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Abstract

While Supervised Fine-Tuning (SFT) and Re-
jection Sampling Fine-Tuning (RFT) are stan-
dard for LLM alignment, they either rely on
costly expert data or discard valuable negative
samples, leading to data inefficiency. To ad-
dress this, we propose Reward Informed Fine-
Tuning (RIFT), a simple yet effective frame-
work that utilizes all self-generated samples.
Unlike the hard thresholding of RFT, RIFT
repurposes negative trajectories, reweighting
the loss with scalar rewards to learn from both
the positive and negative trajectories from the
model outputs. To overcome the training col-
lapse caused by naive reward integration, where
direct multiplication yields an unbounded loss,
we introduce a stabilized loss formulation that
ensures numerical robustness and optimization
efficiency. Extensive experiments on mathe-
matical benchmarks across various base mod-
els show that RIFT consistently outperforms
RFT. Our results demonstrate that RIFT is a ro-
bust and data-efficient alternative for alignment
using mixed-quality, self-generated data.

1 Introduction

The rapid scaling of Large Language Models
(LLMs) has made effective post-training adaptation
essential (Zhang et al., 2023b; Chung et al., 2024a;
Chu et al., 2025a). Supervised Fine-Tuning (SFT)
(Ouyang et al., 2022b; Sanh et al., 2022), which
minimizes the negative log-likelihood of expert
demonstrations, constitutes the standard approach
for aligning models with desired behaviors. How-
ever, the efficacy of SFT is heavily dependent upon
the availability of high-quality demonstration data,
which are generally difficult and costly to curate.
More critically, a distributional mismatch between
the pre-training data or initial model capabilities
and the SFT data can lead to degraded performance,
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Figure 1: Efficiency and performance of post-training
methods for Qwen2.5-Math-1.5B fine-tuned on MATH.
Left: average accuracy against peak memory utilization
(training efficiency); Right: per-dataset accuracy (gener-
alization). RIFT surpasses strong baselines in accuracy
while requiring less computational memory.

a phenomenon often described as catastrophic for-
getting or alignment tax (Korbak et al., 2022; Luo
et al., 2023; Huang et al., 2024a; Feng et al., 2025).

To mitigate these data-related limitations in
SFT, Rejection Sampling Fine-Tuning (RFT) (Yuan
et al., 2023; Chen et al., 2024) has emerged as a
lightweight yet effective alternative. The underly-
ing principle of RFT is straightforward: by sam-
pling multiple responses from a base model to a
given prompt and subsequently selecting only those
that surpass a predefined quality threshold, one can
construct a refined, higher-quality dataset for a sub-
sequent round of SFT. Unlike conventional SFT
that relies on pre-constructed static datasets, RFT
generates its training data through the model’s own
sampling process. This self-generation strategy
inherently promotes alignment between the data
distribution used for fine-tuning and the model’s
own output distribution. Furthermore, the qual-
ity and correctness of the selected data is ensured
through an external verification mechanism or a
well-defined scoring function.

Despite its simplicity and advantages, the stan-
dard RFT paradigm exhibits a critical shortcoming:
it discards all sub-threshold (negative) samples out-
right. This discard policy neglects the potential
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informational value these samples carry regarding
model failure modes. Consequently, it not only
wastes computational resources expended during
generation, but may also impair the model to learn
distinctions between correct and incorrect outputs,
thereby limiting its capacity to refine its understand-
ing of subtle errors.

To better utilize all generated responses, includ-
ing those rejected by quality thresholds in RFT, we
propose Reward Informed Fine-Tuning (RIFT).
RIFT constitutes a simple and efficient extension
of standard SFT. In contrast to RFT, which dis-
cards low-scoring candidates via hard threshold-
ing, RIFT retains every sampled trajectory and
assigns it a scalar reward derived from a qual-
ity evaluation metric. The RIFT objective mod-
ifies the standard negative log-likelihood loss by
reweighting each sample’s contribution proportion-
ally to its assigned reward. This design ensures
that positive-reward samples encourage correct be-
haviors, whereas negative-reward samples provide
reduced or negative gradients.

Nevertheless, a naive integration of the re-
ward signal with the logarithmic probability term
presents a significant practical challenge. As we
will demonstrate in Section 3, directly multiply-
ing these components produces a loss function that
is unbounded from below, inevitably leading to
severe training collapse. To address this fundamen-
tal issue, we introduce a principled framework for
loss function formulation, which is designed to en-
sure guaranteed training stability and maintain opti-
mization efficiency. Figure 1 compares RIFT with
strong baselines (e.g., DPO (Rafailov et al., 2023),
DFT (Wu et al., 2025)) on Qwen2.5-Math-1.5B:
RIFT achieves comparable or superior accuracy at
substantially lower peak memory utilization.

Empirically, RIFT delivers consistent and sub-
stantial improvements across model scales and
alignment settings on mathematical reasoning
benchmarks. RIFT outperforms SFT, DFT (Wu
et al., 2025)), RFT (Yuan et al., 2023) and DPO
(Rafailov et al., 2023) in both in-distribution ac-
curacy and out-of-distribution generalization on
Qwen2.5-Math (1.5B/7B) (Yang et al., 2024b),
Qwen3-1.7B (Yang et al., 2025), and DeepSeek-R1-
Distill-Qwen-1.5B (DeepSeek-Al, 2025). Unlike
RFT (Yuan et al., 2023), which critically depends
on strong base models to generate high-quality roll-
outs, RIFT remains stable and effective even with
moderately capable models. In off-policy settings,
RIFT consistently surpasses DPO (Rafailov et al.,

2023) across models. Notably, RIFT eliminates the
need for a reference model, offering a simpler and
more resource-efficient alternative for alignment.

2 Related Works

LLM Post-training Supervised Fine-Tuning
(SFT) has become the standard post-training
paradigm for adapting pretrained models to specific
tasks using high-quality, labeled datasets (Zhang
et al., 2023a; Chung et al., 2024b). Although the
availability of high-quality instruction-following
datasets (Cobbe et al., 2021; Mishra et al., 2022;
Zhou et al., 2023a; Taori et al., 2023) has sig-
nificantly enhanced the efficacy of SFT, studies
(Dodge et al., 2020; Howard and Ruder, 2018;
Ouyang et al., 2022a) indicate that SFT often suf-
fers from overfitting and suboptimal generalization.

To mitigate the challenges of SFT data curation,
Reinforcement Learning (RL) has emerged as a
powerful alternative for post-training. Reinforce-
ment Learning from Human Feedback (RLHF)
(Ouyang et al., 2022a) and Reinforcement Learning
from Verifiable Reward (RLVR) (Guo et al., 2025;
Shao et al., 2024) are widely used to align mod-
els with human preferences and enhance reasoning,
supported by algorithms like DPO (Rafailov et al.,
2023), SimPO (Meng et al., 2024a), GRPO (Shao
et al., 2024), and DAPO (Yu et al., 2025). How-
ever, in contrast to SFT, RL-based training is often
more complex, necessitating intricate engineering
frameworks (Zheng et al., 2025).

Improving SFT Motivated by the success of RL
methods, a growing body of research aims to en-
hance SFT by integrating RL principles. RFT
(Yuan et al., 2023) utilizes self-generated trajecto-
ries filtered for correctness as training data. Other
approaches re-frame RL objectives within an SFT
framework, such as integrating importance sam-
pling (Qin and Springenberg, 2025) or adopting
PPO-style clipped surrogates (Zhu et al., 2025).
However, these methods typically require a refer-
ence model, imposing a procedural complexity that
aligns them more closely with RL paradigms than
the simplicity of conventional SFT.

In a parallel line of inquiry, other research fo-
cuses on directly modifying the SFT loss without
a reference model. For example, DFT (Wu et al.,
2025) rescales the SFT objective at each token by
its probability. Building on this, Li et al. (2025)
proposed a unified framework for designing loss ob-
jectives, demonstrating that DFT can be considered
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a special case within their formulation. Following
this direction, our proposed method, RIFT, refines
the loss function to enhance performance while
preserving the simplicity of standard SFT.

3 Methodology

In this section, we present the theoretical frame-
work and methodology of RIFT (Reward-Informed
Fine-Tuning), a generalization of SFT that explic-
itly leverages mixed-quality demonstrations, i.e.,
samples with both positive and negative trajectories.
An overview of the RIFT framework is depicted
in Figure 2. In particular, we address the core
challenge of leveraging negative-reward samples
without compromising training stability.

3.1 Preliminaries: Generalized
Signed-Weighted Objective

Standard SFT relies on Maximum Likelihood Es-
timation (MLE) over high-quality demonstrations,
effectively assigning uniform positive weight to
all training samples. However, when both positive
and negative feedback are available, it is natural to
extend MLE by weighting each sample proportion-
ally to its reward: positive rewards encourage like-
lihood increase, while negative rewards suppress
undesirable outputs. This leads to a generalized
signed-weighted objective.

Let D = {(z,y,r)} be a dataset where z de-
notes the input, y the response sampled from the
data distribution 7, ¢(-|z), and 7 : X x ) - Ra
scalar reward signal indicating the quality of the
response. We partition the response space into pos-
itive samples D+ = {(z,y) | r(z,y) > 0} and
negative samples D~ = {(z,y) | r(z,y) < 0}.
Definition 3.1 (Naive Signed-Weighted Loss). The
naive signed-weighted loss function L,jye for a pa-
rameterized policy 7y is defined as the expectation
of the reward-weighted log-likelihood:

['naive(a) = _E(:p,y,r)ND [T : 10g Wﬁ(y | .SU)] . (1)

The optimization dynamics of Eq. (1) are deter-
mined by the sign of 7:

* Positive Reinforcement (r» > 0): Minimizing
Lnaive is equivalent to maximizing log 7y (y|x),
aligning with the standard SFT objective to pro-
mote desirable responses.

* Negative Suppression (r < 0): Minimizing
Lnaive 1s equivalent to minimizing log 7y (y|x),
theoretically suppressing the generation of unde-
sirable responses.

3.2 Theoretical Analysis of Instability

While the naive formulation provides a unified view
of reinforcement and suppression, it is ill-posed for
negative weights due to the asymptotic behavior of
the logarithm function.

Theorem 3.2 (Gradient Explosion and Unbound-
edness). Consider a negative sample (z,y) € D~
with weight v < 0. The contribution to the gradi-
ent of the loss function L, 4. with respect to the
probability wy(y|z) is:

OLnaive _
O mo(ylz)

2

As the model successfully suppresses the negative
sample (i.e., mg(y|r) — 07T), the gradient magni-
tude approaches infinity:

a£naive

i
im g

7T9~)0+

3)

Furthermore, the objective function itself is un-
bounded from below, as lim,_,y+(—rlogp)
—oo forr < 0.

Theorem 3.2 reveals a fundamental optimiza-
tion pathology: the better the model performs at
suppressing a negative sample, the more unstable
the gradients become. In practice, this singularity
leads to numerical overflow and catastrophic for-
getting, where the optimizer focuses excessively on
driving infinitesimal probabilities to absolute zero,
destroying the feature representations learned from
positive data.

3.3 Reward Informed Fine-Tuning (RIFT)

Theorem 3.2 shows a key pathology: stronger sup-
pression of negative samples leads to increasingly
unstable gradients. To address the instability, RIFT
replace the logarithmic objective for negative sam-
ples with a bounded surrogate.

3.3.1 Linear Probability Approximation

Motivated by the first-order Taylor expansion of
the logarithm function. For a probability u € (0, 1],
the expansion around u = 1 is given by:

o)

logu = Z

n=1

ﬂ(u—l)"wu—l.

)

Although the linear surrogate v — 1 is not accurate
near v, = 0, we adopt it for its stable gradient: un-
like log u, its constant derivative avoids explosion
as u — 0, ensuring numerical stability while still
suppressing negative samples.
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Figure 2: A comparative overview of RFT and RIFT. Unlike RFT rejects negative samples and only trains on positive
ones, RIFT repurposes negative samples through a unified reward-informed loss. To ensure stable optimization, a
linear surrogate is applied to negative samples to prevent loss collapse.

3.3.2 The RIFT Objective

RIFT decouples positive and negative samples: it
retains the log objective for positives (preserving
MLE signal) and uses a linear objective for nega-
tives (ensuring stable gradients).

Definition 3.3 (RIFT Loss). Let D™ and D~ be

the disjoint sets of positive and negative samples.
The RIFT loss function is defined as:

Lrirr(0) := — E(zy)p+ [r(z,y) -log mo(y | z)]

- E(m,y)wD* [T(%,y) ) ﬂ@(y ‘ $)] :

%)

For y € DT, we have r(z,y) > 0; thus, min-

imizing Eq. (5) increases mg(y | x), thereby en-

hancing positive samples. In the second term, since

r(z,y) < 0 for samples in D, the term —7(z, y)

is positive. Thus, minimizing Eq. (5) requires min-

imizing my(y|x), effectively suppressing the nega-
tive samples.

Theorem 3.4 (Stability and Properties of RIFT).

The RIFT formulation satisfies the following theo-

retical properties:

(i) Boundedness: Since g € |0, 1], the loss con-
tribution from any negative sample is bounded
in [r, 0], preventing the divergence to —oo.

(ii) Reward Lower-Bound Maximization: Let
J(0) = Eyn,[r(z,y)] denote the expected
reward. Optimizing Lgripr can be viewed as
maximizing a surrogate lower bound of J (6).

By replacing the unbounded logarithmic penalty
with a bounded linear penalty, RIFT provides stable
incorporation of negative samples, ensuring that the
suppression of undesirable content does not com-
promise the stability of the fine-tuning process.

4 Experiments

4.1 Experiment Details

Base Models and Off-Policy Data Construction
We evaluate RIFT against four established base-
lines. We first include supervised and rejection-
sampling-based methods: SFT, DFT (Wu et al.,
2025), and RFT (Yuan et al., 2023). Furthermore,
as models can benefit from contrasting correct
and incorrect outcomes, we also compare against
DPO (Rafailov et al., 2023), a representative off-
policy RL method. Experiments are conducted on
Qwen2.5-Math (1.5B, 7B) (Yang et al., 2024b),
Qwen3-1.7B (Yang et al., 2025), and DeepSeek-
R1-Distill-Qwen-1.5B (DeepSeek-Al, 2025), with
the Qwen3 variant evaluated in non-thinking mode.

#Pos. #Neg.
Model #Num. # Total (r>0) (t<0) % Pos.
Source: MATH Dataset
Qwen-2.5-Math-1.5B 3,000 24,000 15941 8,059 66.4%
Qwen-2.5-Math-7B 3,000 24,000 16,933 7,067  70.6%
Qwen-3-1.7B 3,000 24,000 20,386 3,614 84.9%
Source: NuminaMath Dataset
Qwen-2.5-Math-1.5B 4,000 32,000 11,235 20,765 35.1%
Qwen-2.5-Math-7B 4,000 32,000 10,581 21,419 33.1%
Qwen-3-1.7B 4,000 32,000 20,352 11,648 63.6%

Table 1: Training data statistics across models and
datasets, including counts of positive and negative sam-
ples and the positive sample ratio.

To construct off-policy training data, we curate
two buffers from 3,000 randomly sampled MATH
(Hendrycks et al., 2021b) and 4,000 NuminaMath
(LI etal., 2024) problems. For each problem, the
base model generates 8 candidate responses, each
assigned a reward based on final-answer correct-
ness: positive reward for correct responses and
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Model Method GSMS8K MATH Minerva Olympiad AIME24 AMC23 College Avg.
Post-Train on MATH Dataset
Base 42.6 35.6 9.7 226 7.1 319 8.2 225
TSETT T T T370 T T 429 T T 793 T T T 160 "~ 733 7772197 T T[99 T T T3
DFT 76.8 53.9 15.6 19.1 42 25.6 36.4 33.1
Qwen-2.5-Math-1.5B  RFT 48.8 372 135 225 8.8 33.4 15.2 25.6
DPO 61.8 50.3 113 26.7 7.1 412 18.6 31.0
RIFT 72.6 59.6 15.8 28.8 7.1 41.9 333 37.0 (+11.4)
Base 54.8 50.3 122 16.4 12.1 36.9 20.5 29.0
TSFTT T T T 670 T 489 T 108 T T T 166 T T T 29T T T 236 T 2697 T T T84T T
DFT 83.3 58.5 16.9 20.9 46 33.8 35.2 36.2
Qwen-2.5-Math-7B RFT 79.3 72.1 213 35.7 112 59.1 42.0 458
DPO 62.0 61.7 26.3 313 16.2 50.3 36.8 40.7
RIFT 84.6 74.0 25.4 36.1 17.9 58.8 438  48.7 (+2.9)
Base 77.0 423 19.1 13.4 1.2 225 30.8 295
SFT 80.0 50.1 225 17.7 1.2 28.4 33.8 33.4
DFT 84.4 57.0 277 21.7 42 312 36.3 375
~ Q:lv:?“l'g'l'm e RET 87.0 673 30.1 275 5.0 39.1 411 42.4
on-thinking mode)  npg 86.6 66.0 26.1 26.5 6.7 43.4 35.7 41.6
RIFT 87.3 69.3 327 29.7 7.9 41.6 415 443 (+1.9)
Post-Train on NuminaMath Dataset
Base 2.6 35.6 9.7 226 7.1 31.9 8.2 225
"SFT 675 ~ 514 T 11.8 T 185 © T 7 507 © T 7294 T 309 T T 306
DFT 77.4 57.8 173 25.2 6.7 31.2 34.2 35.7
Qwen-2.5-Math-1.5B  RFT 69.7 62.1 152 28.6 5.2 378 327 359
DPO 735 61.9 15.8 27.6 3.3 377 31.1 35.8
RIFT 75.2 62.4 18.1 278 7.1 40.0 33.5 377 (+1.4)
Base 54.8 50.3 122 16.4 12.1 36.9 20.5 29.0
TSFTT T T LI T T 609 T T 218 T T T 329 T T T 927 T T T@BAT T TIOT T T395 7 T
DFT 87.0 70.6 26.1 34.7 75 447 37.9 44.1
Qwen-2.5-Math-7B RFT 83.3 69.8 21.3 31.3 11.2 58.8 42.0 454
DPO 84.5 71.4 272 329 162 56.1 38.4 46.7
RIFT 86.3 74.7 28.9 34.1 17.1 62.2 386  48.8 (+3.4)
Base 77.0 423 19.1 13.4 1.2 225 30.8 29.5
CSETT T T T R47 T 622 T T 229 T T T A3 T T T 25T T T T3IRT T T3IT T T 7384 T
DFT 87.6 69.9 30.5 283 3.3 425 36.2 42.6
™~ Qtvlvl‘f“lf?'l'm e RET 86.4 62.3 255 243 33 36.6 34.6 39.0
on-thinking mode)  1ypg 86.8 66.7 277 263 6.7 40.8 36.0 416
RIFT 88.2 69.2 28.2 287 33 46.6 363 429 (+3.9)

Table 2: Mean@8 accuracy (%) on 7 mathematical benchmarks. Best results are in bold. (+) indicates the absolute

improvement of RIFT compared to RFT.

negative for incorrect ones. Following findings in
MGPO (Xu et al., 2025), we set larger magnitude
reward (41.0) for positive responses than for nega-
tive ones (—0.2) to emphasize successful reasoning
traces. We analyze sensitivity to the negative re-
ward in Section 5.1. The final buffers consist of
(z,y, ) triplets, with statistics in Table 1. Regard-
ing learning strategies: SFT and DFT train on the
seed problems with their ground-truth solutions;
RFT uses only positive-reward responses, discard-
ing all negative ones; DPO forms preference pairs
by comparing model responses to ground-truth so-
lutions, preferring the response when correct and
the ground truth otherwise; In contrast, RIFT lever-
ages the full training buffer, requiring neither data
filtering nor explicit preference pairing.

Implementation Details and Hyperparameter
Settings We implement baselines using the built-
in recipes of the MS-Swift (Zhao et al., 2024)
framework, while RIFT is implemented via TRL
(von Werra et al., 2020). Unless otherwise speci-

fied, we adopt the default configurations provided
by MS-Swift. For candidate response generation,
we sample 8 candidates per problem with a tem-
perature of 0.7 and a maximum sequence length of
4,096. During inference, all models maintain these
settings with a top-p of 0.8 and a fixed random
seed (0) for reproducibility. Optimization is car-
ried out using the AdamW (Loshchilov and Hutter,
2019) optimizer coupled with a cosine learning rate
scheduler featuring a 5% warmup phase. The learn-
ing rate is set to 1 x 10~° for SFT and RFT, and a
more conservative 2 x 10~ for RIFT and DPO to
ensure stability during preference-based updates;
All experiments are conducted with a global batch
size of 64 over three epochs.

Evaluation Benchmarks and Metrics Follow-
ing prior studies, we adopt mathematical tasks as
our primary testbed. Specifically, we evaluate on
seven math benchmarks: GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021b), Minerva
Math (Lewkowycz et al., 2022), Olympiad Bench
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Model Method GSMS8K MATH Minerva Olympiad AIME24 AMC23 College Avg.
Post-Train on Math Dataset
Base 88.0 75.1 32.0 46.5 23.3 67.5 30.1 51.8
CSFT™ ~ 7 T 936 ~ 805 © T 29.0 ° 437 T 167 T 7600 T 490 T 5327
DFT 94.5 76.7 38.2 43.0 20.0 55.0 52.4 54.3
Qwen-2.5-Math-1.5B  RFT 87.0 67.3 30.1 27.5 5.0 39.1 41.1 424
DPO 92.9 83.2 33.8 48.7 33.3 72.5 454 58.5
RIFT 93.9 85.9 37.1 51.7 30.0 80.0 51.9 61.5 (+19.1)
Base 92.1 83.6 36.4 42.5 30.0 70.0 48.2 50.7
TSFTT © 7 T 958 T 7 82.8 T 7 7335 7 T 7 430 T 167 T 7 76237 T 74960 T 5487 7
DFT 92.3 72.6 33.1 39.1 13.3 60.0 473 51.1
Qwen-2.5-Math-7B RFT 95.5 90.2 46.7 58.1 33.3 85.0 54.2 66.1
DPO 94.6 88.9 52.2 56.1 33.3 82.5 55.1 66.1
RIFT 96.4 90.1 49.6 59.3 36.7 85.0 55.5 67.5 (+1.4)
Base 90.6 67.1 34.9 31.4 10.0 45.0 41.9 45.8
CSFTT T T 927 T A T T 7382 7 7 T 364 0 100 T T 4757 T 4487 0 7 491
Qwen-3-1.7B DFT 94.4 80.2 43.8 41.8 13.3 55.0 47.5 53.7
(Non-thinking mode) RFT 94.3 84.6 423 40.0 20.0 60.0 48.2 55.6
DPO 94.7 82.6 39.3 41.6 26.7 70.0 41.2 56.7
RIFT 94.8 85.6 45.6 45.8 20.0 65.0 48.4 57.9 (+2.3)
Post-Train on NuminaMath Dataset
Base 88.0 75.1 32.0 46.5 23.3 67.5 30.1 51.8
"SFT 940 ~ 828 368 453 167 700~ 5427 0 75117 7
DFT 93.3 85.3 40.1 50.4 16.7 62.5 52.0 57.2
Qwen-2.5-Math-1.5B RFT 93.6 86.1 38.2 52.4 23.3 75.0 454 59.1
DPO 93.6 85.9 39.3 51.7 23.3 71.5 46.1 59.6
RIFT 94.2 86.4 41.9 49.5 26.7 80.0 45.8 60.6 (+1.5)
Base 92.1 83.6 36.4 42.5 30.0 70.0 48.2 50.7
TSFT™ 7 7 T 96,0 © 895 T 452 T 60.3 ~ T 233 "800 564 7 644
DFT 91.7 81.8 37.5 48.7 16.7 62.5 42.7 54.5
Qwen-2.5-Math-7B RFT 95.5 90.1 49.6 56.1 33.3 82.5 51.9 65.6
DPO 95.8 90.2 52.2 58.1 36.7 85.0 54.2 67.5
RIFT 96.3 90.6 53.3 58.4 43.3 87.5 48.3 68.2 (+2.6)
Base 90.6 67.1 34.9 314 10.0 45.0 41.9 45.8
TSFTT T 7 T 935 T 7 813 7 349 T 7 T 412 7 T 100 T T 6757 T 4087 T 5270 T
Qwen-3-1.7B DFT 93.4 81.6 39.3 43.4 16.7 67.5 41.0 54.7
(Non-thinking mode) RFT 94.8 81.3 38.6 41.0 13.3 62.5 40.7 53.2
DPO 94.1 81.6 38.6 41.6 13.3 62.5 41.2 53.3
RIFT 94.9 85.6 42.6 43.1 13.3 70.0 41.8 55.9 (+2.7)

Table 3: Pass@8 accuracy (%) on 7 mathematical benchmarks. Best results are in bold. (+) indicates the absolute

improvement of RIFT compared to RFT.

(Huang et al., 2024b), AIME 2024 (Mathematical
Association of America, 2024), AMC 2023 (Math-
ematical Association of America, 2023), and Col-
lege Math (Hendrycks et al., 2021a). We use the
standardized Qwen2.5-Math-Eval pipeline (Yang
et al., 2024a) and report Mean@8 and Pass@8.

4.2 Main Results

Mean @8 Performance Table 2 reports Mean @8
accuracy across seven mathematical reasoning
benchmarks. RIFT consistently achieves the high-
est average performance in all settings, surpassing
SFT, DFT, RFT, and DPO without requiring ex-
plicit preference pairs or data filtering. Our analysis
yields the following findings:

(1) SFT and DFT: limited OOD generaliza-
tion. Trained solely on MATH, SFT and DFT un-
derperform the base model on harder OOD tasks
(e.g., DFT: 19.1 vs. 22.6 on Olympiad; 4.6 vs. 12.1
on AIME24), but recover with NuminaMath whose
distribution better aligns with the benchmarks. In

contrast, by leveraging mixed-reward responses,
RIFT consistently outperforms the base across all
benchmarks, even under MATH-only training.

(2) RFT scales with model capacity. On Qwen-
Math-1.5B, RFT underperforms DPO (25.6 vs.
31.0), but surpasses it on Qwen-Math-7B (45.8
vs. 40.7), indicating that RFT requires sufficient
high-quality positive samples for self-improvement.
However, RIFT stabilizes the refinement process
even when self-generation quality is moderate.

Model #Num. # Mixed-Reward Num. % Mixed
Source: MATH Dataset
Qwen-2.5-Math-1.5B 3,000 2,541 84.7%
Qwen-2.5-Math-7B 3,000 1,947 64.9%
Qwen-3-1.7B 3,000 971 32.4%
Source: NuminaMATH Dataset
Qwen-2.5-Math-1.5B 4,000 2,060 51.5%
Qwen-2.5-Math-7B 4,000 2,305 57.6%
Qwen-3-1.7B 4,000 3,462 86.6%

Table 4: Fraction of problems with mixed correct and
incorrect responses (out of 8) per model and dataset.
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Model Method GSMS8K MATH Minerva Olympiad AIME24 AMC23 College Avg.
Base 80.5 70.4 19.5 30.2 12.9 47.5 39.6 43.0
CSFTT T T 505 7 382 T 1087 T 97 04 T T 144 7 T 252 0 7 213
DeepSeek-R1-Distill-Qwen-1.5B  DFT 76.3 70.6 23.5 30.1 13.3 425 37.8 42.0
(Mean@8) RFT 63.6 63.5 14.7 274 13.8 48.1 339 379
DPO 80.9 69.2 16.9 28.8 14.6 50.3 39.2 42.8
RIFT 82.1 71.1 223 30.3 133 48.8 40.1 44.0 (+6.1)
Base 95.1 89.8 36.4 40.9 333 70.0 50.2 59.4
CSFTT T T B850 712 7 73120 7 3100 733 0 7 7525 T 4601 T T 458
DeepSeek-R1-Distill-Qwen-1.5B  DFT 93.8 89.4 43.4 50.7 30.0 71.5 48.2 61.9
(Pass@8) RFT 92.6 89.2 312 47.9 30.0 75.0 50.0 59.4
DPO 94.9 89.1 327 47.0 30.0 71.5 49.5 60.1
RIFT 95.2 89.9 40.4 50.7 333 82.5 50.3 63.2 (+3.8)

Table 5: Mean@8 and Pass@8 accuracy (%) on 7 mathematical benchmarks for DeepSeek-R1-Qwen-1.5B model.
Best results are in bold. (+) indicates the absolute improvement of RIFT compared to RFT.

Reward Method GSMSK MATH Minerva Olympiad AIME24 AMC23 College Avg.
Group Normalization Reward
GPG-Mean 68.8+£0.76 57.0+049 148£1.07 27.7+£2.02 10.0+2.69 433+425 254+029 353+1.65
GPG-Scaled 702 £0.67 5754022 1554+0.19 28.6+0.53 10.0+2.69 43.8+7.07 264+091 36.0+£1.75
Gaussian Norm 69.4+046 578+021 1654236 286+0.62 10.0+2.69 483+514 254+0.66 36.6+1.73
Constant Negative Reward
Trneg = —0.2 73.2+029 59.6+022 185+1.14 288+0.70 11.1+1.91 433+2.89 27.6+0.29 37.5+1.06
Tneg = —0.5 720+ 096 588+091 124+£152 282+131 100+3.30 46.7+229 29.6+040 36.8+1.53
Tneg = —0.8 728 £1.00 5944076 17.6+1.15 273+1.06 10.0+3.82 450+290 28.6+0.38 37.2+1.58

Table 6: Performance comparison of reward methods across 7 mathematical reasoning benchmarks. Mean score (+
standard deviation) over three runs is reported. Best results are bolded.

(3) DPO exhibits greater robustness. DPO
achieves consistent improvements over the base
model via pairwise preference learning (e.g. +8.5
on Qwen2.5-1.5B, +11.7 on Qwen2.5-7B, +8.0 on
Qwen3-1.7B, trained on MATH), but its advantage
over RFT diminishes with stronger base models.
RIFT, in contrast, dominates across all scales by
explicitly modeling reward signals, proving more
effective than pair preference alignment alone.

(4) Mixed-reward responses drive RIFT gains.
As Table 4 shows, on MATH the mixed-reward rate
(rollouts with both correct and incorrect responses)
drops with model scale (84.7% to 32.4%), and the
gain of RIFT over RFT declines accordingly (+11.4
to +1.9). On NuminaMath, however, larger models
yield higher mixed-reward rates (86.6% for Qwen3-
1.7B) and the largest RIFT gains (+3.9), confirming
that RIFT benefits most when correct and incorrect
responses coexist.

Pass@8 Performance Table 3 reports Pass@8
(probability of more than 1 correct solution in 8
generations). RIFT consistently achieves the high-
est and most stable Pass@8 across all settings. (1)
RFT prioritizes correctness at the cost of so-
lution diversity. While RFT achieves competi-
tive Mean @3, its Pass @8 consistently lags behind
DPO, as RFT relies solely on correct rollouts, yield-
ing high-quality but low-diversity solutions. In con-
trast, DPO achieves higher Pass @8 by contrasting

correct and incorrect outcomes, forcing the model
to explore a wider strategy space. (2) RIFT out-
performs implicit pairwise comparisons. RIFT
further surpasses DPO in Pass@8 (+3.0 on Qwen-
2.5-Math-1.5B, +1.4 on Qwen-2.5-Math-7B, and
+1.2 on Qwen-3 1.7B), showing that the explicit
use of the reward signal enables more effective
exploration than implicit pairwise comparison.

4.3 Extending to Reasoner Model
To evaluate RIFT on models with intrinsic rea-
soning, we adopt DeepSeek-R1-Distill-Qwen-
1.5B (DeepSeek-Al, 2025), a distilled reasoner
that generates explicit reflective traces, unlike non-
thinking models that depend on prompt-based
thinking. Given the extended reasoning traces,
we set the maximum length of self-generated re-
sponses to 8,192. As Table 5 shows, this setting
reveals key alignment failures in baseline methods.
(1) SFT breaks the built-in reasoning. SFT
on MATH severely degrades performance (21.3 vs.
Base 43.0), indicating direct SFT on non-reflective
data actively degrades the inherent capacity for
step-by-step thinking of the reasoner model. (2)
RFT and DPO only approach base performance.
While RFT recovers Pass@8 (59.4), reaching lev-
els comparable to the base model, it simultaneously
degrades the Mean@8 (37.9 vs. Base 43.0). DPO,
in contrast, maintains a comparable Mean @8 while
achieving slightly higher Pass@8. (3) RIFT deliv-
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Method Qwen-2.5-Math-1.5B DeepSeek-R1-Distill-Qwen-1.5B Qwen3-1.7B
Peak Memory usage (GB) | Acc (%) T Peak Memory usage (GB) |  Acc (%) 1  Peak Memory usage (GB) |  Acc (%) 1
SFT 17.95 24.3 15.59 21.3 19.40 334
DFT 26.90 33.1 21.57 42.0 21.04 375
RFT 18.12 25.6 18.15 379 19.47 42.4
DPO 43.31 31.0 43.36 42.8 41.24 41.6
"RIFT 20.10(+1.98) ~ 370 (+11.4) 2228 (+4.13) 440 (+61) 22.00 (+2.53) 443 (+1.9)

Table 7: Computational efficiency and performance trade-off. Accuracy (Acc) represents the mean@8§ score
averaged across 7 mathematical benchmarks. (+) and (+) indicate the absolute improvement in Acc and the absolute
increase in peak computational memory of RIFT compared to RFT.

ers robust gains. RIFT achieves the highest perfor-
mance across all metrics: 44.0 Mean@8 (+1.0 over
Base) and 63.2 Pass@8 (+3.8 over Base), repre-
senting the largest absolute improvement observed
among all tested methods. Notably, RIFT signifi-
cantly outperforms strong baselines like DPO by
+1.2 in Mean@8 and +3.1 in Pass@8.

4.4 Generalization to General Preference
Alignment

While RIFT is primarily motivated by tasks with
verifiable rewards (e.g., mathematical reasoning),
we further evaluate its generalizability on broader
preference alignment. We fine-tune the Llama3.2-
3B(Grattafiori et al., 2024) model on the Ultra-
Feedback (Cui et al., 2024) dataset and compare
RIFT against the standard DPO baseline across
three diverse benchmarks: IFEval(Zhou et al.,
2023b), TruthfulQA(Lin et al., 2022), and Hel-
laSwag(Zellers et al., 2019).

As shown in Table 8, RIFT consistently outper-
forms DPO across all three benchmarks, demon-
strating its effectiveness beyond verifiable reward
tasks. Notably, RIFT achieves the improvement
with approximately 50% less GPU memory usage
than DPO. We observe that the performance gains
on RLHF tasks are more modest compared to math-
ematical reasoning. We attribute this to the inher-
ent noise in preference datasets (e.g., annotator
bias, model-generated preferences), which provide
less clean supervision signals than the determinis-
tic rewards available in math tasks. Nevertheless,
RIFT’s consistent improvements confirm its robust-
ness even under noisy feedback conditions.

Llama-3.2-3B  IFEval TruthfulQA Hellaswag  Avg.
Base 12.23 19.42 52.32 27.99
DPO 18.34 22.12 53.74 31.40
RIFT 18.63 24.94 55.89 33.15

Table 8: Zero-shot evaluation on general preference
alignment tasks. RIFT outperforms DPO while using
~50% less memory.

5 In-depth Analysis

5.1 Reward Strategy and Robustness Analysis

To assess how the reward design impacts the effec-
tiveness of RIFT, we compare two distinct classes
of reward strategies: (1) constant negative rewards
(rneg € {—0.2,—0.5,—0.8}) and (2) group-wise
normalization, which rescales rewards per problem
based on its self-generated response set. We eval-
uate three normalization variants, 7 represents the
reward r after normalization:

* Gaussian Normalization: Standardizes rewards
within each problem’s solution group:

P=(r—mp/o (©)
where p and o are the mean and standard devia-
tion of rewards for that problem.

* GPG Normalization (Mean-Centered): Adapts
the advantage formulation of GPG (Chu et al.,
2025b):

f=a-(r—p), a=NT/N, @)

N7 and N denote the numbers of correct and
total responses in each group. The scaling factor
« acts as an adaptive gain controller, amplify-
ing the learning signal for problems with higher
success rates.

* GPG Normalization (Raw-Scaled): Preserves
the original reward sign and relative magnitude:

a=NT/N. ®)

Table 6 evaluates different reward mechanisms:
(1) Constant negative reward outperforms dy-
namic normalization. Surprisingly, simple con-
stant negative rewards consistently surpass group
normalization methods, suggesting absolute reward
can be more effective than relative intra-group re-
wards. (2) RIFT is remarkably robust to neg-
ative reward magnitude. Average performance
remain stable within the [—0.2, —0.8] range, indi-
cating a consistent rejection signal enables stable
and superior performance over RFT.

r=aq-r,
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Model Method GSMSK MATH Minerva Olympiad AIME24 AMC23 College Avg.
Post-Train on MATH Dataset
Base 42.6 35.6 9.7 22.6 7.1 31.9 8.2 225
TSFT T T 75707 T 74297 T 793 T T 7161 T T 33 T T 219 T T 199 T 243 T
DFT 76.8 53.9 15.6 19.1 42 25.6 36.4 33.1
Qwen-2.5-Math-1.5B RFT 48.8 372 13.5 22.5 8.8 334 152 25.6
(Mean@8) DPO 61.8 50.3 11.3 26.7 7.1 412 18.6 31.0
SimPO 65.8 50.0 18.0 18.4 5.8 20.6 35.0 30.5
KTO 69.9 58.5 17.2 28.3 8.8 40.9 26.9 35.8
" RIFT 726 596 158 288 71 419 333 370
Base 88.0 75.1 32.0 46.5 23.3 67.5 30.1 51.8
" SFT 936 T 805 T 290 T T T437° T T 167 T T 600 T T 4.0 — 332
DFT 94.5 76.7 38.2 43.0 20.0 55.0 524 543
Qwen-2.5-Math-1.5B RFT 87.0 67.3 30.1 27.5 5.0 39.1 41.1 424
(Pass@8) DPO 92.9 83.2 33.8 48.7 33.3 72.5 454 58.5
SimPO 94.5 81.8 40.8 45.6 16.7 62.5 55.5 56.8
KTO 93.5 82.1 44.9 50.2 30.0 71.5 42.8 60.1
RIFT 93.9 85.9 37.1 51.7 30.0 80.0 51.9 61.5

Table 9: Comparison with SimPO and KTO on Qwen2.5-Math-1.5B. Results show Mean@8 and Pass@8 accuracy

(%) across 7 mathematical benchmarks.

Qwen-2.5-Math-1.5B SFT DFT RFT DPO SimPO KTO RIFT
Peak Memory usage (GB) | 17.95 26.90 18.12 43.31 21.40 42.93 20.10
Average Accuracy (%) 1 24.30 33.10 25.60 31.00 30.50 35.80 37.00

Table 10: Efficiency and performance trade-off against SimPO and KTO on Qwen2.5-Math-1.5B. Results show
peak GPU memory usage and average mathematical reasoning accuracy.

5.2 Computational Efficiency

We evaluate the computational efficiency of RIFT
by measuring peak computational memory usage
during training alongside average accuracy across
seven benchmarks. As demonstrated in Table 7,
RIFT maintains a highly favorable performance-
efficiency trade-off across all backbones. Specifi-
cally, while DPO incurs substantial memory over-
head (exceeding 41 GB) due to the necessity of
loading a reference model, RIFT requires only 20.1
to 22.3 GB. This represents nearly a 50% reduction
in peak VRAM usage compared to DPO, while
consistently yielding higher accuracy (e.g., 44.3%
vs. 41.6% on Qwen3-1.7B). Furthermore, the com-
putational cost of RIFT is comparable to that of
SFT and RFT, introducing only marginal overhead.

5.3 Comparison with Efficient Alignment
Baselines

To further evaluate the efficiency and effective-
ness of RIFT, we extend our comparison to include
recent reference-free and low-memory alignment
methods, specifically SimPO (Meng et al., 2024b)
and KTO (Ethayarajh et al., 2024). We conduct ex-
periments using the Qwen2.5-Math-1.5B model to
assess both performance gains and computational
overhead. As illustrated in Table 9 and 10, RIFT
achieves a superior trade-off between mathemati-

cal reasoning performance and computational over-
head. Although SimPO achieves memory savings
similar to RIFT by removing the reference model,
its performance gains over DPO are marginal, trail-
ing RIFT by 6.5 points. Similarly, while KTO
shows a notable improvement over DPO (+4.8
points), it still lags behind RIFT by 1.2 points. Cru-
cially, unlike KTO which maintains a high memory
usage, RIFT delivers superior performance with
significantly higher resource efficiency.

6 Conclusion

We propose RIFT, a simple yet effective post-
training framework that leverages the full distri-
bution of self-generated samples. Unlike RFT,
which discards valuable negative samples via hard
thresholding, RIFT leverages both high- and low-
reward trajectories. To ensure optimization sta-
bility, we introduce a principled loss formulation
that effectively prevents training collapse during re-
ward integration. Extensive evaluation across seven
mathematical reasoning benchmarks shows that
RIFT consistently outperforms established base-
lines. This demonstrates that explicitly learning
from mixed-quality data allows models to better
internalize correct reasoning and failure modes. As
a robust and data-efficient alignment method, RIFT
enables scalable self-improvement without reliance
on extensive expert-labeled data.
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Limitations

While RIFT demonstrates substantial gains in data
efficiency and performance, several limitations re-
main for further refinement.

First, as a reward-informed framework, RIFT is
designed to effectively bridge the gap between re-
ward signals and policy optimization. While it max-
imizes the utility of self-generated feedback, the
performance upper-bound is naturally influenced
by the discriminative power of the reward source.
This is a shared challenge across all reward-driven
alignment methodologies. Our results show that
RIFT is robust to mixed-quality data, and exploring
uncertainty-aware reward weighting to further miti-
gate potential feedback noise remains a compelling
direction.

Second, our evaluation primarily focuses on ver-
ifiable reasoning tasks characterized by objective
success criteria and deterministic outcomes. Al-
though mathematical benchmarks provide a high-
fidelity environment to validate the core mechanics
of RIFT, extending this framework to subjective or
open-ended generative domains remains an open
challenge. In such contexts, where correctness is
harder to define, and the rewards are more difficult
to measure, which might require a more complex
reward setup.

Finally, RIFT currently treats each sample as a
single unit. In complex, multi-step problems, a
model might fail just because of one small mistake
in a long, mostly correct path. At the moment, we
do not look inside the steps to find these almost
correct parts. Future versions of RIFT could use
step-by-step rewards to learn from these partial
successes, which could help the model improve
even faster.

Regarding safety and ethical considerations,
while the base models may occasionally generate
reasoning errors, the practical risk is minimal as
all model outputs are utilized strictly as internal
training signals rather than for real-world deploy-
ment. Furthermore, all evaluations are conducted
on standard mathematical benchmarks using ob-
jective metrics, ensuring a controlled experimental
environment. In terms of manuscript preparation,
an Al assistant is employed to enhance the linguis-
tic clarity. However, all Al-generated suggestions
are carefully reviewed and refined by the authors,
ensuring that the final manuscript accurately re-
flects our own judgment and contains no harmful
or misleading content.
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A Extended Analysis and Empirical
Explorations

In this section, we provide additional empirical
evidence and in-depth analyses to further elucidate
the behavior of RIFT. Specifically, we investigate
how the scale of self-generated data influences the
alignment performance and examine the underlying
dynamics of policy convergence facilitated by our
framework.

A.1 Ablation Study on the Number of
Self-Generated Responses

To evaluate how the quantity of self-generated data
affects the alignment performance of RIFT, we con-
duct an ablation study by varying the number of
sampled responses per problem (K). While the
main experiments utilize KX = 8, we investigate
the performance across K € {2,4,8,16}, using
Qwen-2.5-Math-1.5B trained on MATH. All other
hyperparameters remain consistent with the main
training setup.

As shown in Table 11, increasing K from 2 to §
consistently improves both Mean@3 (+8.2 points)
and Pass @3 (+6.4 points), with K = 8 achieving
the highest scores across nearly all benchmarks.
However, further increasing K to 16 leads to a no-
ticeable drop particularly in Pass@3 (—3.0 points),
suggesting that more samples do not always trans-
late to better alignment.

The performance trend is intriguing because the
underlying data statistics, reported in Tables 12 and
13, show little variation across K: the proportion of
positive responses remains stable at around 66.4%,
and the fraction of problems with mixed reward
signals plateaus near 85% for K > 4. In other
words, simply generating more responses does not
significantly alter the overall composition of the
training data.

The resolution lies in the quality of exploration,
not just its quantity. While the aggregate statis-
tics appear similar, larger K enables richer cover-
age of the solution space to capture a wider vari-
ety of reasoning patterns, including subtle failure
modes. At K = 8§, this diversity is sufficient for
RIFT to learn robust distinctions between correct
and flawed reasoning, without overwhelming the
model with redundant or low-signal trajectories. By
contrast, K = 16 introduces diminishing returns:
the marginal gain in mixed-reward problems (from
84.7% to 92.3%) comes at the cost of increased
noise, which disproportionately harms the reliabil-

14411

13


https://doi.org/10.48550/ARXIV.2308.10792
https://doi.org/10.48550/ARXIV.2308.10792
https://arxiv.org/abs/2408.05517
https://arxiv.org/abs/2408.05517

Model Num. X GSMS8K MATH Minerva Olympiad AIME24 AMC23 College Avg.
Base 41.6 352 9.3 22.4 10.0 325 8.3 22.8

2 577 464 113 251 111 392 142 293
Qwen-2.5-Math-1.5B 4 62.0 50.2 13.5 27.1 7.8 41.7 18.8 31.6
(Mean@3) 8 73.2 59.6 18.5 28.8 11.1 43.3 27.6 37.5
16 71.9 59.2 19.4 28.5 5.6 39.2 28.1 36.0
Base 69.0 58.1 13.5 37.2 20.0 52.5 17.8 383

2 81.3 694 235 376 267 600 262 464
Qwen-2.5-Math-1.5B 4 83.2 71.4 27.6 41.5 20.0 62.5 31.1 48.2
(Pass@3) 8 88.6 77.3 335 41.9 20.0 70.0 38.6 52.8
16 88.6 76.6 32.0 41.2 13.3 57.5 38.3 49.8

Table 11: Ablation study on the number of self-generated responses per problem K in RIFT training for Qwen-
2.5-Math-1.5B. For each K € {2,4,8,16}, we sample K responses per problem from the base model. We report
Mean@3 and Pass@3 accuracy (%) across 7 mathematical benchmarks.

ity of top predictions, as reflected in the sharper
decline of Pass@3.

# Pos. # Neg.

K #Num. # Total (r>0) (r<0) % Pos.
2 3,000 6,000 3,992 2,008 66.5%
4 3,000 12,000 7,964 4,036 66.4%
8 3,000 24,000 15,941 8,059 66.4%
16 3,000 48,000 31,943 16,057  66.5%

Table 12: Statistics of self-generated rollouts for
3,000 problems from the MATH dataset, sampled us-
ing the Qwen-2.5-Math-1.5B base model with K €
{2,4,8,16} responses per problem.

As shown in Table 12, the overall proportion
of positive samples (% Pos.) remains remarkably
consistent at approximately 66.5% as K increases
from 2 to 16. More importantly, Table 13 shows
that the percentage of problems with mixed-reward
responses (containing both positive and negative
outcomes) scales with K, rising from 78.5% to
92.3%. This trend demonstrates that a larger K
effectively augments intra-problem diversity.

K  #Num. # Mixed-Reward Num. % Mixed
2 3,000 2,356 78.5%
4 3,000 2,548 84.9%
8 3,000 2,541 84.7%
16 3,000 2,768 92.3%

Table 13: Proportion of problems containing both
positive- and negative-reward responses in their K self-
generated responses.

The performance drop when increasing from
K = 8to K = 16 may stem from overfitting
to noisy negative patterns in the limited MATH
dataset. With more self-generated samples, the
model encounters repeated or low-quality nega-
tives, potentially leading to spurious correlations.

This is consistent with observations in rejection
sampling, where excessive sampling can degrade
performance.

A.2 Exploration Study: RIFT Drives Policy
Convergence

To further evaluate whether RIFT serves as a modu-
lar enhancement or constitutes an indispensable
component in the traiing pipeline, we conduct
a comparison study using Qwen-2.5-Math-1.5B
trained on MATH, under three distinct protocols:
(i) SFT followed by RIFT, (ii) DFT followed by
RIFT, and (iii) Iterative RIFT (RIFT followed by
RIFT). In each setting, the previously trained SFT,
DFT, or RIFT models serves as the base policy to
generate a new corpus of self-generated responses.
These responses are then utilized to perform a sub-
sequent round of RIFT training. The central hy-
pothesis is that if RIFT functions as a plug-and-play
refiner, performance should vary with initialization
quality; conversely, if RIFT itself drives capability
gains, final performance should converge across
initialization strategies.

As shown in Table 14, the results support the
hypothesis that RIFT itself drives capability gains.
Across all previously trained models, applying a
second round of RIFT yields consistent improve-
ments in Mean@3, outperforming their single-
round counterparts: notable gains of +11.5 (SFT),
+5.6 (DFT), and +1.2 (RIFT), even when starting
from a strong RIFT-initialized policy. Gains dimin-
ish as the base policy strengthens, indicating con-
vergence toward a shared high-reward policy. How-
ever, the re-application of RIFT primarily boosts
Mean @3 rather than Pass@3, which shows little to
no further improvement compared to single-round
trained RIFT. Together, these findings demonstrate
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Model Method GSMS8K MATH Minerva Olympiad AIME24 AMC23 College Avg.
Base 416 352 93 24 10.0 325 8.3 2238
“SFT 363 433 116 165 7 89 T 3257 T 7203 2711 7
Qwen-2.5-Math-1.5B  + RIFT 747 62.9 18.5 29.4 8.9 39.2 368  38.6 (+11.5)
(Mean@3) DFT 77.1 54.4 16.3 19.1 22 25.8 359 33.0
+RIFT 747 61.8 18.3 30.4 4.4 45.0 355  38.6 (+5.6)
RIFT 732 50.6 18.5 28.8 111 433 27.6 375
+RIFT 748 62.3 17.5 298 10.0 425 341 387 (+1.2)
Base 69.0 58.1 13.5 37.2 20.0 525 17.8 38.3
"SFT 842 T T 67.0 T 232 T T 31,6 167 60.0 ~ 366 456
+RIFT  90.0 78.7 34.6 424 133 60.0 474 523 (+6.7)
Qwe“g,':s'shg;"l'm DFT 89.9 68.4 290 31.1 6.7 40.0 455 44.4
+RIFT 879 785 29.4 443 13.3 70.0 467 529 (+8.5)
RIFT 88.6 773 335 41.9 20.0 70.0 38.6 52.8
+RIFT  88.8 793 28.7 44.0 16.7 65.0 458  52.6(-0.2)

Table 14: Mean@3 and Pass@3 accuracy (%) on 7 mathematical benchmarks for Qwen-2.5-Math-1.5B under
different sequential training protocols, starting from models trained via SFT, DFT, or RIFT, we generate self-sampled
responses and apply a second round of RIFT (denoted “+ RIFT”). Best results are in bold. (+) indicates the absolute

improvement over the respective single-phase baseline.

# Pos. # Neg.

K # Num. # Total (r>0) (r<0) % Pos.
SFT 3,000 24,000 8,300 15,700  65.4%
DFT 3,000 24,000 7,964 16,859  70.2%
RIFT 3,000 24,000 15,941 16,287  67.9%

Table 15: Statistics of self-generated responses across
previously trained SFT, DFT and RIFT models.

K #Num. # Mixed-Reward Num. % Mixed
SFT 3,000 2,686 89.5%
DFT 3,000 2,697 89.9%
RIFT 3,000 2,669 89.0%

Table 16: Proportion of problems containing both
positive- and negative-reward responses in self-
generated responses across previously trained SFT, DFT
and RIFT models.

that RIFT acts not as a plug-and-play refiner whose
efficacy depends on initialization, but as a self-
convergent alignment phase that capable of steer-
ing diverse initial policies toward comparable final
performance. Tables 15 and 16 provide a detailed
statistical overview of the self-generated responses
produced by the previously trained SFT, DFT, and
RIFT models.

B Discussion on Loss Function and
Gradient Stability

In this section, we provide a detailed analysis of our
choice of using a Taylor approximation for the loss
function, particularly in the context of penalizing
negative samples.

B.1 Design Intuition: Stability over Global
Precision

The primary motivation for employing a Taylor-
based linear penalty (i.e., (1 — p)) rather than the
standard negative log-likelihood (— log(1 — p)) for
negative samples lies in the bounded and stable
gradients it provides across the entire probability
range [0,1]. While the Taylor approximation is
locally accurate near p — 1, its global behavior is
empirically more conducive to stable optimization
in model alignment.

For negative trajectories, our design intuition

follows a specific priority:

* Confident Errors: Tokens assigned high
probability (p — 1) on negative samples in-
dicate cases where the model is “confidently
wrong.” These require strong, linear penal-
ties to steer the model away from incorrect
reasoning paths.

* Correct Uncertainty: Tokens with low prob-
ability (p — 0) on negative examples reflect
appropriate uncertainty. In such cases, the lin-
ear approximation provides a gentler correc-
tion signal, preventing the model from over-
correcting on already unlikely tokens.

B.2 Comparison with Alternative
Formulations

We evaluated several alternative functions to penal-
ize negative samples, but found them less suitable
for the following reasons:
* Logarithmic Loss (— log(1 — p)): This for-
mulation diverges as p — 1. In practical
training, this leads to gradient instability and

14413

15



a significant magnitude imbalance between
positive and negative loss components, often
resulting in training divergence.
Sigmoid-based Variants: While sigmoid
transformations can bound the loss, they intro-
duce unnecessary saturation regions (where
gradients vanish) without offering clear per-
formance benefits in our preliminary experi-
ments.

In summary, the choice of the Taylor approxima-
tion in RIFT is empirically motivated by its ability
to maintain robust gradient signals and prevent op-
timization instability. We acknowledge that explor-
ing other functional forms with similar bounded
properties remains a promising direction for future
work.

B.3 Proofs and Theoretical Analysis in
Section 3

Proof of Theorem 3.2. Let the dataset D be finite.
The naive signed-weighted loss function can be
explicitly written as:

1

£naive(9) - - |,D|

> r(x,y)logm(y | ).
(z,y)€D
)

By the theorem’s premise, the subset of negative
samples D~ = {(z,y) € D | r(z,y) < 0} is non-
empty. Let (zg,y0) € D~ be a specific negative
sample with weight 7o := (g, y0) < 0.

We invoke the assumption of sufficient expressiv-
ity, which implies that the model parameterization
0 allows for the arbitrary manipulation of the prob-
ability mass (- | o) on the support ). Specifi-
cally, we can construct a sequence of parameters
{0, }°2, such that the probability of the negative
sample decays to zero:

7o, (Yo | o) = €, where ¢, > 0 and lim €, = 0.

n—oo

(10)
To ensure the well-posedness of the remaining
terms, we stipulate that the probability mass re-
moved from yq is redistributed to other tokens
y" € Y\ {yo} uniformly, such that for all other
samples (x,y) € D\ {(zo, yo)}. the probabilities
satisfy mp, (y | ) > § for some constant 6 > 0.
This ensures that log 7y, (v | ) remains bounded
from below.

Then, we have

Now, we decompose the loss function for the
sequence 0,,:

Enaive(6n> = —7<T0 log €n
|D| ~——
T
1

r(z,y)logmy, (y | ).

-] Z

(z,y)€D\{(z0,y0)}

T
(12)

We analyze the asymptotic behavior of the two
terms 73 and T as n — oo:
1. The Negative Sample Term (77): Since
ro < 0 and lim,,_,, log ¢, = —o0, the prod-
uct behaves as:

lim T1

lim rgloge,
n—oo n—oo

(=Irol) - (=o0)

2. The Remaining Terms (7%): The sum 75
consists of a finite number of terms.
e For any sample with r(z,y) >
0, since mg,(ylz) < 1, we have
r(z,y)logmy, (y|x) < 0. Thus, these
terms are bounded from above by 0.
* For any sample with r(x,y) < 0, since
we enforced 7y, (y|z) > I, the term
r(z,y) log me, (y|x) is finite.
Crucially, since we ensure other probabilities
do not vanish (i.e., 7 > §), the logarithm log 7
is bounded below by log d. Consequently, the
entire sum 75 is bounded, i.e., there exists a
constant M such that |T5| < M.
Combining these results, the limit of the total
loss is:

(13)

+00.

: 1 : .
i Cone0n) =~y (fim, 73+ Jim 73)
1
= ——(+00+0(1))
g
= —00.

(14)
Thus, we have identified a sequence in the param-
eter space along which the loss diverges to negative

infinity. This proves that L,ive is unbounded from
below. ]

First, we give a formal reformulation of Theorem
3.4 as follows.

Theorem B.1 (Formal Statement of Theorem 3.4).
The RIFT formulation satisfies the following theo-

li O Lnaive o T N (11)
ns60 ome, | |me, (ylz)| o0 retical properties:
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(i) Boundedness: Assume that the reward r is
bounded with constant |r| < M for all the
data. Then, the loss objective is bounded from
below.

(ii) Reward Lower-Bound Maximization: Let
the expected reward objective be J(0) =
Ey~ry [r(z,y)]. Assume that all the data sam-
pled from the reference distribution ..y has a
lower bound probability, i.e., T (y|z) > Co.
Then, there exists a constant C1 > 0, such that
j(@) = _C%»CRIFT(H) + CQ. Thus, minimiz-
ing the RIFT loss objective is equivalent to
maximize the reward objective.

Proof of Theorem 3.4. (i) Boundedness: Recall
the formulation of the RIFT loss:

Lrirr(0) = — Ep+ [r(z,y) log me(y | )]

CEp [roymely ). )

We analyze the boundedness of the two terms sepa-
rately.
For the positive sampled term, we have

—Ep+ [r(z,y)logme(y | )] >0, (16)

since log mg < 0 for the probability distribution.
For the negative sampled term, the absolute
value is bounded by

| = Ep- [r(z,y)ma(y | )] |
<Ep- [|7(z,y)me(y | )]
<Ep- [Ir(z,y)|] < M.

A7)

Hence, the second term is bounded from below.

Thus, Lryrr is bounded from below.

(ii) Reward Lower-Bound Maximization: We
aim to show that maximizing the negative RIFT
loss (i.e., minimizing Lrrrr) is equivalent to max-
imizing a surrogate lower bound of the expected
reward 7 (6).

First, we rewrite the expected reward objective
using Importance Sampling (IS) to shift the ex-
pectation from the policy distribution 7y to the
reference data distribution 7. :

J(0) = Eyry[r(z,y)]
mo(y|r) -
Ter ) ( ,y)]

71-ref(y"r

(18)
= Ey’\'ﬂ-ref |:

Let p(y|z) = ﬂjfﬁq“(’lﬁi) be the likelihood ratio. We

utilize the fundamental inequality relating linear
and logarithmic functions: for any v > 0, logu <
u — 1, which implies v > 1 + log w.

We decompose the objective into contributions
from positive (D) and negative (D~) domains:

Case 1: Positive Samples (r > 0). Applying
the inequality p > 1 + log p:

Ep+[p-r] 2 Ep+ [r(1 +logp)]
=Ep+ [T (1 + log g — log ﬂ-ref)]
= Ep+[rlogmg] + Cy,

(19)
where C1 = Ep+[r(1 — logmcs)| is a constant
with respect to 6. This recovers the positive com-
ponent of —LRypr.

Case 2: Negative Samples (» < 0). For nega-
tive samples, we seek a lower bound for the term
p - r. Note that (z,y) are data sampled from the
distribution 7, ¢, there exits a constant Co > 0,
such that 7, ¢(y|x) > Cs for all (x,y). Thus,

Ep-lp-r] > & Ep- lm(yle)r(e,m)] (0
2

Synthesis: Combining the results, we define
a global surrogate objective Jyur (the IS-derived
logarithmic lower bound for positive samples and
the linear lower bound for negative samples):

1
J(0) >Ep+[rlogmy| + roR Ep-[rmg] + C1
2

1
> — F['RIFT(G) + Ch.
1
(21)
Therefore, maximizing —Lgipr (Or minimizing
Lrirr) effectively maximizes a rigorous surrogate
lower bound of the true expected reward 7 (0). [
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