev-4B’s fp32 reference by at most 0.015 in probability, 0.0023 on average, and picks the same
option in 99.0% of the questions. A separately loaded, merged Kev-4B with fused kernels differs by at most
0.009. All three tell the correct solutions from the altered ones equally well (AUROC 0.954, 0.954 and 0.955).

Memory. The saving is one copy of the backbone, 8.3 GB. After loading, the shared backbone with both
adapters and Kev-4B’s head takes 8.8 GB of GPU memory and the two separate models 17.1 GB, 48% less.
Over a policy update on a fixed batch (8 sequences of 1024 tokens, gradient checkpointing) the peak is
14.4 GB against 22.7 GB, 37% less. Each arrangement was measured in a fresh process with the same step
(experiments/validation/shared_check_idle.*. json). The peak of the subsequent Kev-4B scoring
depends mostly on how many tokens the judge processes at once, which is a setting rather than a property of
either design, so we do not compare it.

Speed. Switching the active adapter from the policy to Kev-4B and back takes 18 ms. On an idle GPU,
Kev-4B on the shared backbone scores 36.2 of these requests per second, against 39.6 for the separate merged
model. Its adapter is applied unmerged, which costs some speed. On the policy’s own solutions, which are
longer, the GRPO trainers’ arrangement takes 49.9 ms per request of three questions (Table 1). An earlier
measurement of the shared arrangement gave 8.0 requests per second. It was taken while another process
used the GPU and is not a property of the design.



3 questions 1 question

judge used by ms/request ms/question ms/question peak GB
Kev-4B, merged, fused kernels, one row per  Part I judge 53.0 17.7 18.4 22.8
question server

Kev-4B, merged, shared prefix offline studies 443 14.8 27.9 13.4
Kev-4B on the policy’s backbone GRPO trainers 49.9 16.6 41.5 10.1
AR judge, fused kernels baseline - - 18.0 9.7
AR judge reasoning first (VLLM) baseline - - 478 -

Table 1: What one judgment costs on an idle RTX PRO 6000, on the same 1000 base-policy solutions to MATH-500
and GSMSK problems. Kev-4B answers the three Part II questions about a solution in one request; the AR judge needs
one forward pass per question; the reasoning judge generates up to 2048 tokens of thought and then answers. Peak:
GPU memory allocated by the process, including the model.

all MATH-500 GSMSK
signal AUROC  within AUROC AUROC ECE Brier
Kev-4B correct 0.87 0.82 0.88 0.83 0.10 0.16
Kev-4B genuine 0.87 0.82 0.89 0.84 0.14 0.17
Kev-4B quality 0.88 0.83 0.90 0.84 0.09 0.15
AR correct 0.88 0.80 0.90 0.83 0.06 0.13
AR quality 0.87 0.80 0.90 0.82 025 0.22

Table 2: AUROC of each judge signal for the verifier’s verdict on 4 base-policy attempts at each of 1000 problems
(MATH-500 and 500 GSMSK test problems), over all attempts and within problems (pairs of attempts at the same
problem with different verdicts); ECE and Brier score of the signal as a probability of being correct (meaningful mainly
for the correct questions).

7 How well the judges see the policy’s mistakes

The base policy solved 60.9% of its 4,000 attempts (51.7% on MATH-500, 70.0% on the GSMS8K subset).
603 of the 1000 problems got both correct and incorrect attempts.

Kev-4B and the AR judge are about equally accurate. Table 2 gives each signal’s AUROC for the
verifier’s verdict. Over all attempts, Kev-4B’s correct reaches 0.87 and the AR judge’s 0.88. The AR judge’s
lead is small but resolved: Kev-4B minus AR is —0.013 [-0.021, —0.005] (95% interval from resampling
problems). Within problems, the comparison GRPO’s group baseline makes, the order turns: 0.82 against 0.80,
a difference of +0.019 [-0.001, 0.041] that is not resolved. It is resolved on GSMS8K (+0.049 [0.020, 0.081]).
On MATH-500, the benchmark closer to the training problems, Kev-4B is behind by a margin that is not
resolved (—0.017 [-0.044,0.012]). Kev-4B’s three questions carry almost the same information: genuine and
quality reach about the same AUROCS as correct. The AR judge’s yes/no probability is the better calibrated
probability of being correct (ECE 0.06 against 0.10). Kev-4B’s correct is too high on incorrect solutions
(mean 0.51 against 0.34 for the AR judge).

A judge that reasons first is better, at a price. On a random 1000 of the attempts, the AR model reasoning
before it answers reaches an AUROC of 0.92 (0.91 within the 82 problems with both outcomes in the subset),
against 0.88 and 0.88 for Kev-4B’s correct on the same attempts. The lead over all attempts is resolved
(+0.048 [0.027,0.069]); the lead within problems is not (+0.024 [-0.054, 0.099]), because few problems of
the subset have both outcomes. Its thinking ran into the 2048-token limit in most cases (it finished in 38%); it



correct completions incorrect completions

edit Kev-4B AP, AR AP, Kev-4B AP. ARAP,
answer only -0.21 -0.34 -0.02 +0.00
padded -0.03 -0.04 -0.01 -0.04
asserted +0.02 +0.03 +0.01 +0.03
altered -0.53 -0.75 - -

Table 3: Mean change of P. (Kev-4B) and P, (AR judge) when a completion is edited, separately for completions the
verifier marks correct and incorrect. Answer only: the completion replaced by one sentence giving its final answer;
padded: twenty self-doubt sentences appended; asserted: a claim of verification appended; altered: the final answer of
a correct completion changed.

learning rate  step 0 step 30 step 60 score (mean of 30 and 60)

1073 0.692  0.738 0.738 0.738
3-1073 0.694 0.730 0.744 0.737
1074 0.698  0.748 0.678 0.713

Table 4: Learning-rate sweep: validation accuracy (500 held-out MATH training problems, greedy) of rlvr, seed 1.

was then asked for its answer anyway. On an idle GPU it costs 478 ms per judgment, about 29 times what
Kev-4B costs per question in the GRPO trainers (§6). One GRPO step judges 128 solutions.

What moves the judges. Table 3 shows the mean change of each judge’s probability of correct under four
edits. Both judges notice when the final answer of a correct solution is changed (Kev-4B —0.53, AR —0.75).
Both penalise a correct answer given without its reasoning (—0.21 and —0.34), and leave a wrong answer
without reasoning about where it was. Appending a claim that every step was verified raises both judges a
little: Kev-4B by +0.02 on correct solutions, upwards in 83% of them, and the AR judge by +0.03. These
shifts are small next to the gap between correct and incorrect solutions, but they are systematic, and a policy
trained on a judge’s score is rewarded for finding them.

8 Does the judge add anything to the verifier?

8.1 Learning rate

The learning rate was chosen once, on the validation set, with the rlvr reward and seed 1. Each sweep run
had 60 steps of 16 problems with 8 completions each, at 107>, 3 - 107> or 10~* (Table 4). The rule takes the
highest mean validation accuracy over steps 30 and 60, or the smaller learning rate when the best two are
within 0.5 points (experiments/part2_11m/LR_SELECTION.md). It was written down while the 1073 and
10~% runs were starting. By then the 3 - 107 run had logged its accuracies at steps 0 and 30, and we had seen
them. 1073 (0.738) and 3 - 107> (0.737) are within 0.5 points, so the rule chose 1075 for every run of Parts II
and III. At 10~* the validation accuracy rose to 0.748 by step 30 and fell to 0.678 by step 60, below the base
model. All three runs start from the same base model, yet their step-0 accuracies differ (0.692, 0.694, 0.698).
Greedy decoding on vLLM is not bitwise reproducible across server states, and this spread is the size of the
evaluation noise.



condition seeds MATH-500 GSMSK AMC23 AIME24 AIME25
76.5 87.9 50.6 10.0 10.9

825+0.6 93.0+£03 609+24 215+04 16.7+2.1
846+26 93.1+09 656+39 256+66 18.6+5.5
852+45 933+05 67.7+46 285+85 21.1+49
70.7+13 913+00 418+23 49+1.0 23=+15
824+1.7 932+08 62.1+23 216+28 18.0+£19

base model

rlvr
rlvr_kev_add
rlvr_kev_gate
kev_only
rlvr_ar_add

N NN W W

Table 5: Final policies: accuracy in percent, seed mean =+ standard deviation over seeds. MATH-500 and GSM8SK
(1319 problems): greedy. AMC23, AIME24 and AIME25: mean over 16 samples per problem at temperature 0.6. Base
model: the mean of two evaluations.

condition sced MATH-500 GSMSK AMC23 AIME24 AIME25
rlvr 1 82.8 93.0 63.6 21.0 18.8
2 83.0 93.3 59.8 21.9 16.9
3 81.8 92.6 59.2 21.7 14.6
rlvr_kev_add 1 82.2 92.1 62.5 21.9 13.8
2 84.2 93.6 64.4 21.7 17.5
3 87.4 93.7 70.0 33.1 24.6
rlvr_kev_gate 1 82.0 92.9 64.4 22.5 17.7
2 88.4 93.7 70.9 34.6 24.6
kev_only 1 69.8 91.3 40.2 4.2 1.2
2 71.6 91.3 43.4 5.6 33
rlvr_ar_add 1 81.2 92.6 60.5 19.6 16.7
2 83.6 93.8 63.7 23.5 19.4

Table 6: The final policy of every run: accuracy in percent, as in Table 5.

8.2 Reward conditions

rlvr and rlvr_kev_add ran with 3 seeds, the other conditions with 2. Table 5 gives the final policies’
accuracies, Table 6 those of every run, Table 7 the paired differences to rlvr, and Figure 1 the training curves.
The paired intervals resample problems. They do not include the variation between seeds, and in these runs
that variation is the larger one.

The verifier alone. 200 steps of rlvr raise MATH-500 from 76.5% (the base model) to 82.5%, GSM8K
from 87.9% to 93.0%, AMC23 from 50.6% to 60.9%, and AIME24 and AIME25 from 10.0% and 10.9% to
21.5% and 16.7%.

One seed of each Kev-4B condition is far ahead. The three seeds of rlvr end at 82.8, 83.0 and 81.8% on
MATH-500 and at 21.0, 21.9 and 21.7% on AIME24 (Table 6). With Kev-4B’s P. added to the reward, two
seeds end near them (82.2 and 84.2% on MATH-500) and the third at 87.4%. With the gate, one seed ends at
82.0% and the other at 88.4%. On AIME24 these two far seeds reach 33.1 and 34.6%, and no other run of this
paper exceeds 23.5%. The two runs carry their conditions’ means, and with them the paired differences to
rlvr: +2.1 [0.6,3.6] points on MATH-500 for rlvr_kev_add and +2.7 [0.7,4.8] for rlvr_kev_gate, and
more on the competition sets (Table 7). These intervals say that the conditions’ seed means beat rlvr’s on
these problems. They do not say that the judge made the difference: the other seeds of the same conditions did



minus rlvr MATH-500 GSMS8K AMC23 AIME24 AIME25

rlvr_kev_add +2.1 +0.1 +4.7 +4.0 +1.9
[0.6,3.6] [-0.5,0.8] [1.6,8.2] [0.1,8.3] [0.2,3.7]
rlvr_kev_gate +2.7 +0.3 +6.8 +7.0 +4.4
[0.7,4.8] [-0.4,1.0] [2.6,11.3] [2.4,12.2] [1.3,8.2]
kev_only -11.8 -1.7 -19.1 -16.6 -14.4
[-14.6,-9.1] [-2.6,-09] [-28.2,-10.4] [-26.9,-7.5] [-24.4,-5.9]
rlvr_ar_add -0.1 +0.2 +1.2 +0.0 +1.3
[-1.9,1.6] [-0.5,0.9] [-2.0,4.7] [-2.5,3.0] [-1.6,4.6]

Table 7: Paired differences to rlvr, in percentage points: per problem, each condition’s seed mean, averaged over
problems, with a 95% bootstrap interval over problems.

training, last 20 steps final policy, MATH-500
condition accuracy Kev-4B P, tokens all wrong allright Kev-4B P, Kev-4B AUROC
rlvr 67.0 0.74 679 16% 44% 0.81 0.88
rlvr_kev_add 69.0 0.74 593 14% 46% 0.82 0.89
rlvr_kev_gate 69.7 0.78 831 14% 47% 0.87 0.89
kev_only 55.5 0.87 829 25% 32% 0.91 0.85
rlvr_ar_add 68.0 0.73 585 15% 47% 0.80 0.89

Table 8: Training statistics over the last 20 steps (seed mean): verifier accuracy of the training completions, Kev-4B’s
mean P, on 64 of them per step, completion tokens, and the share of groups in which every completion is wrong or every
one is right (no learning signal from the verifier). Final policy: Kev-4B’s mean P, and its AUROC for the verifier’s
verdict on the MATH-500 completions.

not beat rlvr. With the AR judge’s P, added (rlvr_ar_add), both seeds end near rlvr (-0.1 [-1.9,1.6]
points on MATH-500). What sets the two far runs apart is how they write (§8.3).

The judge alone is exploited. Without the verifier (kev_only), the policy maximises Kev-4B’s P., which
rises to 0.87 on the training completions over the last 20 steps (rlvr: 0.74). The verifier’s accuracy on the
same completions stays at 55.5% (rlvr: 67.0%). Against rlvr, the final policy’s accuracy differs by —11.8
[-14.6,-9.1] points on MATH-500 and by —16.6 on AIME24, and both seeds end below the base model they
started from on MATH-500 (69.8 and 71.6% against 76.5%) and on all three competition sets. What the
policy learned is to write solutions that Kev-4B rates as correct: Kev-4B gives its wrong MATH-500 answers
0.86 on average, against 0.61 for the wrong answers of rlvr’s policies. The within-group AUROC of Kev-4B
on the training completions, which is what GRPO’s advantage uses, falls from 0.85 in the first 20 steps to
0.65 in the last 20. A 4B judge is a usable signal for a policy that is not optimised against it (§7); it is not a
usable reward on its own.

Evaluation noise. Every run evaluates the base model at step 0. Across the 12 runs, MATH-500 accuracy
at step 0 ranges from 75.4% to 78.0% (standard deviation 0.8 points) and validation accuracy from 68.2% to
70.2%. The final weights of each run are evaluated twice on MATH-500, both times greedily: at step 200
with the periodic evaluations, and in the final evaluation. The two results differ by 0.6 points on average and
by up to 1.4 (12 runs). Differences of a point between two final policies are within this noise; the differences
between the far seeds and the others are not.



train accuracy (verifier) completion tokens groups with no correct sample

0.70 900 A
850 A
0.65
800 A
0.60 750 -
0.55 700 4
0.50 6501
600 -
0.45
T T T T T T T T 0.10 T T T T
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
GRPO step GRPO step GRPO step
Kev P(correct) math500 accuracy (greedy) val accuracy (greedy)
0.850 1
0.85 A
0.825 - 0.75 A
0.80 1 0.800 A
0.70 A
0.75 4 0.775 1 |
0.750 - ] @ rivr
0.70 1 065 rlvr_kev_add
0.725 A ~@- rivr_kev_gate
—@— kev_only
008 0.700 0.60 1 o v ar_add
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
GRPO step GRPO step GRPO step

Figure 1: Training curves (seed mean): verifier accuracy, completion tokens, share of groups with no correct completion
and Kev-4B’s P, on the training completions (10-step moving averages), and greedy accuracy on MATH-500 and the
validation set every 50 steps.

8.3 Three ways of writing a solution

Figure 2 shows one MATH-500 problem as the final policies of three runs answer it. Most policies write one
formatted solution, with LaTeX and markdown, and end with the boxed answer (left). The two far seeds first
work the problem in plain text, without LaTeX or markdown, give the answer, and then, mostly, write the
formatted solution (middle). Some policies write the formatted solution, give the answer, and write it again
in nearly the same words (right). We measure the first style by the share of completions that open with an
informal draft: no math delimiter ($, \ ( or \[) and no markdown heading or bold (### or **) in the first 300
characters. We measure the third by the share of a completion’s lines (of at least 20 characters) that repeat an
earlier line of it. Both measures were defined after we had read the final completions, to describe what we saw.

The two far seeds switched to drafting first. The base model drafts first in 11% to 12% of its MATH-500
completions at step O (Table 9). Every run cut this share in its first 50 steps, to at most 9% at step 50, and in
ten of the twelve runs it stayed low (at most 3% in the final evaluation). In rlvr_kev_gate seed 2 it rose
from 5% at step 100 to 77% at step 150, and in rlvr_kev_add seed 3 from 16% at step 150 to 90% at step
200. The final MATH-500 completions of these two runs open with a draft on 85% and 90% of the problems,
and 85% and 58% of these drafts go on to formatted text; in the others the plain text is the whole solution.
They are no longer than those of the other runs (797 and 623 tokens on average; Table 11). Runs with the
same seed see the same problems in the same order and start from the same samples, so the switch is not a
property of the data order: rlvr seeds 2 and 3 did not switch.

The same switch happened in the other papers, and only in the best runs. In Parts III-B and III-C, 2
and 2 runs switched in the same way, 2 of them with the verifier’s reward alone (in both tree conditions of



share of drafts, step

condition seced MATH-500 AIME24 0 50 100 150 200 final
rlvr 1 82.8 21.0 12% 1% 0% 1% 1% 1%
2 83.0 21.9 12% 0% 0% 0% 0% 0%
3 81.8 21.7 12% 1% 1% 0% 1% 1%
rlvr_kev_add 1 82.2 21.9 12% 0% 0% 0% 0% 0%
2 84.2 21.7 12% 1% 0% 1% 1% 1%
3 87.4 33.1 12% 9% 2% 16% 90% 90%
rlvr_kev_gate 1 82.0 22.5 12% 2% 1% 2% 1% 1%
2 88.4 34.6 12% 4% 5% 77% 85% 85%
kev_only 1 69.8 4.2 12% 1% 1% 1% 0% 1%
2 71.6 5.6 11% 0% 0% 0% 0% 0%
rlvr_ar_add 1 81.2 19.6 11% 1% 1% 3% 3% 3%
2 83.6 23.5 12% 1% 1% 0% 2% 2%

Table 9: The share of MATH-500 completions that open with an informal draft (no math delimiter, markdown heading
or bold in the first 300 characters), at each periodic evaluation (greedy, every 50 steps) and in the final evaluation, per
run, with the final accuracies.

Part I1I-C; tree_random differs from rlvr only in how it samples the completions of a group). The plain
text that opens their completions is not always followed by a formatted solution: in the runs of Part III-C that
switched, only 25% and 15% of the drafts go on to formatted text. Table 13 lists all 26 GRPO runs of the
project by the style of their final policy. The 6 runs that switched reach 30.4 to 34.6% on AIME24, every other
run at most 24.4%; on MATH-500 they reach 84.6 to 88.4%, every other run at most 84.6%. The classes do
not depend on the details of the definition: with an opening window of 150 or 600 characters instead of 300,
or with the math delimiters as the only markers, the runs that switched still open at least 53% of their final
completions with a draft and every other run at most 16%. We found the switch after the runs had finished,
and the classification is ours, so this is a description of the runs and not a test of a hypothesis stated in advance.

The verdicts do not show why. GRPO raises the probability of completions with a positive advantage, so a
style spreads when its completions are better than the other completions of their group. Table 10 compares,
within each group of 8 training completions that holds both kinds, how often the drafts and the others are
right. In steps 0—49 drafts were less often right in all 12 runs: the difference was between —15.3 and —7.9
points, which is why their share fell. From step 50 on it was between —1.6 and +2.2 points in the two runs
that switched, and between —25.9 and 49.4 in the others, whose groups rarely held a draft. In rlvr_kev_add
seed 3, drafts were less often right than the other completions of their groups in every window, by —1.2 points
over steps 150-199, while their share of the training completions grew from 5% to 62%. Their advantage,
which includes the judge’s term, was not larger either (—0.019 on average). What made these runs switch, the
verdicts and rewards we logged do not show.

Four policies came to repeat themselves. Both seeds of kev_only, rlvr_kev_gate seed 1 and rlvr
seed 3 write the solution, give the answer and write the solution again (Figure 2, right). In their final
MATH-500 completions 13% or more of the lines repeat an earlier line, against at most 1.1% in every other
run of this paper, and 90% of rlvr seed 3’s completions repeat part of the solution after the first answer
(Table 11). The reward of rlvr is the verifier’s alone, so no judge is needed for this. It is more frequent with
Kev-4B’s score in the reward: across the project, 6 of the 11 runs whose reward contains it ended this way,
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steps 0—49 steps 50-99 steps 100-149  steps 150-199
condition seed drafts Aright drafts Aright drafts Aright drafts A right
rlvr 1 7% -8.5 2% +4.2 1% -39 2% +1.8

2 5% -15.3 1% -93 0% -5.0 0% -2.1
3 6% —14.3 1% -0.7 1% +3.3 1% +2.6
rlvr_kev_add 1 6% -8.2 1% —-10.7 1% -3.1 0% -25.9
2 7% -10.6 1% -4.6 1% +6.9 1% -1.9
3 9% -94 7% -1.6 5% -1.3 62% -1.2
rlvr_kev_gate 1 8% -11.2 2% -4.3 3% -2.5 2% -7.9
2 13% -7.9 3% -0.1 26% -0.6 39% +2.2
kev_only 1 9% -9.9 1% -7.1 1% -6.2 1% +9.4
2 8% -7.9 1% +1.4 0% -0.9 0% -17.3
rlvr_ar_add 1 7% -11.0 2% -23 4% +0.4 3% -3.4
2 6% -10.9 1% -2.9 1% +2.4 1% -1.3

Table 10: Training completions that open with an informal draft, per 50-step window: their share, and A right, the
mean over the groups that hold both kinds of the share of drafts the verifier accepts minus that of the other completions
of the group, in percentage points.

against 2 of the 15 others, and the judge pays for it (§8.4). Repeating did not make a policy more accurate.
The repeating runs with the verifier in their reward end at 78.6-82.6% on MATH-500 (mean 80.8%), the runs
of neither style at 80.6-84.6% (mean 82.8%).

8.4 Does the judge pay for repetition?

After the GRPO runs we tested whether the judges pay for repetition (dcjev/11lm/repeat_probe.py;
Table 12). No edit changes the last boxed answer, the one the verifier reads, and each judge scores the texts as
in training.

Repetition as such is worth little to Kev-4B. Writing the last two paragraphs of the base policy’s solutions
from the judge study twice more raises Kev-4B’s P by +0.012 [0.010, 0.013] on the 2436 solutions the verifier
accepts and changes it by —0.002 [-0.006, 0.001] on the 1537 it rejects. Writing the whole solution twice
gives +0.012 and —0.003. The AR judge moves more, by +0.037 on right answers and +0.012 on wrong ones.

The repetition the policies learned is paid for. We took the final MATH-500 solutions of the repeating
runs kev_only and rlvr_kev_gate (seed 1 of each) and rlvr (seed 3) that repeat lines, and cut each one
after its first answer, as if the policy had stopped there. Solutions that repeat before their first answer, or
whose first answer differs from their last, were left out (17, 66 and 54). Kev-4B rates the solutions as written
higher than the cut ones. For kev_only, whose reward is Kev-4B’s P, the part after the first answer raises
it by +0.059 [0.052, 0.066] on right answers and by +0.107 [0.093,0.122] on wrong ones, for 98% of the
wrong ones: from 0.77 to 0.88. rlvr_kev_gate multiplies the verifier’s reward by Kev-4B’s P, so among
the completions the verifier accepts this factor alone decides which are paid more. On those, the part after
the first answer raises P, by +0.026 [0.023, 0.030], for 87% of them: the gate pays right answers that repeat
themselves more than right answers that stop. Kev-4B was not in the reward of rlvr seed 3, yet it also rates
that run’s repeating solutions higher as written: P, by +0.043 [0.038,0.047] on right answers and +0.064
[0.044,0.082] on wrong ones, Pg by +0.017 on right ones. The AR judge, in none of these rewards, also rates
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repeated lines several draft Kev-4B P,

condition seed tokens truncated share after answer answers opening right wrong
rlvr 1 541 2% 1% 0% 2% 1% 0.84 0.60
2 555 4% 1% 0% 6% 0% 0.85 0.59
3 909 8% 28% 90% 95% 1% 0.88 0.64
rlvr_kev_add 1 494 1% 1% 0% 13% 0% 0.84 0.61
2 502 2% 1% 0% 5% 1% 0.84 0.60
3 623 6% 0% 1% 62% 90%  0.90 0.62
rlvr_kev_gate 1 1001 10% 19% 86% 90% 1% 090 0.62
2 797 9% 1% 3% 80% 85% 092 0.66
kev_only 1 775 1% 22% 77% 100% 1% 093 0.88
2 748 0% 13% 87% 100% 0% 093 0.84
rlvr_ar_add 1 485 1% 1% 1% 10% 3% 0.84 0.61
2 540 3% 1% 0% 5% 2% 0.84 0.59

Table 11: What each final policy writes on MATH-500 (greedy): completion tokens, share truncated at 2048 tokens,
share of lines (of at least 20 characters) that repeat an earlier line of the same completion, share of completions that
repeat such a line after their first boxed answer, share with more than one boxed answer (the verifier reads the last one),
share that open with an informal draft, and Kev-4B’s P for right and for wrong answers.

these solutions higher with the part after the first answer (by +0.046, +0.033 and +0.037 on right answers),
though less consistently.

The repetition we added is a verbatim copy, while the policies solve the problem again in slightly different
words. Which property of their repetition the judge pays for, the probe does not tell. It does show that what
these policies learned to write after their first answer raises the judge’s score, so a reward with the judge in it
pays for it, and it does so whether or not the policy was trained against the judge.

9 Discussion

What sharing the backbone buys. The judge on the shared backbone gives the same answers as the judge
loaded on its own, and the trainer holds one copy of the backbone instead of two: 48% less GPU memory
after loading. For a 4B policy on a 96 GB GPU this is a convenience; on a smaller GPU, or with a larger
model, it can decide whether a judge fits next to the policy at all. It costs 18 ms per adapter switch and some
speed from applying the judge’s adapter unmerged.

What the judge adds on top of the verifier. One seed of rlvr_kev_add and one of rlvr_kev_gate end
far above every rlvr seed, and they lift their conditions’ means above rlvr’s. These two runs differ from the
others in that they switched to drafting first, which 6 runs of this project did in all, 2 of them with the verifier
as their only reward; the other seeds of the same conditions end near rlvr. With 2-3 seeds per condition
we cannot tell whether the judge in the reward makes such a switch more likely (here 2 of the 5 runs with
Kev-4B’s score added or as a gate, and none of the 3 rlvr runs). Where the judge can act at all is narrow.
The verifier gives every completion an exact verdict, and with A4 < 1 the judge can only reorder completions
with the same verdict: among wrong completions, by preferring the ones closer to right, and in groups where
every completion is wrong, where the verifier gives no signal at all. After the first steps few groups are all
wrong (16% over the last 20 steps of rlvr), and among same-verdict completions a judge’s preference can be
about style as much as about correctness: Kev-4B pays for solving the problem again after the answer (§8.4),
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solutions Kev-4B P, Kev-4B P, AR P,

right/ wrong  right wrong right wrong right wrong

base policy’s solutions, repetition added
last two paragraphs twice more ~ 2436/1537 +0.012 -0.002 +0.007 -0.006 +0.037 +0.012

written twice 2436/1564 +0.012 -0.003 +0.006 -0.004 +0.029 +0.007
repeating final solutions of GRPO runs, as written against cut after the first answer

kev_only, seed 1 323/124 +0.059 +0.107 +0.016 +0.046 +0.046 +0.050

rlvr, seed 3 345/ 64 +0.043  +0.064 +0.017 +0.058 +0.037 —0.004

rlvr_kev_gate, seed | 349743 +0.058 +0.091 +0.026 +0.073 +0.033  +0.005

Table 12: What repetition is worth to the judges: P(with the repetition) minus P(without), on the solutions the verifier
accepts (right) and rejects (wrong), with the number of each. Top: the base policy’s solutions of the judge study
(MATH-500 and the GSM8K subset), with repetition added. Bottom: the final MATH-500 solutions of repeating
GRPO runs, as written against cut after their first answer. Kev-4B’s P and P, and the AR judge’s P,, each scoring the
solution as in training; intervals in the text resample problems.

and 6 of the 11 runs of this project with Kev-4B’s score in the reward ended doing so, against 2 of the 15
others. None of these repeating runs became more accurate for it.

Seeds and styles. The largest differences between our runs are not between reward conditions but between
the styles the final policies write in. The runs that switched to drafting first reach 30.4 to 34.6% on AIME24,
every other run of the project at most 24.4%. The switch was abrupt: in each of these runs the share of
drafts among the MATH-500 completions rose from at most 28% to at least 77% between two evaluations
50 steps apart, starting at step 50 at the earliest and step 150 at the latest. The verifier’s verdicts on the
training completions do not show what set it off. A comparison of reward variants with one to three seeds per
condition, as ours, can mistake such a switch for an effect of the reward. We therefore report every run and
its style, and a comparison of RLVR variants on a small model should do the same, or use enough seeds to
estimate how often each variant switches. Whether drafting causes the higher accuracy or only comes with it,
we did not test; forcing or forbidding the draft opening at evaluation, or in training, would be a first test.

A judge is not a verifier. Offline, Kev-4B’s P, separates correct from incorrect base-policy solutions with
an AUROC near 0.9 (§7). The probes showed that it can be moved by edits that do not change the answer, if
only slightly (a claim that every step was verified). Trained against P, alone, the policy found solutions the
judge overrates: its wrong answers reach a P the judge used to give only to right ones, the judge’s ranking
within a group decays towards chance, and the accuracy on every benchmark but GSMS8K falls below the base
model’s. This is the reward over-optimisation that Gao et al. [5] describe, at small scale and within 200 steps.
An offline AUROC measures a judge on the distribution it was trained for, not on the distribution a policy
optimised against it will produce, nor on the styles a policy may drift into on its own.

Limitations. One policy and judge size (4B), one task (MATH, evaluated on MATH-500, GSM8K and
three competition sets), 200 steps, one learning rate chosen for rlvr, one judge weight, and 2-3 seeds per
condition, too few to say how often a condition ends in each style. The intervals resample problems and not
seeds. Greedy evaluation on vLLM varies by about 0.8 points between repeated evaluations of the same
model (§8.2). The two style measures were defined after we had read the final completions. The policies’
weights are not in the repository (their completions, logs and training completions are), so interventions on
the final policies cannot be run from it. Other experiments shared the GPUs during training, so we report no
training times except those measured on an idle GPU.
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repeated draft

condition seed paper MATH-500 AIME24 tokens lines opening
informal draft first
rlvr_kev_gate 2 II 88.4 34.6 797 1% 85%
rlvr_kev_add 3 II 87.4 33.1 623 0% 90%
tree_kev 1 I-C 87.2 31.9 567 0% 78%
sub_probe 1 III-B 87.2 30.6 546 0% 90%
tree_random 2 1II-C 86.6 333 549 0% 82%
sub_probe 2 I1I-B 84.6 30.4 694 0% 90%
neither
tree_kev 3 I-C 84.6 22.9 485 1% 7%
rlvr_kev_add 2 II 84.2 21.7 502 1% 1%
rlvr_ar_add 2 II 83.6 23.5 540 1% 2%
tree_random 3 1II-C 83.2 22.3 582 1% 2%
sub_kev_recal 2 1II-B 83.0 24.4 538 1% 1%
rlvr 2 II 83.0 21.9 555 1% 0%
rlvr_sub 2 1II-B 83.0 17.1 588 1% 2%
rlvr 1 II 82.8 21.0 541 1% 1%
tree_random 1 1II-C 82.4 21.0 553 1% 3%
rlvr_kev_add 1 II 82.2 21.9 494 1% 0%
rlvr_ar_add 1 II 81.2 19.6 485 1% 3%
rlvr_sub 1 1II-B 80.6 19.6 630 1% 1%
repeats itself
tree_kev 2 II1-C 82.6 20.8 931 24% 3%
rlvr_kev_gate 1 II 82.0 22.5 1001 19% 1%
rlvr 3 II 81.8 21.7 909 28% 1%
sub_kev 2 III-B 80.4 17.1 1072 24% 2%
sub_kev_recal 1 I11I-B 79.4 17.9 904 22% 7%
sub_kev 1 III-B 78.6 14.8 1723 49% 1%
kev_only 2 II 71.6 5.6 748 13% 0%
kev_only 1 II 69.8 4.2 775 22% 1%

Table 13: Every GRPO run of this project (Parts II, III-B and III-C, 200 steps each), grouped by the style of its final
policy: informal draft first (at least half of its MATH-500 completions open with one), repeats itself (on average at least
5% of the lines of its MATH-500 completions repeat an eatlier line), or neither. Both shares are bimodal across the runs,
so the groups do not depend on these thresholds. Final accuracy in percent; tokens per MATH-500 completion. Part II’s
rlvr is the reference of all three papers and is listed once.
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Reproducibility

Code, prompts, the learning-rate selection rule and sweep, raw logs (every GRPO step and evaluation, per-
problem evaluation outputs), every training completion of the GRPO runs, and the offline studies’ completions
and judge scores are in the repository (experiments/part2_11lm/, experiments/validation/). The
tables and every number in the text are generated from them by dcjev/analysis/sweep.py, dcjev/
analysis/part2.py and dcjev/analysis/paper_numbers.py.
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We are given:

- 5 shirts

- 6 pairs of pants

- 8 hats

To make an outfit, we choose **one shirt**,
**one pair of pants**, and **one hat**.

Since the choices are independent, we
multiply the number of options for each
category:

$$
5 \times 6 \times 8 = 240
$$

So, the total number of possible outfits
is:

$$
\boxed{240}
$$

We have 5 shirts, 6 pairs of pants, and 8
hats. For each outfit, we choose one
shirt, one pair of pants, and one hat.

The total number of outfits is the product:
5% 6 * 8 = 240.

Thus, the answer is \boxed{240}.

To determine the total number of outfits
consisting of one shirt, one pair of pants,
and one hat, we use the fundamental
counting principle.

- There are 5 choices for shirts.
- There are 6 choices for pants.
- There are 8 choices for hats.

Multiplying these together gives the total
number of combinations:

\[
5 \times 6 \times 8 = 240
\]

Thus, the total number of possible outfits
is:

\[
\boxed{240}
\1

To determine the total number of outfits
that can be made, we use the **fundamental
counting principle**, which states that if
there are multiple independent choices to
be made, the total number of combinations
is the product of the number of options
for each choice.

### Step-by-step Breakdown:

5 options
6 options
8 options

Each outfit consists of **one shirt**
“one pair of pants**, and **one hat
and each choice is independent of the
others.

### Total Outfits:

$$
5 \times 6 \times 8 = 240
$$

### Final Answer:

$$
\boxed{240}
$$

We are given:
- 5 shirts
- 6 pairs of pants

- 8 hats

Each outfit consists of **one shirt**
**one pair of pants**, and **one hat**.

### Step 1:
Principle

Use the Fundamental Counting

Since each choice is independent, the
total number of outfits is the product of
the number of choices for each item:

$$
5 \times 6 \times 8
$$

### Step 2: Perform the Multiplication
$$

5 \times 6 = 30

$$

$$

30 \times 8 = 240

$$

### Final Answer:

$$
\boxed{240}
$$

Figure 2: One MATH-500 problem (test/prealgebra/307), the final greedy completion of three Part II runs,
verbatim (runs of blank lines shortened). Left: rlvr seed 1 (104 tokens). Middle: rlvr_kev_gate seed 2, which
drafts first (187 tokens). Right: rlvr seed 3, which repeats itself (319 tokens). All three are right. We chose this
problem for illustration, as one with short completions in plain ASCII that all three runs solve.
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