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Motivation. RL-based recommenders fail in the cold-start regime: new users and items have no
interaction history, so the reward signal that policy-gradient methods depend on is essentially absent,
and alignment tends to overfit to well-represented (“warm”) cases. I study this failure mode in a
controlled, verifiable setting by re-casting the CS224R Countdown arithmetic task as a cold-start
proxy: frequent 3-number prompts act as warm cases and rare 4-number prompts as cold cases. The
central question is whether a co-evolving curriculum can shrink the warm–cold accuracy gap without
sacrificing warm performance.

Method. On top of the default SFT → IPO → RLOO pipeline (Qwen2.5-0.5B), I build three
cold-start extensions that share a cold-augmented training distribution (75% 4-number prompts). (S4)
Static Augmentation mixes a fixed pool of 50k synthetically generated 4-number problems into
RLOO. (S5) Co-Evolution adds a DifficultyJudge that, every 25 steps, measures per-prompt solve
rates over a rolling window and replaces the synthetic cold pool with the specific cold prompts the
policy currently fails, keeping the curriculum at the model’s frontier. (S6) LLM-Gen replaces the
rule-based generator with a Qwen2.5-Instruct model that proposes new 4-number problems; every
proposal is filtered by the exact rule-based verifier so only solvable problems enter training (LLM
generator → symbolic verifier → solver). All systems are evaluated with the verifier (a perfect, free
reward checker), which I also exploit at test time.

Implementation. I implement SFT, IPO, and RLOO from scratch with vLLM sampling and
Ray-based GPU orchestration, plus the DifficultyJudge, the synthetic and LLM generators, and the
verifier-filtered curriculum. All systems are evaluated identically (50 problems, 16 samples, τ=0.6)
using the unbiased Pass@k estimator, reported separately on warm and cold subsets.

Results. RL alignment widens the warm–cold gap (SFT 0.151 → RLOO 0.453 at Pass@1),
the direct analogue of popularity bias. My core ablation supports adaptivity: Co-Evolve (S5)
outperforms Static Augmentation (S4) in this experiment (Pass@1 0.564 vs. 0.432; cold 0.363 vs.
0.226). However, neither augmentation beats a well-trained plain RLOO@250 (0.621, cold 0.404):
adding a cold curriculum on top of an already-strong policy trades overall accuracy for gap reduction.
Tuning the curriculum dose (lower cold ratio, stronger KL anchor) recovers most of this cost, reaching
0.591, within bootstrap noise of RLOO@250. LLM-Gen (S6) destabilizes RLOO: Pass@1 drops to
0.343 while Pass@16 is preserved (0.760); the model retains its solutions but loses single-sample
sharpness. A training-duration control shows this is not generic over-training (plain RLOO improves
0.515 → 0.621 from step 100 to 250). Finally, because Countdown is verifiable, a best-of-k decoder
reaches 0.82 accuracy at k=16 with no extra training.

Discussion. The verifier-filtered LLM generator appears to hurt learning despite guaranteeing
per-problem correctness, suggesting the bottleneck at 0.5B scale is curriculum stability under RLOO,
not problem validity. A smaller gap is not automatically good: LLM-Gen attains the smallest gap
(0.243) by degrading warm accuracy, illustrating a degenerate way to “close” it.

Conclusion. Adaptive, frontier-targeted curricula perform better than static oversampling in this
experiment, but cold augmentation does not surpass strong on-policy RL, and an LLM problem
generator further destabilizes training at small scale. The verifiable-reward setting that makes
Countdown a clean cold-start proxy also yields large, free test-time-compute gains.
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Abstract

I study the cold-start problem of RL-based personalization through the lens of
the CS224R Countdown arithmetic task, treating rare 4-number prompts as cold
cases and frequent 3-number prompts as warm cases. On top of the default
SFT/IPO/RLOO pipeline for Qwen2.5-0.5B, I introduce three cold-start exten-
sions: static synthetic augmentation, an adaptive co-evolutionary curriculum driven
by a DifficultyJudge, and a verifier-filtered LLM problem generator. I find that
RL alignment widens the warm–cold gap (a popularity-bias analogue), that the
adaptive curriculum outperforms static augmentation in this experiment, but that
no cold-augmentation strategy beats a well-trained plain RLOO policy (though
careful curriculum dosing closes the gap to within statistical noise), and that an
LLM generator destabilizes RLOO at this scale (Pass@1 collapses while Pass@16
is preserved). I further show that exploiting the verifier at test time yields large,
training-free accuracy gains. My contribution is a controlled, verifiable study of
when co-evolutionary curricula help and when they hurt.

1 Introduction

Reinforcement learning from verifiable or preference rewards is now standard for post-training
language models, but it inherits a structural weakness from recommender systems: the cold-start
problem. New users or items have little or no interaction history, so the reward signal that policy-
gradient methods rely on is sparse or absent, and training overfits to well-represented cases [9, 11].
The same pathology appears in reasoning RL: prompts whose solution patterns are rare in the training
distribution receive little effective gradient and lag behind common ones.

I study this failure mode in a fully controlled, verifiable setting. The CS224R Countdown task asks a
model to combine a set of numbers with +,−,×,÷ to reach a target; correctness is checked by a
rule-based verifier. I re-cast Countdown as a cold-start proxy: warm prompts are frequent 3-number
instances and cold prompts are rare 4-number instances with larger search spaces. This isolates
the cold-start phenomenon while removing the noise of a learned reward model: the verifier is a
ground-truth oracle, so any warm–cold gap reflects optimization, not reward error.

I ask three questions. (RQ1) Does standard alignment (SFT, IPO, RLOO) widen or narrow the
warm–cold gap? (RQ2) Can a co-evolutionary curriculum, in which a judge continually re-targets
training toward the cold prompts the policy currently fails, reduce the gap better than static synthetic
augmentation or plain RLOO? (RQ3) Does replacing the rule-based problem generator with an
LLM generator (the verifiable analogue of an LLM user simulator [19, 9]) further help? I answer
RQ1 affirmatively (alignment widens the gap), give a nuanced answer to RQ2 (adaptive outperforms
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Figure 1: Co-evolutionary loop. A generator proposes 4-number (cold) problems; a symbolic verifier
keeps only solvable ones; the RLOO solver trains on the cold-augmented pool; the DifficultyJudge
measures solve rates and re-targets the generator at the prompts the solver currently fails. S4 removes
the Judge (static pool); S5 uses a rule-based generator; S6 uses an LLM generator.

static, but neither beats strong plain RLOO), and a cautionary answer to RQ3 (the LLM generator
destabilizes RLOO at 0.5B scale). I additionally show that the verifier enables large, free test-time-
compute gains.

My central and most counter-intuitive finding is a validity-is-not-sufficiency effect: even though
every LLM-generated problem is verifier-certified solvable, training on these correct-by-construction
problems destabilizes RLOO, isolating curriculum stability, rather than data correctness, as the
binding constraint at small scale. To my knowledge this distinction has not been isolated in prior work
on LLM data generation, user simulators, or self-play, which generally assume that valid synthetic
data helps; surfacing it in a fully verifiable setting, where validity can be guaranteed rather than
estimated, is the main contribution of this study.

2 Related Work

Cold-start recommendation with LLMs. ColdLLM [9] uses an LLM simulator to synthesize
surrogate feedback for new items, and Li et al. [11] show reasoning-based LLM fine-tuning improves
cold-start ranking. Both confirm that LLMs can produce plausible surrogate signal where real
interactions are absent, but their simulators are fixed after training and do not adapt as the policy
improves. My co-evolution loop instead re-targets the generator at the policy’s current failures every
few steps.

Self-play and co-evolution. SPRec [7] uses a model’s own prior outputs as negatives to debias
recommendation, and AFL [2] co-trains a recommender and a user agent with supervised signals.
Self-play has driven strong reasoning gains in theorem proving [5] and multi-agent finetuning [16].
Unlike SPRec, my adversarial signal comes from a distinct judge/generator rather than the policy’s
own samples; unlike AFL, my loop is driven by an RLOO policy-gradient objective with a verifiable
reward.

Curriculum learning. Easy-to-hard curricula [13] and solve-rate-adaptive curricula [3] improve
reasoning RL by keeping tasks at the edge of learnability, echoing the “stepping-stone” generation of
DeepSeek-R1 [4]. My DifficultyJudge is an instance of this principle specialized to the cold/warm
split and implemented with a verifiable reward.

RL fine-tuning and test-time compute. I build on RLOO [1] and IPO [8] (cf. DPO [14]), the
Countdown/SoS formulation [6], and the TinyZero reward scheme [12]. My test-time-compute
analysis follows Snell et al. [15] and the generative-verifier view [18]; uniquely, Countdown admits a
perfect verifier, so best-of-k is an exact accuracy.
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3 Method

3.1 Cold-start proxy and baselines

I partition Countdown into warm (3-number) and cold (4-number) prompts; cold prompts have
a strictly larger combinatorial search space and are rarer in the base distribution, mirroring tail
users/items. The default pipeline provides three baselines, all initialized from the official SFT
checkpoint of Qwen2.5-0.5B: SFT (next-token loss on completions), IPO [8] on preference pairs,
and RLOO [1], a REINFORCE-leave-one-out policy gradient with the rule-based verifier reward (1.0
correct, 0.1 format-only, 0.0 wrong) [12], an entropy bonus, and a KL penalty to the SFT reference. I
sample K=8 rollouts per prompt with vLLM [10] and apply per-sample importance weighting to
correct for sampler/trainer log-prob mismatch. Formally, with policy πθ and frozen SFT reference
πref, the three default-pipeline objectives are

LSFT(θ) = −E(x,y)∼D

|y|∑
t=1

log πθ(yt | x, y<t), (1)

LIPO(θ) = E(x,yw,yl)

(
hθ − 1

2β

)2

, hθ = log
πθ(yw | x)
πref(yw | x)

− log
πθ(yl | x)
πref(yl | x)

, (2)

LRLOO(θ) = −
K∑
j=1

sg(wjAj) log πθ(yj | x) − αH H[πθ(· | x)] + αKL KL
(
πθ ∥πref

)
, (3)

where the leave-one-out advantage and the importance weight (behavior sampler µ vs. target πθ) are

Aj = rj −
1

K − 1

∑
i ̸=j

ri, wj = exp
(
log πθ(yj | x)− logµ(yj | x)

)
, (4)

rj ∈ {0, 0.1, 1.0} is the verifier reward, sg denotes stop-gradient, β the IPO regularizer, and wj is
clipped to a maximum for stability.

3.2 S4: Static Augmentation

I oversample cold prompts to 75% of each batch and add a fixed pool of 50,000 synthetic 4-number
problems. Synthetic problems are guaranteed valid by construction: I enumerate reachable targets
for random number tuples and keep only solvable (number, target) pairs. This tests whether simply
seeing more cold problems closes the gap.

3.3 S5: Co-Evolutionary Curriculum (DifficultyJudge)

Static augmentation is non-adaptive: as the solver improves, a fixed pool becomes stale. S5 adds
a DifficultyJudge that tracks, for each training prompt, the fraction of its K rollouts that are fully
correct, averaged over a rolling window of 5 steps. Every 25 steps it flags cold prompts whose
windowed solve rate is below a threshold (0.3) and replaces the synthetic cold pool with these hard,
real cold prompts (hardest first), keeping the curriculum pinned to the solver’s current frontier (Fig. 1).
The solver is initialized from RLOO@250 and trained for a further 150 steps. This realizes an
adaptive, RL-based analogue of an adaptive user simulator [2, 3] under a verifiable reward. Formally,
let r(τ)i (p) ∈ {0, 0.1, 1.0} be the reward of rollout i for prompt p at step τ . The DifficultyJudge
maintains a windowed solve rate s̄t(p) and, at update step t, the hard-cold frontier Ht:

s̄t(p) =
1

W

t∑
τ=t−W+1

1

K

K∑
i=1

1
[
r
(τ)
i (p) = 1.0

]
, Ht =

{
p : cold(p) ∧ s̄t(p) < τhard

}
, (5)

with window W=5 and hardness threshold τhard=0.3. Every C=25 steps the synthetic cold pool
Pcold is replaced by Ht (sorted hardest-first), and each training batch B is drawn with a fixed cold
fraction ρ:

B ∼ ρPcold ⊕ (1− ρ)Pwarm, ρ = 0.75. (6)
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Algorithm: Verifier-filtered co-evolutionary curriculum (S5/S6)
init solver π from RLOO@250; cold_pool ← generate_and_verify(N)
for step t = 1 . . . T:

batch ← 25% warm ⊕ 75% cold (from cold_pool)
rollouts, rewards ← sample_and_score(π, batch) // vLLM + verifier
judge.update(prompt → solve_rate over window w=5)
π ← RLOO_update(π, rollouts, rewards)
if t mod 25 = 0:

hard ← judge.hard_cold(threshold = 0.3)
cand ← generator.propose(hard) // rule-based (S5) or LLM (S6)
cold_pool ← {c ∈ cand : verifier.solvable(c)} // correctness guarantee

Figure 2: The curriculum loop. S4 omits lines 5 and 7–10 (static pool).

3.4 S6: LLM Problem Generator (LLM-Gen)

S5’s generator is heuristic. S6 replaces it with a Qwen2.5-Instruct model that is prompted with a few
examples of the current hard cold frontier and asked to propose new 4-number problems at matching
difficulty, the verifiable analogue of an LLM user simulator [19, 9]. Because LLMs readily emit
unsolvable problems, every proposal is passed through the same symbolic verifier used for the reward;
only solvable problems enter the pool, and I bucket them by the number of reaching expressions as a
difficulty proxy. The pipeline is therefore LLM generator → symbolic verifier → solver: the LLM
supplies novelty and the verifier guarantees correctness. The generated pool is a drop-in replacement
for S4/S5’s cold pool, so the training loop is otherwise unchanged. Concretely, conditioning the
generator on the current frontier Ht,

PLLM
cold =

{
p ∼ LLM(Ht) : solvable(p)

}
, d(p) =

∣∣{ e ∈ E(p.nums) : eval(e) = p.target }
∣∣,

(7)
where E(·) enumerates left-to-right arithmetic expressions over the four numbers, solvable(p) ⇐⇒
d(p) > 0 is the verifier filter, and the solution count d(p) is the difficulty proxy used for bucketing.

3.5 Verifier-guided test-time compute

Because the Countdown verifier is exact, a deployable best-of-k decoder can return the first sample
that provably hits the target; its accuracy is exactly Pass@k. I therefore report Pass@k both as a
diversity diagnostic and as a real test-time-compute curve [15].

4 Experimental Setup

Model and data. All systems use Qwen2.5-0.5B [17] initialized from the official SFT checkpoint;
RLOO/IPO use the course Countdown datasets. RLOO hyperparameters: AdamW, lr 10−5

(constant), weight decay 10−4, batch 128 prompts, group size K=8, entropy coefficient 0.001, KL
coefficient 0.001, gradient clipping 1.0, training temperature 1.0 (top-p=1, top-k disabled), up to
250 steps. Curriculum: cold ratio 0.75, judge window 5, judge threshold 0.3, pool update every
25 steps; S6 uses a Qwen2.5-Instruct generator with verifier filtering. Evaluation. Following the
course protocol, I sample 16 responses per prompt at τ=0.6, top-p=0.95, top-k=20 on 50 held-out
problems (24 warm, 26 cold) and report the unbiased estimator Pass@k = Ex[1−

(
n−c
k

)
/
(
n
k

)
] with

n=16, separately on warm and cold subsets. I define Gap@1 = Warm@1 − Cold@1. The verifier
follows the TinyZero scheme [12].

5 Results

5.1 Quantitative evaluation

Table 1 and Figure 3 summarize all systems.

(RQ1) Alignment widens the warm–cold gap. The gap grows monotonically with alignment
strength at Pass@1: SFT 0.151 → IPO 0.305 → RLOO@250 0.453 (Fig. 4). RLOO maximizes the
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Table 1: Pass@k and warm/cold breakdown (50 problems, 16 samples, τ=0.6). Gap@1 = Warm@1
− Cold@1. Bold = best in column among RL systems. Pass@1 bootstrap 95% CI half-widths (5000
resamples): SFT ±.06, IPO ±.08, RLOO ±.10, S4 ±.09, S5 ±.10, S5′ ±.10, S6 ±.07; see Fig. 4
for per-bar intervals.

Method Pass@1 Pass@4 Pass@8 Pass@16 Warm@1 Cold@1 Gap@1

SFT 0.286 0.622 0.737 0.800 0.365 0.214 0.151
IPO 0.370 0.661 0.727 0.760 0.529 0.224 0.305
RLOO@250 0.621 0.799 0.827 0.840 0.857 0.404 0.453
RLOO + Static Aug (S4) 0.432 0.687 0.740 0.760 0.656 0.226 0.430
RLOO + Co-Evolve (S5) 0.564 0.763 0.798 0.820 0.781 0.363 0.418

+ dose-tuned (S5′) 0.591 0.787 0.814 0.820 0.810 0.389 0.420
RLOO + LLM-Gen (S6) 0.343 0.641 0.714 0.760 0.469 0.226 0.243

Figure 3: Pass@k for all six systems. Plain RLOO@250 attains the highest Pass@k; both cold-
augmentation variants (Static Aug, Co-Evolve) and LLM-Gen trade single-sample accuracy for
coverage and converge near k=16.

verifier reward, but reward mass concentrates on warm prompts, a direct analogue of popularity bias
in recommenders, here arising purely from optimization since the reward is exact.

(RQ2) Adaptive outperforms static, but neither beats strong RLOO. The core S4-vs-S5 ablation
is a key comparison: Co-Evolve outperforms Static Augmentation in this experiment (Pass@1
0.564 vs. 0.432; cold 0.363 vs. 0.226; warm 0.781 vs. 0.656). Adaptively re-targeting the curriculum
at the frontier avoids the “flooding” failure of static oversampling, which depresses warm learning.
However, neither augmentation surpasses a well-trained plain RLOO@250 (Pass@1 0.621, cold
0.404): because Co-Evolve is initialized from RLOO@250 and then trained on a 75%-cold distribu-
tion, the cold curriculum trades ∼6 points of overall accuracy for gap reduction. The hypothesis that
co-evolution beats static augmentation is supported by these results; the stronger claim that it beats
standard RLOO is not.

Curriculum dose-response. The 75%-cold ratio, not the curriculum itself, is the culprit. Re-running
Co-Evolve from RLOO@250 with a gentler dose (40% cold, KL coefficient 0.02, lr 5×10−6, 100
steps) recovers warm accuracy (0.781→0.810) and lifts cold (0.363→0.389), raising overall Pass@1
to 0.591 (Table 1, row S5′) and closing the gap to plain RLOO@250 from 0.057 to 0.030. The
curriculum cost is therefore real but largely tunable: aggressive cold oversampling pays for cold
coverage with warm forgetting, while a KL-anchored low dose nearly eliminates that tax. As I show
next, the residual 0.030 gap is within bootstrap noise.
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Table 2: Training-duration control for plain RLOO. More steps help the baseline, making generic
over-training less likely as the explanation for S6’s lower accuracy.

Method Pass@1 Warm@1 Cold@1

RLOO@100 0.515 0.727 0.320
RLOO@250 0.621 0.857 0.404

Table 3: Multi-seed Pass@1 (mean ± std over three independent vLLM decoding seeds) for the
four core RL systems. Decoding variance is small; this isolates sampling randomness and is
complementary to the wider bootstrap intervals (Table 1), which capture test-set variance.

Method Pass@1 Warm@1 Cold@1

RLOO@250 0.617 ± 0.003 0.839 ± 0.003 0.412 ± 0.003
RLOO + Co-Evolve (S5) 0.560 ± 0.001 0.763 ± 0.003 0.373 ± 0.001

+ dose-tuned (S5′) 0.599 ± 0.001 0.812 ± 0.005 0.402 ± 0.005
RLOO + LLM-Gen (S6) 0.341 ± 0.003 0.425 ± 0.011 0.264 ± 0.007

(RQ3) The LLM generator destabilizes RLOO. Despite the verifier guaranteeing that every
generated problem is solvable, LLM-Gen is the weakest RL system (Pass@1 0.343), regressing below
even Static Aug. The failure is diagnostic rather than catastrophic: Pass@16 is preserved (0.760,
equal to Static Aug) while only Pass@1 collapses, and LLM-Gen has by far the steepest best-of-k
slope (Fig. 5). The model still contains correct solutions; it has lost single-sample sharpness, the
canonical signature of RLOO mode-flattening. Table 2 makes the simplest confound less likely: plain
RLOO improves from step 100 (0.515) to step 250 (0.621), so 250 steps is not inherently too many.
The instability is specific to training on the LLM-generated curriculum at 0.5B scale.

Test-time compute is large and free. Every system’s Pass@16 vastly exceeds its Pass@1, and all
curves converge near k=16 (Fig. 3): the models know solutions but need several attempts on cold
prompts. Since the verifier is exact, a best-of-k decoder realizes these gains at deployment with no
extra training; Co-Evolve reaches 0.82 at k=16 (Fig. 5).

Statistical significance. With only 50 test problems, per-prompt bootstrap 95% confidence in-
tervals on Pass@1 (5000 resamples) are wide: RLOO@250 0.621 [0.52, 0.72], dose-tuned Co-
Evolve 0.591 [0.50, 0.69], Co-Evolve 0.564 [0.46, 0.67], Static Aug 0.432 [0.34, 0.52], LLM-Gen
0.343 [0.27, 0.42]. The strongest systems’ intervals overlap substantially, so RLOO@250’s edge
over the dose-tuned curriculum is within noise. The differences I treat as robust are the large ones
(Static Aug vs. Co-Evolve, and any RL system vs. LLM-Gen), together with the directional trend (the
warm–cold gap widening with alignment) that holds for every system. I therefore frame conclusions
in terms of these robust effects rather than small Pass@1 deltas, and verify decoding robustness with
a multi-seed evaluation next.

Multi-seed robustness. To go beyond a single evaluation I re-ran the four core RL systems at three
independent vLLM decoding seeds (Table 3). Decoding-seed standard deviation is small (≤ 0.011
on Pass@1), the means agree with the representative-seed numbers of Table 1 to within 0.02, and
the system ranking is unchanged. The dose-tuned curriculum’s cold accuracy (0.402± .005) nearly
matches plain RLOO@250 (0.412± .003), and its overall Pass@1 (0.599± .001) trails it by under
two points. Crucially, this small decoding variance does not shrink the bootstrap intervals above: the
dominant source of uncertainty is the 50-problem test set, not sampling randomness, so the strongest
systems remain statistically overlapping. Training-seed variance (a fresh RL run per system) is the
clearest remaining robustness check and is left to future work.

5.2 Qualitative analysis

Co-evolution dynamics (Fig. 4, right). The DifficultyJudge behaves as intended: the cold solve rate
dips to ≈ 0.28 as the policy explores, then climbs to ≈ 0.35 after the first pool update at step 25,
while warm solve rate holds near 0.82 throughout; the KL anchor to RLOO@250 prevents forgetting
even as 75% of the batch is cold.
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Figure 4: Left: Warm vs. cold Pass@1 with bootstrap 95% CI error bars (5000 resamples over the
50-problem test set). The gap widens through alignment; Co-Evolve restores both warm and cold
relative to Static Aug; LLM-Gen “closes” the gap only by degrading warm. Overlapping intervals
among the strongest systems indicate the top-end Pass@1 differences are within sampling noise.
Right: Co-Evolve training dynamics: after the first pool update (step 25), the DifficultyJudge lifts the
cold solve rate (0.28→0.35) while the warm solve rate holds near 0.82 (no forgetting).

Figure 5: Verifier-guided test-time compute (best-of-k = Pass@k). LLM-Gen (S6) starts lowest but
has the steepest slope, recovering to match Static Aug by k=16, evidence that S6 lost single-sample
sharpness, not knowledge.

A degenerate way to close the gap. LLM-Gen attains the smallest Gap@1 (0.243) of any system
(Table 1), but this is an artifact: its cold accuracy (0.226) is identical to Static Aug, and the gap
shrinks only because warm accuracy fell to 0.469. This is a concrete illustration that gap reduction is
not a sufficient objective: a model can equalize warm and cold by getting worse at both.

Cold failure taxonomy. Table 4 decomposes every cold rollout into correct / format-only-but-wrong-
arithmetic / no-answer-or-invalid. Across all RL systems the dominant cold failure is a well-formed
equation with wrong arithmetic (55–76%), not a parsing or formatting error: the strong systems
emit a valid <answer> essentially always (no-answer ≤ 1%) yet the underlying search is wrong.
This localizes the cold bottleneck to arithmetic search, not output format, and explains why test-
time sampling helps so much (Fig. 5): a different random search frequently succeeds. Static Aug
and LLM-Gen produce the most confident-but-wrong cold equations (73%, 76%), mirroring their
depressed single-sample accuracy.

Universally hard cold instances. Six 4-number problems are solved by no system at any of the 16
samples, e.g. [85,45,69,74]→94, [26,71,58,38]→40, and [51,61,91,48]→44. These share
large operands and non-round targets that require multiplicative or division steps deep in the search
tree, exactly the cold structure already flagged as hardest at the SFT stage, indicating a capability
ceiling at 0.5B scale that curriculum alone does not breach.
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Table 4: Composition of cold (4-number) rollouts: fraction correct (1.0), format-only with wrong
arithmetic (0.1), and no-answer/invalid (0.0). The cold bottleneck is wrong arithmetic, not formatting.

Method Correct Format-only (wrong arith.) No-answer / invalid

SFT 0.21 0.69 0.09
IPO 0.22 0.55 0.22
RLOO@250 0.40 0.59 0.01
Static Aug (S4) 0.23 0.73 0.05
Co-Evolve (S5) 0.36 0.62 0.01

dose-tuned (S5′) 0.39 0.61 0.00
LLM-Gen (S6) 0.23 0.76 0.01

Sample rollouts. The models exhibit explicit search-and-verify behavior. On a warm
prompt, [44, 19, 35] → 98, Co-Evolve produces <think> 44 + 19 = 63; 63 + 35 = 98
</think> <answer> (44 + 19) + 35 </answer> (reward 1.0). On a cold prompt the policy
backtracks: for [63, 95, 96] → 64 it tries 96 - 63 = 33; 33 * 95 (too big), then 63 + 96
= 159; 159 - 95 = 64 (reward 1.0). LLM-Gen’s typical cold failure is a well-formatted but
arithmetically wrong first sample whose later samples include the correct equation, consistent with
its preserved Pass@16.

6 Discussion

Validity is not sufficiency. A notable result is that a generator whose every output is verifier-certified
solvable still appears to degrade learning. This points to the bottleneck: at 0.5B scale the limiting
factor appears to be the stability of RLOO under a shifting, hard, LLM-shaped distribution, rather than
the correctness of the problems. Limitations. The test set is small (50 problems) and each system
was trained with a single training seed; I therefore report bootstrap 95% confidence intervals over the
evaluation set (Table 1, Fig. 4) and three-seed decoding means for the core RL systems (Table 3),
which together quantify problem- and decoding-level variance but not training-seed variance. Because
these intervals are wide (±.06 to ±.10 on Pass@1) and overlap among the strongest systems, I base
every claim on effects that exceed them (the adaptive-vs-static gap, the LLM-Gen collapse, and the
monotone widening of the warm–cold gap with alignment) rather than on small Pass@1 deltas; multi-
seed training is the clearest next step. The cleanest S6 control, evaluating S6 at the same 150 steps as
S5 rather than 250, was not completed under the deadline, so duration and generator are partially
entangled for S6 (Table 2 controls only the plain-RLOO baseline). The LLM generator (1.5B-Instruct)
is also a different model family than the 0.5B solver, which may shift the cold distribution off-policy.
Broader impact. The cold-start framing transfers to recommendation and personalization under data
scarcity; my finding that adaptive curricula help but LLM-simulated data can destabilize small-model
RL is a useful caution for LLM-simulator pipelines [9, 19].

7 Conclusion

On a fully verifiable cold-start proxy, RL alignment widens the warm–cold gap; an adaptive co-
evolutionary curriculum (DifficultyJudge) outperforms static synthetic augmentation in these exper-
iments but does not surpass a strong plain RLOO policy; and replacing the rule-based generator
with a verifier-filtered LLM generator destabilizes RLOO at 0.5B scale, collapsing single-sample
accuracy while preserving coverage. The primary take-home is a validity-is-not-sufficiency principle:
in a setting where every generated problem is provably correct, that correctness is still not enough
for a useful curriculum, because verifier-certified-correct LLM data can destabilize on-policy RL.
The binding constraint at small scale is therefore training stability rather than data validity, a caution
for the fast-growing class of LLM-simulator and synthetic-data pipelines that assume valid data is
helpful data. Secondary take-homes are that how cold data is selected matters more than how much
of it there is, that gap reduction must be paired with absolute accuracy to be meaningful, and that a
perfect verifier yields large, free test-time-compute gains. Future work: match S6 to S5’s training
budget, vary generator scale and on-policyness, and add a verifier reranker or generative verifier [18]
to convert the preserved Pass@16 into deployable single-shot accuracy.
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8 Team Contributions

• Viveak Ravichandiran: 100% of the work: problem formulation; implementation of
SFT, IPO, and RLOO (vLLM sampling, Ray orchestration, importance weighting); the
DifficultyJudge, synthetic and LLM generators, verifier-filtered curriculum, and evaluation
pipeline; all experiments, figures, analysis, and writing.

Use of AI tools (extension only): AI assistance was used solely on the extension (the DifficultyJudge,
the synthetic and LLM generators, and the plotting and evaluation utilities), while the core SFT, IPO,
and RLOO implementation and all experimental results are the author’s own.

Changes from Proposal. The proposal framed the extension as an LLM “user simulator” co-
evolving with the policy. I realized this in two stages: a rule-based adaptive curriculum (Co-Evolve,
the strongest extension) and a verifier-filtered LLM generator (LLM-Gen, the proposal’s literal LLM
simulator). The LLM variant produced a mixed/negative result, which I report and analyze rather
than discard, consistent with the project’s emphasis on methodology over peak score.
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A Reproducibility

Figures are produced by Final_report/make_report_figures.py from the canon-
ical eval files in downloaded_eval_results/. The LLM generator, verifier fil-
ter, and difficulty bucketing are in extension/llm_problem_generator.py; the
DifficultyJudge in extension/difficulty_judge.py; the curriculum dataset in
rloo_trainer/rloo_dataset.py.

B Additional Experiments: Self-Consistency

As a verifier-free alternative to the best-of-k decoder of Figure 5, I evaluate self-consistency: the
majority-voted final answer across the 16 samples (MV@16). Table 5 compares single-sample
Pass@1, MV@16, and the verifier best-of-16 (Pass@16). Majority vote recovers a large share of
the Pass@1-to-Pass@16 gap without querying the verifier at inference, and every system benefits,
but it stays below the verifier best-of-16 because it cannot exploit ground-truth checkability (e.g.
Co-Evolve: 0.564 → 0.780 with MV vs. 0.820 with the verifier). The across-system ordering is
preserved, consistent with the main results.

Table 5: Verifier-free self-consistency (MV@16) vs. single-sample Pass@1 and verifier best-of-16
(Pass@16), over the same 50 problems and 16 samples. Majority vote helps every system but trails
the verifier.

Method Pass@1 MV@16 Pass@16

SFT 0.286 0.720 0.800
IPO 0.370 0.720 0.760
RLOO@250 0.621 0.800 0.840
Static Aug (S4) 0.432 0.720 0.760
Co-Evolve (S5) 0.564 0.780 0.820
LLM-Gen (S6) 0.343 0.700 0.760
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C Implementation Details

RL orchestration. Sampling and updates alternate via Ray actors: a vLLM sampling worker and
a PyTorch (Hugging Face) update worker are created and torn down each step, with GPU memory
explicitly freed (tear_down before kill) between transitions to avoid out-of-memory failures when
reloading weights. Checkpoints are written every 25 steps with resume support (checkpoint path plus
a start-step offset).

Importance weighting. Because rollouts are sampled with vLLM but scored under the Hugging Face
policy, I compute a per-sequence log-space ratio wj (Eq. 4) between update-time and sampling-time
log-probabilities and clip it to a maximum before multiplying the RLOO advantage, which stabilizes
the off-policy correction.

Verifier and difficulty proxy. Solvability and the difficulty count d(p) (Eq. 7) enumerate left-to-right
expressions ((a◦b)◦c)◦d over the four numbers with integer-only operations (no division by zero, no
non-integer division). This matches the reward’s arithmetic and is stricter than full parenthesization,
so accepted problems are guaranteed solvable (no false positives) at the cost of occasionally rejecting
parenthesization-only solvable ones.

LLM generator. The S6 generator (Qwen2.5-1.5B-Instruct) is prompted with up to eight current
frontier examples; outputs are parsed by regex into (numbers, target) tuples, range-filtered to [1, 99],
de-duplicated, passed through the verifier, and bucketed by solution count (hard ≤ 2, medium ≤ 8,
easy otherwise). Generation runs offline and writes a drop-in cold pool.

Compute. Training and evaluation run on Modal (H100/A100). Evaluation uses τ=0.6, top-p=0.95,
top-k=20, and 16 samples per prompt; multi-seed evaluation (Table 3) varies the vLLM sampling
seed.
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