
Extended Abstract

Motivation Large language models remain unreliable on tasks requiring exact multi-step arithmetic,
planning, and symbolic manipulation. The Countdown task provides a controlled setting for studying
these limitations: given a target value and a set of input numbers, a model need to generate an
arithmetic expression that reaches the target while satisfying strict number-use constraints. Because
generated expressions can be parsed and checked automatically, Countdown enables verifier-based
reinforcement learning with objective rewards for functional correctness. However, these rewards are
often sparse, especially early in training, when difficult prompts may yield only incorrect rollouts.
The default pipeline compares supervised fine-tuning (SFT), preference optimization (IPO), and
verifier-based online RL with REINFORCE Leave-One-Out (RLOO). Our extension asks whether
curriculum learning and self-improvement can improve RLOO under sparse symbolic rewards.

Method We evaluate five training strategies: IPO, baseline RLOO, Heuristic Curriculum RLOO,
Self-Improvement RLOO, and Phased Adaptive Self-Improvement RLOO initialized from SFT. IPO
learns from chosen–rejected response pairs. RLOO samples multiple completions per prompt and es-
timates relative advantages using verifier rewards with a leave-one-out baseline. Heuristic Curriculum
RLOO orders examples by available difficulty metadata, or otherwise by a hand-designed arithmetic
difficulty score, and progressively unlocks cumulative easy-to-hard stages. Self-Improvement RLOO
augments real prompts with generated solvable stepping-stone tasks to densify rewards. Phased Adap-
tive Self-Improvement further adds a warm-up phase and soft filtering, enabling early exploration
while later updates prioritize high-signal mixed groups.

Implementation All methods are initialized from the same SFT-tuned Qwen2.5-0.5B backbone
and fine-tuned on Countdown-style data. IPO is trained on a separate preference dataset of chosen–
rejected response pairs. For RLOO-based methods, vLLM samples multiple responses per prompt,
a rule-based Countdown verifier assigns rewards, and the Hugging Face policy is updated with
leave-one-out advantage estimates, entropy regularization, and a KL penalty. The self-improvement
extension uses a deterministic local teacher to generate guaranteed-solvable synthetic arithmetic
tasks. These synthetic tasks are mixed with real prompts early in training and gradually annealed as
optimization progresses.

Results On a fixed local evaluation set of 50 prompts with 16 samples per prompt, IPO achieved
36.25% rollout accuracy. RLOO improved rollout accuracy to 48.25%. Heuristic Curriculum
RLOO underperformed, reaching only 29.88% rollout accuracy. Self-Improvement RLOO achieved
55.25% rollout accuracy and the highest prompt-level pass@16, at 80.0%. Phased Adaptive Self-
Improvement initialized from SFT provided the strongest single-sample reliability, achieving 59.25%
rollout accuracy, but had a lower pass@16 of 72.0%.

Discussion These experiments suggest that curriculum design matters more than simply imposing
an easy-to-hard ordering. A hand-designed difficulty score can expose the model to simpler prompts
early in training, but it does not necessarily provide a useful RL signal. As stages broaden, the policy
may still encounter sparse rewards and unstable updates. In contrast, self-improvement alters the
training distribution by adding solvable stepping-stone problems, thereby increasing the frequency
of rewarded rollouts during the early stages of optimization. The phased adaptive filtering results
further indicate that high-signal mixed groups are beneficial only after sufficient warmup. Applying
aggressive filtering too early can deprive optimization of adequate learning signal.

Conclusion Among the evaluated extensions, Self-Improvement RLOO performs best in terms
of pass@16, whereas Phased Adaptive Self-Improvement initialized from SFT achieves the highest
single-sample rollout accuracy. Importantly, both methods outperform the baseline approaches on
their respective primary metrics, showing that adaptive or self-improving curricula provide stronger
optimization signals than standard IPO or RLOO alone. The main negative result is also informative:
fixed heuristic difficulty ordering underperforms even IPO in rollout accuracy. This finding motivates
curricula that either generate learnable intermediate tasks or adapt to the current policy’s reward
patterns.
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Abstract

In this project, we aim to improve the arithmetic reasoning ability of a language
model on the Countdown task, where the model needs to construct a valid expres-
sion reaching a target number from given inputs. Countdown is a useful reasoning
benchmark because it requires multi-step arithmetic planning. However, verifier-
based RL is difficult due to sparse rewards from mostly incorrect early rollouts.
Starting from the default pipeline, we implement SFT, IPO, and RLOO, then study
curriculum-learning extensions for RLOO, including fixed heuristic difficulty order-
ing, Self-Improvement RLOO with generated solvable stepping-stone prompts, and
Phased Adaptive Self-Improvement RLOO with warm-up and mixed-group filter-
ing. On a fixed 50-prompt evaluation with 16 samples per prompt, RLOO improves
over IPO from 36.25% to 48.25% rollout accuracy, while Heuristic Curriculum
RLOO drops to 29.88%. Self-Improvement RLOO reaches 55.25% rollout accu-
racy and the best pass@16 of 80.0%, whereas Phased Adaptive Self-Improvement
achieves the best rollout accuracy of 59.25% but lower pass@16. These results
suggest that curriculum learning helps when it increases the density of learnable
rewarded trajectories, rather than simply enforcing a static easy-to-hard order.

1 Introduction

Reinforcement learning has become an important post-training technique for improving language
models beyond supervised imitation, especially on tasks where correctness cannot be fully captured
by next-token prediction alone. By optimizing models with preference feedback or verifiable rewards,
RL can encourage outputs that better satisfy task-specific objectives such as reasoning correctness,
instruction following, and final-answer validity. In this project, we study verifier-based RL fine-
tuning for mathematical reasoning on the Countdown arithmetic task. In Countdown, each prompt
provides a target value and a set of input numbers, and the model must generate a valid arithmetic
expression that uses the given numbers exactly once and evaluates to the target. For example,
given numbers [63, 95, 96] and target 64, a valid solution is 63 + (96− 95) = 64. Countdown is a
representative benchmark for LLM reasoning because it requires the model to perform multi-step
arithmetic planning, satisfy strict symbolic constraints, and generate an executable expression rather
than simply recall factual knowledge.

The objective of this project is to extend verifier-based reinforcement learning for language-model
mathematical reasoning through curriculum learning during RL training. We build on the default
pipeline that fine-tunes Qwen 2.5 0.5B model with supervised fine-tuning, preference optimization,
and online reinforcement learning. First, supervised fine-tuning warm-starts the model on correct
Countdown completions. Next, IPO trains the model from pairwise preference data by increasing
the relative likelihood of preferred responses over rejected ones. Finally, RLOO samples multiple
candidate solutions online and applies a policy-gradient update using a leave-one-out baseline within
each response group. RLOO can directly leverage rule-based verifier rewards to reinforce correct
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solutions, but its effectiveness depends on receiving informative reward variation among sampled
rollouts. This signal is highly sensitive to prompt difficulty: easy prompts may become uninformative
once the model solves them reliably, while hard prompts often produce mostly zero-reward rollouts
early in training. In both cases, the resulting advantage estimates can be weak or unstable, limiting
the efficiency of RL fine-tuning.

To address this sparse-reward challenge, our extension investigates whether curriculum learning can
improve the efficiency and stability of verifier-based RL fine-tuning. The central idea is to train
RLOO on a difficulty-aware sequence of Countdown prompts so that the model first encounters
problems that are more likely to produce informative reward variation, while eventually training on
the full range of task difficulty. We evaluate several curriculum variants, including static heuristic
ordering, synthetic self-improvement, and phased adaptive filtering. Our results show that curriculum
design is critical: while standard RLOO improves rollout accuracy over IPO from 36.25% to 48.25%,
a simple heuristic curriculum drops to 29.88%, suggesting that static easy-to-hard ordering can hurt
performance. In contrast, Self-Improvement RLOO and Phased Adaptive training further improve
rollout accuracy to 55.25% and 59.25%, respectively. These findings suggest that effective curricula
should expose the model to prompts that are challenging enough to provide a useful learning signal
while still remaining solvable during training.

2 Related Work

The default pipeline reflects two broad post-training paradigms for language models. Preference
optimization methods such as DPO and IPO learn from relative feedback without training a separate
reward model, while online RL methods such as PPO and REINFORCE-style optimization sample
from the current policy and directly optimize a reward signal (Rafailov et al., 2023; Gheshlaghi Azar
et al., 2023; Ahmadian et al., 2024). RLOO is particularly relevant in this setting because it uses
multiple responses to the same prompt and a leave-one-out baseline to reduce the variance of policy
gradient estimates (Ahmadian et al., 2024). Our work studies this online RL setting with verifiable
rewards, where correctness can be computed automatically.

Countdown-style arithmetic reasoning provides a compact testbed for studying search, self-
verification, and reinforcement learning in language models (Gandhi et al., 2024; Jiayi Pan, 2025).
The task is especially suitable for verifier-based RL because each generated expression can be
checked exactly against the target value, avoiding the need for learned reward models or human
preference labels. Small-scale RLVR systems such as TinyZero show that rule-based rewards can
induce measurable reasoning and self-verification behavior when the reward is well aligned with the
evaluation metric (Jiayi Pan, 2025).

However, verifier-based RL also exposes a central limitation of outcome-only feedback: the reward is
often sparse and binary. Prior work on process and outcome supervision for mathematical reasoning
shows that final-answer feedback provides limited information about which intermediate reasoning
steps caused success or failure (Uesato et al., 2022; Lightman et al., 2023). Recent work on exploration
for LLM reasoning further argues that sparse outcome-based rewards and limited exploration can
push policies toward repetitive or suboptimal reasoning patterns (Zhang et al., 2025). In Countdown,
this problem appears when difficult prompts produce mostly all-zero rollout groups, leaving RLOO
with little useful advantage signal.

Curriculum learning offers a natural way to address this issue by changing the training distribution
over time. The basic idea is to order or select examples according to learnability, often starting from
easier examples and gradually moving toward harder ones (Bengio et al., 2009). In reinforcement
learning, curricula have been used to reduce exploration difficulty, stabilize optimization, and mitigate
sparse-reward failure modes (Narvekar et al., 2020; Portelas et al., 2020). Curriculum design can
take the form of manually staged task progressions, teacher-student task selection, reverse curricula
from goal states, or self-play mechanisms that generate increasingly challenging tasks (Florensa et al.,
2017; Matiisen et al., 2019; Sukhbaatar et al., 2017).

Recent work has adapted these ideas to LLM reasoning and RL fine-tuning. Online difficulty filtering
and AdaRFT argue that RL training is most effective on examples that are challenging but still
solvable, rather than examples that are either already trivial or consistently unsolved (Bae et al., 2026;
Shi et al., 2025). Self-Evolving Curriculum learns an online curriculum by formulating category
selection as a non-stationary multi-armed bandit problem and using advantage magnitude as a proxy
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for learning gain (Chen et al., 2025). DUMP extends this idea to distribution- level scheduling
with expected absolute advantage and UCB-based exploration (Wang et al., 2025), while SOAR
uses a teacher-student meta-RL framework to generate synthetic stepping-stone problems grounded
in student improvement on hard target tasks (Sundaram et al., 2026). These works suggest that
curriculum design can improve verifier-based RL, but many require learned teachers, online bandit
selection, or complex generation pipelines. In contrast, our extension studies a simpler and more
controlled question: whether difficulty-aware sampling and self-improvement with synthetic solvable
prompts can improve RLOO on Countdown under the same model, verifier, and training budget as
the uniform-sampling baseline.

3 Methods

To study RL fine-tuning on Countdown, we first establish the default post-training pipeline with three
baselines: supervised fine-tuning (SFT), implicit preference optimization (IPO), and verifier-based
online reinforcement learning with REINFORCE Leave-One-Out (RLOO). SFT provides both a
baseline policy and the initialization/reference model for subsequent post-training. IPO then learns
from pairwise preference data, while RLOO directly optimizes rule-based verifier rewards through
online sampling. The curriculum and self-improvement methods introduced below are all built on the
RLOO stage: they keep the same model backbone, verifier, and leave-one-out update, but change
how prompts are sampled or emphasized during RL training.

3.1 Task and Verifier Reward

We use the default Countdown 3-to-4 number datasets provided in the project pipeline. Each example
is represented as a structured arithmetic prompt containing a target value and a list of allowed
numbers. Although all training stages use the same underlying Countdown problem format, the data
are organized differently for each method. The SFT stage uses expert completions for supervised
warm-starting. The IPO stage uses pairwise preference examples consisting of a prompt, a preferred
response, and a rejected response. The RLOO-based methods use only prompts during training:
the current policy samples candidate solutions online, and each sampled response is scored by the
rule-based verifier.

Generated responses are required to place the final expression inside <answer>...</answer>. The
verifier extracts this answer span and checks whether the expression uses exactly the allowed numbers,
is evaluable, and equals the target. The RLOO reward is three-level: responses without an answer
tag receive 0; responses with an answer tag but invalid number usage, unparsable arithmetic, or an
incorrect value receive the default format reward of 0.1; and fully correct responses receive 1.0. For
rollout accuracy and group filtering, we binarize rewards by treating only responses with score 1.0 as
correct.

3.2 Baselines: SFT, IPO, and RLOO

We compare our curriculum-based methods with three post-training baselines: supervised fine-tuning
(SFT), implicit preference optimization (IPO), and REINFORCE Leave-One-Out (RLOO). All
baselines use the same Countdown prompt and response format but differ in their supervision signal.
SFT learns from expert demonstrations, IPO learns from offline pairwise preferences, and RLOO
learns from online rollouts scored by the rule-based Countdown verifier.

Supervised Fine-Tuning. SFT adapts the base Qwen2.5-0.5B model to the Countdown response
format and arithmetic reasoning style. Given a prompt x and an expert completion y = (y1, . . . , y|y|),
we minimize the completion-only negative log-likelihood:

LSFT(θ) = −E(x,y)∼DSFT

 1

|y|

|y|∑
t=1

log πθ(yt | x, y<t)

 .

Prompt tokens are masked out of the loss, so the model is trained only to predict the completion
conditioned on the prompt. The resulting SFT checkpoint is used to initialize IPO and RLOO and
serves as the frozen reference policy whenever a reference model is required.
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Implicit Preference Optimization. IPO is an offline preference-optimization baseline trained
on triples (x, yw, yl), where yw is preferred over yl. For a completion y, we define its sequence
log-probability under policy πθ as

log πθ(y | x) =
|y|∑
t=1

log πθ(yt | x, y<t).

The policy-to-reference log-ratio is

rθ(x, y) = log πθ(y | x)− log πref(y | x).
The preference margin is then

mθ(x, yw, yl) = rθ(x, yw)− rθ(x, yl).

IPO minimizes the squared deviation between this margin and the target margin:

LIPO(θ) = E(x,yw,yl)∼DIPO

[(
mθ(x, yw, yl)−

1

2β

)2
]
,

where β controls the strength of the preference constraint. This objective increases the relative
probability of preferred completions over rejected completions while anchoring the policy to the SFT
reference. Unlike RLOO, IPO does not sample new responses during training and does not directly
optimize the Countdown verifier reward.

REINFORCE Leave-One-Out. RLOO is an online RL baseline that uses the rule-based Count-
down verifier as the reward function. For each prompt x, a rollout policy µ generates a group
of K completions {y1, . . . , yK}. Each completion is scored by the verifier, yielding rewards
{R1, . . . , RK}. For completion i, the leave-one-out baseline is the mean reward of the other comple-
tions for the same prompt:

bi =
1

K − 1

∑
j ̸=i

Rj ,

and the corresponding advantage is
Ai = Ri − bi.

Equivalently, if

R̄ =
1

K

K∑
j=1

Rj ,

then
Ai =

K

K − 1
(Ri − R̄).

Thus, Ai measures whether completion i performs better or worse than the other samples for the
same prompt.

When rollouts are generated on-policy, no importance correction is needed. If rollouts are generated
by a stale or otherwise distinct behavior policy µ, we can use a sequence-level importance weight:

ρi(θ) = exp (log πθ(yi | x)− log µ(yi | x)) .
The corresponding policy-gradient estimator is

∇̂θJ =
1

K

K∑
i=1

ρi(θ)Ai∇θ log πθ(yi | x),

with ρi(θ) = 1 in the strictly on-policy case. In practice, the update may include an entropy bonus to
encourage exploration and a KL penalty against the SFT reference policy to limit policy drift.

RLOO is well-suited to Countdown because each sampled expression can be checked automatically.
Its useful learning signal. However, it depends on reward variation within each group. If all
completions in a group receive the same reward, then all leave-one-out advantages are zero, and the
group contributes no policy-gradient signal apart from regularization. Mixed groups, in which some
completions are correct and others are incorrect, provide the clearest RLOO learning signal. This
observation motivates the curriculum and self-improvement variants introduced below.

4



3.3 Heuristic Difficulty Curriculum

Verifier-based RLOO can suffer from sparse rewards early in training: for difficult prompts, all
sampled rollouts are often incorrect, producing all-zero rewards and little useful relative-advantage
signal. To make early updates more informative, we implement a heuristic easy-to-hard curriculum.
The trainer assigns each training prompt a scalar difficulty score, sorts the dataset by this score, and
trains on cumulative subsets of increasing difficulty.

We estimate difficulty using the proxy

d(x) = 1000 · |numbers|+ |target|+ 0.01 ·max
i

|numberi|.

This heuristic prioritizes prompts with fewer numbers and smaller target magnitudes, while using the
largest input number only as a small tie-breaking term. With three curriculum stages, stage 0 samples
from the easiest third of the dataset, stage 1 samples from the easiest two thirds, and stage 2 samples
from the full dataset. The motivation is that easier prompts are more likely to produce mixed reward
groups early in training, giving RLOO a clearer learning signal than uniformly sampling from the
full dataset. However, because the difficulty score is static and hand-designed, it may not accurately
reflect the model’s actual competence during training.

3.4 Self-Improvement with Synthetic Solvable Prompts

Figure 1: Self-Improvement RLOO mitigates sparse rewards by mixing real Countdown prompts with
easier teacher-generated synthetic prompts. The synthetic ratio is high during warmup and gradually
annealed, increasing the chance of mixed-reward rollout groups and providing more informative
RLOO advantage signals early in training.

Self-Improvement RLOO modifies the RLOO training distribution by adding synthetic prompts
generated by a deterministic local teacher. As illustrated in Figure 1, each training batch is formed
by mixing real Countdown examples with synthetic teacher-generated examples, and the current
policy is then updated using the same verifier-based RLOO objective. The goal is not to replace the
original task, but to provide easier stepping-stone prompts early in training, when sparse rewards
make standard RLOO updates unstable or uninformative.

The synthetic teacher constructs prompts by sampling a subset of numbers and combining them with
arithmetic operations to produce a known valid expression and target. For example, given the original
numbers {3, 7, 10, 25}, the teacher may select {7, 10} and construct the expression 7 × 10 = 70,
yielding a synthetic Countdown prompt with target 70. These prompts are typically easier than the
full training examples because they can use fewer numbers during early training. Over time, the
synthetic difficulty is increased by allowing more numbers in the generated prompts, making the
auxiliary tasks closer to the original Countdown distribution.

The mixing schedule is designed to give the model dense learning signal early while gradually
returning emphasis to the real training distribution. During the initial warmup phase, batches can be
fully synthetic, which exposes the policy to prompts that are more likely to receive nonzero verifier
rewards. After warmup, the synthetic ratio is annealed, for example from 75% to 15%, so that real
Countdown prompts make up an increasing fraction of the training data. This schedule encourages
early exploration and reward discovery without permanently shifting the optimization objective away
from the original task.
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This design is motivated by the structure of RLOO advantages. For each prompt, RLOO samples
multiple rollouts and assigns the advantage

Ai = ri −
1

K − 1

∑
j ̸=i

rj ,

where ri is the reward of rollout i and K is the number of sampled responses for the same prompt.
If all rollouts for a hard prompt are incorrect, the reward group becomes [0, 0, . . . , 0], and all leave-
one-out advantages are zero. Such all-zero groups provide almost no useful signal about which
responses should be encouraged or discouraged. In contrast, an easier synthetic prompt is more likely
to produce a mixed group, such as [0, 1, 0, . . . , 0]. In this case, the correct rollout receives a positive
relative advantage while incorrect rollouts receive negative relative advantages, producing a clearer
policy-gradient update. Thus, synthetic solvable prompts densify the reward signal and increase the
frequency of informative mixed-reward groups during the early stages of RLOO training.

3.5 Phased Adaptive Mixed-Group Filtering

Phased Adaptive Mixed-Group Filtering keeps the synthetic-prompt self-improvement setup, but
changes which sampled prompt groups are used for the RLOO update. After sampling multiple
rollouts for each prompt, the trainer classifies the resulting reward group as all-zero, all-one, or mixed.
Mixed groups are prioritized because they contain both successful and unsuccessful responses under
the same prompt, giving RLOO the clearest relative-advantage signal.

Directly filtering for only mixed groups can be unstable early in training, since an SFT-initialized
policy may produce too few such groups. Therefore, the method uses a phased schedule. During
warmup, no filtering is applied, allowing the policy to learn from the full mixture of real and synthetic
prompts. After warmup, the trainer preferentially keeps mixed groups, retains a small fraction of
all-correct real-prompt groups, and skips most all-correct synthetic groups, which are likely to be too
easy. If the filtered update set becomes too small, additional real-prompt groups are added as fallback
examples to maintain a stable effective batch size.

The method also records all-zero real-prompt groups in a hard-prompt buffer for diagnostic tracking
and potential resampling. Overall, this phased filtering strategy aims to concentrate updates on
high-signal prompt groups while avoiding optimization starvation or overfitting to easy synthetic
tasks.

4 Experimental Setup

4.1 Dataset and Model Setup

All experiments are conducted on the Countdown 3-to-4 number arithmetic task using Qwen2.5-
0.5B as the base model. SFT is trained on Asap7772/cog_behav_all_strategies, IPO uses the
paired preference dataset asingh15/countdown_tasks_3to4-dpo, and all RLOO-based methods
train on asingh15/countdown_tasks_3to4. IPO and all RLOO variants are initialized from the
SFT checkpoint asingh15/qwen-sft-countdown-defaultproj. All reported checkpoints are
evaluated with the same fixed local evaluation script. The evaluation set contains 50 held-out prompts,
and each method samples 16 responses per prompt, giving 800 sampled completions per method.

Generations are scored by a rule-based Countdown verifier. The verifier extracts the final
<answer>...</answer> span, checks that the generated expression uses exactly the provided
numbers, safely evaluates the arithmetic expression, and compares the result to the target with
tolerance 10−5. The reward is 0.0 for missing answer tags, 0.1 for tagged but invalid or incorrect
expressions, and 1.0 for fully correct expressions. We report rollout accuracy, defined as the fraction
of individual completions with reward 1.0, as well as mean reward, prompt pass@16, all-zero prompt
rate, all-correct prompt rate, and pass@k curves. The Heuristic Curriculum RLOO checkpoint is also
re-evaluated under the same 16-sample protocol for a fair comparison.

4.2 Implementation Details and Hyperparameters

For SFT, we train Qwen2.5-0.5B with response-token-only cross-entropy, masking prompt tokens so
that the loss is computed only on the target solution response. The model is trained for 6 epochs with
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Table 1: Fixed local evaluation on 50 test prompts with 16 sampled completions per prompt. Rollout
accuracy, Pass@16, and all-zero rate are percentages; reward is the mean scalar verifier reward.

Method Rollout Acc. Reward Pass@16 All-zero

IPO 36.25 0.414 76.0 24.0
RLOO 48.25 0.533 74.0 26.0
Heuristic Curriculum RLOO 29.88 0.361 76.0 24.0
Self-Improvement RLOO 55.25 0.586 80.0 20.0
Phased Adaptive from SFT 59.25 0.604 72.0 28.0

Table 2: Additional diagnostics for the same fixed evaluation. Wilson 95% intervals are reported in
percentage points. All-correct is the percentage of prompts for which all samples are correct, and
mean correct is the average number of correct samples per prompt.

Method Rollout 95% CI Pass@16 95% CI All-correct Mean correct

IPO [33.0, 39.6] [62.6, 85.7] 0.0 5.80
RLOO [44.8, 51.7] [60.4, 84.1] 4.0 7.72
Heuristic Curriculum RLOO [26.8, 33.1] [62.6, 85.7] 0.0 4.78
Self-Improvement RLOO [51.8, 58.7] [67.0, 88.8] 8.0 8.84
Phased Adaptive from SFT [55.8, 62.6] [58.3, 82.5] 20.0 9.48

learning rate 5×10−5, effective batch size 64, cosine warmup scheduling, and gradient checkpointing.
IPO is trained for 1 epoch with β = 0.1, learning rate 5×10−6, and summed response-token sequence
log-probabilities against a frozen SFT reference model. Baseline RLOO is trained for 100 steps. Each
step samples 8 responses for each of 128 prompts, producing 1024 sequences per update. RLOO
uses learning rate 10−5, constant scheduling, entropy and KL coefficients of 0.001, and evaluation
every 10 steps with 16 rollouts per prompt.

The curriculum and self-improvement variants keep the same verifier and RLOO objective, but
modify the training distribution or selected update groups. Heuristic Curriculum RLOO sorts training
prompts by a scalar difficulty estimate and trains over three cumulative stages: the easiest third, easiest
two thirds, and full dataset. Self-Improvement RLOO mixes real prompts with guaranteed-solvable
synthetic prompts generated from real number sets using +, −, and ×. It uses a 5-step fully synthetic
warmup and then anneals the synthetic ratio from 0.75 to 0.15 over 60 steps. Phased Adaptive Mixed-
Group Filtering further classifies rollout groups as all-zero, mixed, or all-one. After warmup, it
prioritizes mixed groups, retains a small fraction of all-correct real groups, drops all-correct synthetic
groups by default, and adds fallback real prompts when too few groups remain. This variant anneals
the synthetic ratio from 0.75 to 0.05 over 40 steps, uses 3–4 number synthetic prompts, and maintains
a hard-prompt buffer for diagnostic resampling.

5 Results

Quantitative comparison. Table 1 reports the main fixed-evaluation results, and Figure 2 shows
rollout accuracy with Wilson confidence intervals. IPO obtains 36.25% rollout accuracy and 76.0%
Pass@16, providing the offline preference-optimization baseline. Standard RLOO improves rollout
accuracy to 48.25% and mean reward to 0.533, showing that online verifier-based updates improve
single-sample correctness over IPO. However, RLOO has slightly lower Pass@16 than IPO, indicating
that the gain comes from more reliable samples on some prompts rather than broader prompt coverage.

Heuristic Curriculum RLOO performs worst in sample-level reliability, reaching only 29.88% rollout
accuracy and the lowest mean reward, 0.361. Its Pass@16 remains 76.0%, matching IPO, but its mean
correct count falls to 4.78. This suggests that the static easy-to-hard curriculum can occasionally
find correct answers under repeated sampling, but does not make individual generations reliable.
In contrast, Self-Improvement RLOO improves both sample-level and prompt-level performance,
reaching 55.25% rollout accuracy and the best Pass@16, 80.0%. It also has the lowest all-zero rate,
20.0%, showing that it solves the largest fraction of prompts at least once. Phased Adaptive from
SFT achieves the best rollout accuracy, 59.25%, and the highest mean reward, 0.604, but its Pass@16
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Figure 2: Rollout accuracy with Wilson 95% confidence intervals over 800 sampled completions
per method. Self-improvement improves over standard RLOO, while the fixed heuristic curriculum
degrades sample-level reliability.

Figure 3: Pass@k curves under the fixed 16-sample evaluation. Phased Adaptive from SFT performs
best at low k, while Self-Improvement RLOO achieves the strongest high-k coverage.

is lower at 72.0%. Thus, Self-Improvement RLOO provides the best coverage under multi-sample
inference, while Phased Adaptive from SFT provides the strongest single-sample reliability.

Sampling behavior and per-prompt reliability. Figure 3 and Table 2 clarify why rollout accuracy
and Pass@16 differ. Rollout accuracy measures correctness over individual samples, while Pass@16
measures whether at least one of 16 samples solves a prompt. Phased Adaptive from SFT has the
highest all-correct rate, 20.0%, and the highest mean correct count, 9.48, indicating that it often
generates consistently correct answers once a prompt is within its solved region. However, its 28.0%
all-zero rate shows that it leaves more prompts unsolved. Self-Improvement RLOO has lower rollout
accuracy than Phased Adaptive from SFT, but it reduces the all-zero rate to 20.0%, explaining its
stronger Pass@16. Heuristic Curriculum RLOO shows the opposite behavior: its Pass@16 recovers
under repeated sampling, but its low rollout accuracy and zero all-correct prompts indicate that its
correct answers are sparse and unstable.

Figure 4 provides the same interpretation at the prompt level. IPO has moderate prompt coverage
but no all-correct prompts, suggesting weak consistency. RLOO increases the number of correct
samples per solved prompt, improving rollout accuracy. Heuristic Curriculum RLOO fails to increase
reliability, despite maintaining broad stochastic coverage. Self-Improvement RLOO shifts more
prompts away from the zero-correct bin, supporting its role as a coverage-improving curriculum.
Phased Adaptive from SFT moves more solved prompts toward the high-correct-count and all-correct
bins, but also leaves more prompts with zero correct samples.
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Figure 4: Distribution of the number of fully correct samples per prompt out of 16. Self-Improvement
RLOO reduces the zero-correct bin, while Phased Adaptive from SFT creates more all-correct
prompts but also leaves more prompts unsolved.

Qualitative analysis. A shared test example illustrates the quantitative trend. For the prompt with
numbers [70, 7, 15, 84] and target 79, IPO and standard RLOO produce no fully correct rollout among
the sampled completions. Self-Improvement RLOO, however, finds the valid expression

(70/7 + 84)− 15 = 79.

This example is consistent with the aggregate results: self-improvement does not merely improve
average reward, but increases the chance of discovering at least one valid solution under multi-sample
inference. Qualitatively, the methods therefore exhibit different failure modes. IPO lacks online
verifier feedback, RLOO improves sample-level correctness but not coverage, Heuristic Curriculum
RLOO suffers from unreliable individual generations, Self-Improvement RLOO improves coverage
by densifying early reward signal, and Phased Adaptive from SFT improves consistency on solved
prompts while sacrificing some prompt coverage.

6 Discussion

The results suggest that curriculum learning improves verifier-based RL only when it increases
informative reward variation. In RLOO, mixed rollout groups are most useful because they contain
both correct and incorrect samples for the same prompt. All-zero groups provide little learning signal,
while all-correct groups provide little contrast. Thus, effective curricula should target prompts near
the model’s current learnability boundary, rather than simply ordering examples from easy to hard.

This explains why the Heuristic Curriculum RLOO underperforms. Its static difficulty score does
not adapt to the policy’s actual competence, so it can still produce rollout groups that are either too
hard or too easy. Although its 76.0% Pass@16 shows that it sometimes finds correct answers under
repeated sampling, its 29.88% rollout accuracy indicates poor single-sample reliability.

Self-Improvement RLOO is more effective because it adds generated solvable stepping-stone prompts,
making early rewards denser and increasing the chance of mixed groups. This leads to the best
Pass@16 and the lowest all-zero rate, showing stronger prompt-level coverage. Phased Adaptive
Self-Improvement instead achieves the highest rollout accuracy and all-correct rate, but its lower
Pass@16 and higher all-zero rate show that it improves consistency on solved prompts at the cost of
broader coverage.

Overall, the results indicate that useful curricula for verifier-based RL should be adaptive to policy
behavior and should balance coverage with reliability. Future work should test larger models and
harder Countdown variants, tune the synthetic-data and filtering schedules, and design curricula that
explicitly target mixed-reward groups while preserving broad prompt coverage.
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7 Conclusion

We studied verifier-based reinforcement learning for Countdown arithmetic reasoning and evaluated
several curriculum-oriented extensions to RLOO. Standard RLOO improves over IPO, confirming
that online optimization with rule-based rewards is effective for this task. However, the fixed heuristic
curriculum underperforms, showing that static easy-to-hard ordering alone does not guarantee useful
RL updates. Self-Improvement RLOO achieves the best Pass@16 by adding generated solvable
stepping-stone prompts that improve prompt-level coverage under sampling. Phased Adaptive Self-
Improvement from SFT achieves the best rollout accuracy, but with lower prompt coverage, indicating
stronger single-sample reliability on a narrower set of prompts. Overall, the results suggest that
curriculum learning helps verifier-based RL when it increases the density of learnable rewarded
trajectories. The most promising direction is to combine the coverage of self-improvement with the
reliability of adaptive mixed-group filtering, while maintaining broad exposure to the original task
distribution.

8 Team Contributions

All work for this individual project was completed by Yuyan Wu.

Changes from Proposal The original proposal focused on adding curriculum learning to RLOO
by ordering Countdown prompts according to difficulty. During experimentation, we found that
this simple heuristic curriculum underperformed standard RLOO, so the project shifted toward
comparing a small set of curriculum designs that directly address sparse verifier rewards. In the final
experiments, we evaluate IPO and standard RLOO as baselines, and compare three RLOO-based
curriculum variants: Heuristic Curriculum RLOO, Self-Improvement RLOO with synthetic solvable
prompts, and Phased Adaptive training from SFT. This changes the extension from a single fixed
curriculum method into a focused empirical study of which curriculum mechanisms provide useful
reward variation during verifier-based RL fine-tuning.
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