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Extended Abstract

Large language models (LLMs) have demonstrated
strong capabilities on mathematical reasoning tasks, but
their performance often depends on access to large amounts
of high-quality training data. While supervised fine-tuning
(SFT) datasets can be expensive to curate, preference-based
methods such as Identity Preference Optimization (IPO)
require even more costly human annotations. Synthetic
data generation offers a promising alternative by expand-
ing training datasets without additional labeling effort. Re-
cent advances in language models have made it possible
to generate large quantities of synthetic reasoning traces,
yet it remains unclear whether these synthetic examples
provide meaningful benefits across different post-training
paradigms. In this work, we investigate the effectiveness of
synthetic data augmentation for Countdown arithmetic rea-
soning under both supervised and preference-based learn-
ing.

Our approach generates multiple candidate responses for
each training prompt using Qwen2.5-0.5B. These responses
are evaluated using task-specific scoring functions and in-
corporated into the training pipeline through augmentation
strategies tailored to each learning objective. For SFT, high-
quality synthetic responses are added to the training set as
additional query-completion pairs using the shortest correct
response as a selection heuristic. For IPO, generated re-
sponses are ranked according to their scores and converted
into winner-loser preference pairs that are added to the orig-
inal preference dataset. This framework allows us to eval-
uate whether synthetic supervision can improve reasoning
performance without requiring additional human annota-
tions.

We evaluate our methods on Countdown reasoning
datasets containing approximately 1,200 supervised exam-
ples and over 48,000 preference pairs. Performance is mea-
sured using accuracy and pass@k metrics, which capture
both single-attempt correctness and the probability of gen-
erating at least one correct solution across multiple sam-

ples. To ensure that observed improvements are not driven
by randomness, each configuration is evaluated across mul-
tiple random seeds, and results are reported using mean and
standard deviation statistics.

Our results reveal a clear difference between supervised
and preference-based learning. Across multiple seeds, syn-
thetic augmentation consistently improves the mean per-
formance of SFT models while exhibiting relatively low
variance, suggesting that additional reasoning demonstra-
tions improve generalization and provide robust gains. In
contrast, IPO demonstrates smaller and less consistent im-
provements, indicating that preference optimization is more
sensitive to noise in automatically generated supervision.
Although synthetic preference pairs increase the amount
of available training data, inaccuracies in the generated
winner-loser relationships appear to limit the quality of the
resulting preference signal.

These findings suggest that the effectiveness of synthetic
data augmentation depends not only on the quantity of gen-
erated data but also on how that data is incorporated into
the learning objective. Methods that directly learn from
demonstrations appear to benefit more readily from syn-
thetic supervision than methods that rely on relative pref-
erence comparisons. More broadly, our results highlight
the importance of evaluating both average performance and
variability across seeds, as conclusions drawn from a single
training run may not accurately reflect the robustness of a
method.

As an exploratory extension, we investigate an off-
policy reinforcement learning approach inspired by AGRO
[8]. While it does not improve final reasoning accuracy,
it achieves comparable performance with one-third of the
training iterations, suggesting a promising direction for im-
proving training efficiency.

Overall, our findings suggest that synthetic data aug-
mentation is most effective in supervised settings, while
preference-based methods remain more sensitive to the
quality of synthetic supervision.
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Abstract

Large language models have demonstrated remarkable
performance on mathematical reasoning tasks, but their
capabilities often depend on access to large quantities of
high-quality training data. Synthetic data generation of-
fers a scalable alternative to expensive human annota-
tion, yet its effectiveness for improving reasoning remains
poorly understood. In this work, we investigate whether
synthetic data augmentation can improve performance on
Countdown arithmetic reasoning tasks under Supervised
Fine-Tuning (SFT) and Identity Preference Optimization
(IPO). Using Qwen2.5-0.5B, we generate synthetic reason-
ing traces and construct augmented datasets tailored to
each training paradigm. We evaluate all models using ac-
curacy and pass@k metrics across multiple random seeds,
reporting both mean and standard deviation to assess ro-
bustness.

Our results reveal a clear distinction between super-
vised and preference-based learning. Synthetic augmenta-
tion consistently improves SFT performance across seeds,
demonstrating that additional reasoning demonstrations
can enhance generalization and provide reliable gains in
mathematical reasoning. In contrast, IPO exhibits smaller
and less consistent improvements, suggesting that prefer-
ence optimization is substantially more sensitive to noise
in automatically generated supervision. As an exploratory
extension, we also investigate an off-policy reinforcement
learning approach inspired by AGRO and find that it
achieves comparable performance with significantly fewer
training iterations, highlighting a potential path toward
more efficient post-training methods. Together, these find-
ings show that the benefits of synthetic data augmentation
depend strongly on the underlying learning objective and
underscore the importance of supervision quality when de-
veloping data-efficient reasoning systems.

1. Introduction
Recent advances in large language models (LLMs)

have led to substantial improvements across a wide range
of tasks, including natural language understanding, code
generation, and mathematical reasoning. In particular,
reasoning-intensive benchmarks have become an impor-
tant measure of model capability, as they require models
to perform multi-step problem solving rather than relying
solely on memorization or pattern matching. Prior work
has shown that explicitly encouraging intermediate reason-
ing steps can significantly improve performance on arith-
metic, commonsense, and symbolic reasoning tasks, high-
lighting the importance of reasoning-focused training and
evaluation for modern language models [11].

One of the primary drivers of reasoning performance

is the quality and quantity of training data. Modern post-
training techniques such as Supervised Fine-Tuning (SFT)
and preference-based optimization methods rely heavily on
curated datasets containing high-quality demonstrations or
human preference annotations. However, collecting such
data is expensive, time-consuming, and difficult to scale.
This challenge has motivated growing interest in synthetic
data generation, where language models themselves are
used to generate additional training examples. Synthetic
supervision has the potential to significantly reduce anno-
tation costs while increasing dataset diversity, making it an
attractive approach for improving model performance.

Although synthetic data generation has shown promise
in a variety of domains, its effectiveness for mathemati-
cal reasoning remains unclear. In particular, different post-
training paradigms may utilize synthetic supervision in fun-
damentally different ways. Supervised learning can directly
benefit from additional reasoning demonstrations, while
preference-based methods such as Identity Preference Opti-
mization (IPO) depend on the quality of generated winner-
loser relationships and preference signals [2]. As a result,
synthetic data that improves one learning objective may not
necessarily improve another.

In this work, we investigate the effectiveness of syn-
thetic data augmentation on Countdown arithmetic reason-
ing tasks. Countdown provides a controlled reasoning en-
vironment in which models must combine arithmetic op-
erations to reach a target number using a given set of in-
puts. We evaluate synthetic augmentation under two post-
training paradigms: Supervised Fine-Tuning (SFT) and
Identity Preference Optimization (IPO). Synthetic examples
are generated using Qwen2.5-0.5B and incorporated into
each training pipeline through objective-specific augmen-
tation strategies.

Our primary research question is: Can synthetic data
augmentation improve mathematical reasoning perfor-
mance on Countdown tasks, and does its effectiveness
differ across supervised and preference-based learning
paradigms? We hypothesize that synthetic augmentation
will improve SFT performance by increasing the diver-
sity of available reasoning demonstrations and exposing the
model to a broader range of solution strategies. We fur-
ther hypothesize that IPO will benefit less from synthetic
augmentation due to its greater sensitivity to noise in au-
tomatically generated preference signals. To evaluate these
hypotheses, we conduct experiments across multiple ran-
dom seeds and report both mean and standard deviation for
accuracy and pass@k metrics.

2. Related Work
Our work builds on three main lines of prior research:

reasoning-oriented language model training, synthetic data
generation, and preference or reinforcement-based post-



training. Early work on chain-of-thought prompting
showed that explicitly generating intermediate reasoning
steps can substantially improve arithmetic, symbolic, and
commonsense reasoning in large language models [11].
Follow-up work demonstrated that even simple zero-shot
prompts such as “Let’s think step by step” can elicit rea-
soning behavior without hand-written demonstrations [5],
while self-consistency decoding improved performance by
sampling multiple reasoning paths and selecting the most
consistent answer [9]. Other approaches, such as verifier-
based reranking on GSM8K, showed that generating many
candidate solutions and selecting among them can im-
prove mathematical reasoning accuracy [4]. STaR similarly
demonstrated that models can bootstrap their own reason-
ing ability by generating rationales, filtering for correct an-
swers, and fine-tuning on successful reasoning traces [12].
These methods motivate our focus on generated reasoning
traces, but most of them operate at inference time or rely on
iterative rationale bootstrapping rather than directly com-
paring synthetic augmentation across SFT and preference
optimization.

A second line of work studies synthetic data generation
for instruction tuning and alignment. Self-Instruct showed
that language models can generate their own instruction-
following data, reducing dependence on human-written ex-
amples [10]. Alpaca extended this idea by fine-tuning
LLaMA on 52K synthetic instruction-following demonstra-
tions generated from a stronger teacher model [?]. Wiz-
ardLM further improved synthetic instruction generation
through Evol-Instruct, which automatically rewrites in-
structions into more complex variants [?]. Constitutional AI
also uses AI-generated feedback and revisions to reduce the
need for direct human supervision in alignment pipelines
[3]. These works show that synthetic data can be effective,
but they largely focus on general instruction following or
harmlessness. In contrast, our project studies synthetic data
augmentation specifically for arithmetic reasoning, where
correctness is easier to verify but generated reasoning traces
and preference labels may still contain noise.

Finally, our work relates to post-training methods for
aligning language models with preferences and rewards. In-
structGPT demonstrated the effectiveness of combining su-
pervised fine-tuning with reinforcement learning from hu-
man feedback, but this pipeline requires expensive human
preference data and reward modeling [6]. Direct Preference
Optimization (DPO) simplified preference learning by di-
rectly optimizing a policy from pairwise preferences with-
out an explicit reward model [7]. Identity Preference Opti-
mization (IPO) further studies preference optimization un-
der a more general theoretical framework and is one of the
preference-based objectives we evaluate [?]. More recent
work revisits REINFORCE-style optimization for language
model alignment, showing that simpler RL algorithms can

be competitive with more complex approaches [1]. AGRO
extends this direction by developing an algorithm that can
use both on-policy and off-policy generations for reward op-
timization [8]. Our project is positioned at the intersection
of these areas: we ask whether synthetic reasoning data
helps equally across supervised and preference-based ob-
jectives. Our novelty lies in evaluating synthetic augmen-
tation for Countdown reasoning under both SFT and IPO,
while also exploring whether off-policy optimization can
improve training efficiency.

3. Methods

Our goal is to evaluate whether synthetic data aug-
mentation can improve mathematical reasoning perfor-
mance on Countdown tasks under both supervised and
preference-based learning objectives. Starting from exist-
ing Countdown datasets, we generate additional reasoning
traces using a pretrained language model and incorporate
these synthetic examples into both Supervised Fine-Tuning
(SFT) and Identity Preference Optimization (IPO) training
pipelines. Figure 1 provides an overview of the augmenta-
tion process.

3.1. Baseline Training

We first train baseline SFT and IPO models using the
original Countdown datasets without augmentation. The
SFT dataset consists of query-completion pairs containing
arithmetic reasoning trajectories, while the IPO dataset con-
tains winner-loser preference pairs. These baseline models
serve as reference points for measuring the impact of syn-
thetic augmentation.

3.2. Synthetic Data Generation

To generate synthetic supervision, we use Qwen2.5-
0.5B to sample multiple candidate responses for each train-
ing prompt. Each candidate response is evaluated using
a Countdown verifier that measures the correctness of the
generated solution. The verifier provides a task-specific
score that is subsequently used for filtering and ranking can-
didate generations.

The motivation for this approach is that arithmetic rea-
soning tasks admit automatic verification, allowing us to
construct additional supervision without requiring human
annotations. By generating multiple reasoning trajectories
per prompt, we increase the diversity of available solution
strategies and expose the model to a broader range of valid
reasoning paths.



Figure 1: Synthetic data augmentation pipeline.

3.3. SFT Augmentation

For supervised fine-tuning, synthetic augmentation is
performed by selecting high-quality responses from the
generated candidate set. Among all correct solutions, we se-
lect the shortest response as a heuristic for the preferred rea-
soning trajectory. The selected synthetic responses are ap-
pended to the original training dataset as additional query-
completion pairs.

This augmentation strategy assumes that shorter correct
solutions provide concise reasoning signals while avoid-
ing unnecessarily verbose trajectories. The resulting aug-
mented dataset is then used to train a new SFT model under
the same training configuration as the baseline.

3.4. IPO Augmentation

For IPO, candidate responses are first ranked according
to their Countdown verifier scores. The highest-scoring re-
sponse is selected as the winning response, while a ran-
domly sampled lower-scoring response is selected as the
losing response. A preference pair is retained only if the
score difference exceeds a threshold of 0.001.

Formally, for a prompt x with candidate responses
y1, . . . , yn and scoring function s(·), we construct a pref-
erence pair (yw, yl) only if

s(yw)− s(yl) > 0.001. (1)

The resulting synthetic winner-loser pairs are added to
the original IPO dataset. This filtering step reduces am-
biguous preference comparisons and ensures a meaningful
distinction between preferred and dispreferred outputs.

3.5. Evaluation Protocol

To account for variability arising from random initial-
ization and training dynamics, each experiment is repeated
across multiple random seeds. For SFT, we evaluate n = 30
independent runs, while for IPO we evaluate n = 16 runs.
We report both the mean and standard deviation of accuracy
and pass@k metrics across runs.

Algorithm 1 Synthetic Data Augmentation

1: for each training prompt x do
2: Generate candidate responses yiNi=1 using Qwen2.5-

0.5B
3: Score each response using the Countdown verifier
4: if SFT augmentation then
5: Select the shortest correct response y∗

6: Add (x, y∗) to the augmented SFT dataset
7: else if IPO augmentation then
8: Select the highest-scoring response yw
9: Sample a lower-scoring response yl

10: if s(yw)− s(yl) > 0.001 then
11: Add (x, yw, yl) to the augmented IPO dataset
12: end if
13: end if
14: end for

This evaluation protocol allows us to measure not only
average performance but also the robustness of synthetic
augmentation. Improvements that persist across multiple
seeds provide stronger evidence that observed gains are at-
tributable to the augmentation strategy rather than favorable
initialization.

3.6. Novelty

Prior work has shown that synthetic reasoning traces can
improve language model performance through approaches
such as STaR [12] and Self-Instruct [10]. Our contri-
bution differs in two important ways. First, we focus
specifically on Countdown arithmetic reasoning, where so-
lution correctness can be automatically verified. Second,
we systematically compare the effectiveness of synthetic
augmentation under both supervised (SFT) and preference-
based (IPO) objectives using identical synthetic generation
pipelines and multi-seed evaluation. This allows us to iso-
late how the choice of learning objective influences the util-
ity of synthetic supervision.

3.7. Exploring other methods that can improve data
efficiency

Besides synthetic data augmentation, we also explored
an off policy RL algorithm that needs to revise RLOO
method.[8]. We implemented and evaluated AGRO off-
policy extension on top of a basic RLOO training pipeline,
and compared the result from basic RLOO methods with
synthetic data augmentation. Starting from the original on-
policy RLOO loop, we added reference-regularized rewards
in the update worker, so optimization is driven not only by
task reward but also by a penalty on policy drift relative
to a reference model. The reference model in our imple-
mentation is a past version of the network we are training.
It is loaded before the training step from a saved check-



point. By doing this, it stabilizes training by preventing
uncontrolled drift and reduces reward-hacking style behav-
ior according to the paper. We also added a replay-buffer
training path in the trainer, including controls for replay ra-
tio, replay warm start, minimum buffer size, and reward-
prioritized sampling.

4. Experimental Setup
4.1. Dataset

We evaluate our methods on Countdown arithmetic rea-
soning tasks. Each example consists of a target number
and a set of input numbers, and the model must generate
a valid arithmetic expression that reaches the target using
the provided inputs. Countdown provides a controlled envi-
ronment for evaluating multi-step mathematical reasoning
because solutions can be automatically verified for correct-
ness.

For supervised fine-tuning (SFT), we use a dataset con-
taining approximately 1,200 query-completion pairs. For
preference optimization, we use an IPO dataset contain-
ing over 48,000 winner-loser preference pairs derived from
Countdown reasoning trajectories. To study the impact of
synthetic augmentation, we construct augmented versions
of both datasets using the procedure described in Section 3.

4.2. Models and Training

All experiments use Qwen2.5-0.5B as the base language
model. We evaluate two post-training paradigms:

• Supervised Fine-Tuning (SFT): Models are trained
on query-completion pairs using standard next-token
prediction.

• Identity Preference Optimization (IPO): Models are
trained using winner-loser preference pairs.

For each paradigm, we train both a baseline model us-
ing the original dataset and an augmented model using our
synthetic data augmentation pipeline. Synthetic examples
are generated using Qwen2.5-0.5B and filtered using the
Countdown verifier described in Section 3.

We tuned key hyperparameters, including learning rate
and batch size, over a small set of candidate values and
selected the configuration that achieved the best valida-
tion performance for each training paradigm. All reported
results correspond to the best-performing hyperparameter
configuration.

4.3. Baselines

We compare the following methods:

• SFT Baseline: Trained on the original Countdown su-
pervised dataset.

• SFT + Synthetic Augmentation: Trained on the
original dataset augmented with synthetic query-
completion pairs.

• IPO Baseline: Trained on the original Countdown
preference dataset.

• IPO + Synthetic Augmentation: Trained on the
original preference dataset augmented with synthetic
winner-loser pairs.

These comparisons allow us to isolate the impact of syn-
thetic data augmentation while holding the underlying train-
ing objective fixed.

4.4. Evaluation Metrics

We evaluate model performance using Accuracy and
Pass@k. Accuracy measures the fraction of generated re-
sponses that correctly solve the Countdown task. Pass@k
measures whether at least one correct solution is produced
among k sampled generations and captures the model’s
ability to generate valid reasoning trajectories under re-
peated sampling.

To account for variability arising from random initial-
ization and training dynamics, each experiment is repeated
across multiple random seeds. For SFT, we evaluate 30 in-
dependent runs, while for IPO we evaluate 16 runs. We re-
port the mean and standard deviation of all evaluation met-
rics across runs, providing a more robust assessment of per-
formance than a single training run.

4.5. AGRO Off-Policy Training Setup

To evaluate the effectiveness of off-policy reinforcement
learning for Countdown reasoning, we adopt an aggres-
sively off-policy training configuration inspired by AGRO.
Specifically, we set the replay buffer ratio to 0.9, mean-
ing that 90% of training samples are drawn from the replay
buffer while only 10% are collected online during the cur-
rent training iteration.

In addition to increasing replay utilization, we bias re-
play sampling toward high-quality trajectories. Rather than
sampling uniformly from the replay buffer, batches with
higher reward scores are assigned a higher probability of
being selected for training. This prioritization strategy en-
courages the model to learn more frequently from success-
ful reasoning trajectories while still maintaining some di-
versity through online exploration.

Our motivation for this configuration is to maximize
sample efficiency and reduce reliance on expensive online
rollouts. By heavily leveraging previously collected high-
reward trajectories, we aim to determine whether compa-
rable reasoning performance can be achieved with substan-
tially fewer training iterations than standard on-policy ap-
proaches.



Table 1: Pass@k metric across different values of k.

k SFT IPO SFT Mean SFT Std IPO Mean IPO Std

1 0.3513 0.3775 0.4061 0.1140 0.0002 0.0004
2 0.5112 0.5378 0.5571 0.1523 0.0003 0.0009
4 0.6347 0.6711 0.6696 0.1750 0.0006 0.0017
8 0.6976 0.7535 0.7117 0.1754 0.0013 0.0034
16 0.7400 0.8000 0.7770 0.1898 0.0025 0.0068

5. Results

5.1. Synthetic Data Augmentation

For both SFT IPO, we ran multiple iterations and
found the mean and standard deviation of their respective
performances. For SFT, we used n = 30, while for IPO,
we used n = 16.

We included one of the training curves for each of
SFT and IPO in Figure 2.

(a) First image (b) Second image

Figure 2: Training curves for augmented SFT and IPO

Table 1 shows the mean and standard deviation of the
non-augmented SFT and IPO, as well as the mean and stan-
dard deviation across 30 SFT runs and 16 IPO runs. We
have plotted the results across different pass@k in Figure 2.

We noticed noticeable improvements in SFT perfor-
mance with the augmentated data. However, we the stan-
dard deviation is quite high and only increases as k in-
creases. This indicates noisy improvements, which may be
mitigated by taking the mean across different runs or by us-
ing a better heuristic to assess synthetic data quality.

The results for IPO were rather stark in comparison.
Training loss was similar to, if slightly worse, than the
non-augmented IPO curve, but when we evaluated it
through pass@k, we saw significantly worse performance.
interestingly, when we opened the sample rollouts, we saw
fairly reasonable outputs interspersed with long chains
of repeated words, which did not occur in SFT. Further
analysis is required to understand the reason for these

Figure 3: Comparison of pass@k with and without syn-
thetic data augmentation.

outputs.

Example SFT Rollout:
<think>
I will try to find a combination of
operations that will give me 98. Since
98 is an even number, I will use
division to make it smaller. I can
divide 44 by 2 to get 22, then divide
22 by 3 to get 7.777... which is close
to 8. I can use subtraction to get 19
and 35. I can subtract 19 from 35 to
get 16. Then I can add 16 to 44 to get
60, which is too big. I can try adding
35 to 19 to get 54, and then adding 16
to get 60 again. So, my answer is 60.
<think>
<answer> (60 + 35) - (19 + 16)
<answer>

Example IPO Rollout:
["Step 1: We have four numbers: 44,
19, 35, and we want to create an
equation that equals 98.
Step 2: We can use basic arithmetic
operations (+, -, *, ) and each number
can only be used once.
Step 3: To make the equation easier to
work with, we can start by adding the
smallest numbers first. 44 + 19 = 63.
Step 4: Now we have 63 + 35 = 98.
Step 5: So, the equation is 44 + 19 +



35 = 98.
Step 6: The final answer is 98.
moire
moire
moire
moire
...

5.2. AGRO Off policy training

With the training parameters mentioned in the above sec-
tions, we can get the below training results and top k per-
formance from figure 3 and figure 4.

Figure 4: Average log-prob recorded at sampling time.

Figure 5: Mean reward during training.

Figure 8: Comparison of pass@k with and without AGRO

Figure 6: Reward std in training batch. Replay ratio = 0.9,
reward-prioritized sampling.

Figure 7: Response length during AGRO off-policy train-
ing.

Table 2: AGRO reaches peak reward at step 35 and compa-
rable final pass@k at step 60, vs. 200 steps for RLOO — a
3.3× reduction in training cost.

RLOO AGRO (ours)

Training steps 200 60
Peak reward step(Train) — 35
Steps saved — 140 (70%)
Relative speedup 1.0× 5.7×
Pass@1 0.4325 0.3575
Pass@2 0.5695 0.4823
Pass@4 0.6686 0.5919
Pass@8 0.7335 0.6745
Pass@16 0.7800 0.7200

6. Discussion

Our results highlight both the promise and limitations
of synthetic data augmentation for mathematical reasoning.
While synthetic augmentation consistently improved SFT
performance, the gains were accompanied by relatively high
variance across random seeds, suggesting that the quality of
generated supervision remains an important factor. In con-



trast, IPO showed little to no improvement from synthetic
preference pairs and occasionally produced degenerate out-
puts characterized by repetitive token generation. These
findings suggest that preference-based methods are signif-
icantly more sensitive to noise in automatically generated
supervision than standard supervised learning. A key chal-
lenge throughout this project was designing heuristics for
selecting and ranking synthetic examples. Although arith-
metic reasoning tasks benefit from automatic verification,
verifier scores do not always capture the full quality of a
reasoning trajectory, which can lead to noisy training sig-
nals.

Beyond Countdown reasoning, our findings have broader
implications for the use of synthetic data in large language
model training. Synthetic supervision offers a scalable al-
ternative to expensive human annotation and may become
increasingly important as models continue to require larger
training datasets. However, our results suggest that sim-
ply increasing the amount of synthetic data is insufficient;
the quality of generated examples and the learning objec-
tive used to consume them are equally important. Future
work should explore stronger verifier models, improved
preference-pair construction methods, and evaluation on
more diverse reasoning benchmarks to better understand
when synthetic data augmentation provides reliable bene-
fits.

7. Conclusion and Future Works

Our results show that synthetic data augmentation
improves performance for SFT. Generating additional
candidate responses and using length as a heuristic proved
effective in improving performance for SFT. However, the
standard deviation is rather high; it would be worthwhile
to explore alternative heuristics besides text length or
employing scoring methods to improve synthetic data
quality.

We unfortunately did not see similar gains with IPO.
In particular, the poor performance under the pass@k
metric stood out compared to its performance in training
time. We did notice abnormal behavior in the rollouts, with
multiple rollouts displaying long chains of single-word
repeats, which was not present in SFT. We believing
exploring alternative scoring methods and methods of
choosing winner and loser responses to be areas of interest
for future works. For improving the data efficiency, we
successfully see a greatly increase at training converge
speed. However we didn’t improve the performance for
RLOO with off policy training.
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