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Abstract

I propose Group-relative Implicit Fine Tuning
(GIFT), a novel reinforcement learning frame-
work for aligning LLMs. Instead of directly
maximizing cumulative rewards like PPO or
GRPO, GIFT minimizes the discrepancy be-
tween implicit and explicit reward models.
It combines three key ideas: (1) the online
multi-response generation and normalization
of GRPO, (2) the implicit reward formulation
of DPO, and (3) the implicit—explicit reward
alignment principle of UNA. By jointly normal-
izing the implicit and explicit rewards, GIFT
eliminates an otherwise intractable term that
prevents effective use of implicit rewards. This
normalization transforms the complex reward
maximization objective into a simple mean
squared error (MSE) loss between the nor-
malized reward functions, converting a non-
convex optimization problem into a convex, sta-
ble, and analytically differentiable formulation.
Despite using a supervised-style MSE loss,
GIFT remains a policy optimization method:
it optimizes the policy under the same KL-
regularized PPO-style objective as RLHF and
GRPO, but replaces direct reward maximiza-
tion with normalized reward matching. Un-
like offline methods such as DPO and UNA,
GIFT remains on-policy and thus retains ex-
ploration capability. Compared to GRPO, it re-
quires fewer hyperparameters, converges faster,
and generalizes better with significantly re-
duced training overfitting. Empirically, GIFT
achieves superior reasoning and alignment
performance on mathematical and knowledge
benchmarks while remaining computationally
efficient.

1 Introduction

Modern large language models (LLMs) are pre-
trained on trillions of tokens to acquire broad
linguistic and factual knowledge (OpenAl et al.,
2024). Subsequently, supervised fine-tuning (SFT)
further enhances their instruction-following capa-

bilities (Brown et al., 2020). Despite these ad-
vances, pretrained models often exhibit undesir-
able behaviors such as bias, unsafe outputs, and
weaknesses in reasoning tasks like mathematics
and programming.

To mitigate these issues, reinforcement learn-
ing (RL)-based alignment methods such as rein-
forcement learning from human feedback (RLHF)
(Ouyang et al., 2022) and reinforcement learn-
ing with verifiable rewards (RLVR) (DeepSeek-Al
et al., 2025) have been proposed. These approaches
involve two stages: (1) training a reward model
(RM) using the Bradley—Terry (BT) formulation
on pairs of preferred and dispreferred responses,
and (2) optimizing the policy with proximal policy
optimization (PPO) (Schulman et al., 2017) to max-
imize cumulative reward while constraining diver-
gence from the reference model. GRPO simplifies
PPO by replacing the value function with the mean
and standard deviation of reward values. While
these online RL methods achieve strong alignment
performance, they incur significant computational
cost and training instability.

To simplify the alignment process, a parallel line
of research has explored offline preference-based
methods such as Direct Preference Optimization
(DPO) (Rafailov et al., 2024). DPO establishes a di-
rect relationship between the implicit reward model
and the optimal policy, reformulating RLHF into a
single-stage, gradient-based optimization process
that eliminates the need for online sampling and sig-
nificantly reduces computational cost. UNA estab-
lishes a special relationship between implicit and
explicit reward models, enabling heterogeneous su-
pervision (e.g., preference, binary, or score-based
data) through minimizing their discrepancy (Wang
et al., 2025). However, offline methods sacrifice
exploration and adaptability, leading to weaker per-
formance compared with online RL.

GIFT bridges the gap between these different
paradigms. It integrates:



* GRPO’s on-policy group-sampling and nor-
malization for stable exploration,

* DPO’s implicit reward formulation to opti-
mize a RL objective,

* UNA’s implicit—explicit reward alignment for
robust MSE supervision.

GIFT retains the exploration benefits of RL-
based methods while replacing the non-convex
cumulative-reward objective with a convex MSE
loss between normalized implicit and explicit re-
ward signals. This reformulation eliminates the
intractable normalization constants through normal-
ization, resulting in low-variance gradients and en-
abling faster, more stable convergence with reduced
overfitting and higher benchmark performance.
In summary, GIFT:

 Unifies the core principles of GRPO, DPO,
and UNA within a single on-policy fine-tuning
framework.

* Preserves exploration while achieving convex,
efficient, and low-overfitting optimization.

* Outperforms GRPO in convergence speed,
generalization ability, and benchmark perfor-
mance.

2 Method
2.1 GRPO, DPO, and UNA

This subsection briefly reviews the core formula-
tions of RLHF, RLVR, GRPO, DPO, and UNA; a
more detailed discussion is provided in Section C.

In both RLHF and RLVR, policy optimization is
typically formulated as a regularized reinforcement
learning objective that (i) maximizes the expected
reward and (ii) constrains the learned policy to
remain close to a reference policy. This trade-off
is commonly expressed through a KL-regularized
objective, as shown in Equation 1:
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Directly optimizing the objective in Equation 1
typically requires learning a value or advantage
function in PPO. GRPO simplifies this process by
generating multiple responses for the same prompt
and using the empirical statistics of the rewards as

a surrogate for value estimation. Specifically, re-
wards are normalized using their batch-wise mean
and standard deviation:
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where (14 and o4 denote the mean and standard
deviation of the rewards computed over sampled
responses.

In contrast, DPO constructs an implicit reward
function directly from the policy. As shown in
Equation 3, this implicit reward depends on the log-
ratio between the current policy and a reference
policy, and includes an intractable normalization
term log Z (z):

ro(z,y) = 610g<%) + Blog Z(xz) (3)

In practice, the term log Z(z) cannot be computed
explicitly and is eliminated by subtracting rewards
between paired responses, enabling tractable opti-
mization. Therefore, DPO is limited to pairwise
preference data.

In UNA, the implicit reward is further simpli-
fied by removing the intractable normalization term
log Z(x), resulting in the following special case of
the DPO reward:

Fo(x,y) = Blog <7%) )

As aresult, the implicit reward in UNA is defined
pointwise for individual (z,y) pairs, enabling the
model to leverage heterogeneous data sources with
diverse input formats, supervision types, and re-
ward definitions.

This formulation allows UNA to directly align
the policy-induced implicit reward with explicit
rewards obtained from scalar feedback, preference
signals, or task-specific evaluators by minimizing
their discrepancy:

LUNA-reward(T"O) = E(x7y)~D[r¢($a y) —Tp (:L‘a y)]2
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2.2 GIFT Algorithm

The idea of GIFT combines the benefits of 1. RLHF
and RLVR with GRPO, 2. DPO and 3. UNA. To
be more specific, the online sampling RL objective
in RLHF and RLVR in Equation 1 is adopted as the
objective for GIFT. Then, the group normalization
of GRPO in Equation 2 is utilized to normalize
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Figure 1: Comparison of different optimization methods: (a). DPO: an offline method with a prompt, a desired
response and a undesired response are provided to the LLM policy to generate the implicit reward and a BCE loss
is utilized to optimize the policy; (b). UNA: an offline method with a prompt and a response are provided to the
LLM policy to generate an implicit reward function and the LLM policy is optimized by minimizing the difference
between implicit and explicit reward function; (c). PPO: an online method to generate a response for a prompt
and the explicit reward model generates a reward and optimize the LLM through policy gradient; (d). GRPO: an
online method to generate multiple responses for a prompt and the explicit reward model generate a reward for each
response and the normalized rewards are utilized to optimize the LLM through policy gradient; (e). GIFT: an online
method to generate multiple responses for a prompt and the implicit and explicit reward model generate an implicit
and explicit reward for each response and the normalized implicit and explicit rewards are utilized to optimize the
LLM through minimizing the MSE.

the implicit and explicit reward model. The im-
plicit reward model of DPO in Equation 3 induced
a simplified implicit reward model in GIFT. The
minimization between implicit and explicit reward
model through MSE of UNA in Equation 5 sets the
loss function of GIFT.

The general workflow of GIFT can be found in
Algorithm 1. For each prompt x sampled from the
prompt dataset X. N different responses will be
generated by sampling from the LLM policy with
high temperature sampling. Based on the prompt x
and each sampled response y;, an explicit reward
r4(x,y;) can be generated, which is from a reward
model in RLHF and is from matching the ground
truth response in RLVR. Then, for each prompt

x and each sampled response y;, an implicit re-
mo (yi|z)
71'ref(yi|5’3)
tion 6 will be generated. The explicit and implicit

rewards are then normalized to derive 7 (. y;)
and 7y(x,y;) following the workflow of GRPO
as shown in Equation 2 or Equation 11. Lastly,
the loss is computed as the MSE between the nor-
malized explicit reward function 7 (, y;) and the
normalized implicit reward function #)(z, ;) and
it is minimized to optimize the LLM policy.

ward 7g(z,y;) = log as shown in Equa-

3 GIFT Derivation

The following content provides the mathematical
proof of why GIFT works. To begin with, given a
prompt x, multiple responses (y1, y2, - -+, yn) will



Algorithm 1 GIFT Algorithm

1: for each element x in X do
2:  Generate N different responses y1, - - -, yn from LLM policy 7y (y|x) by sampling

3:  Compute explicit reward using the explicit reward model 74(x, y) or 74(x, y, y*)

4:  Compute implicit reward using implicit reward model 7y (z, y) with Equation 6

5. Normalize explicit and implicit rewards to derive rfb(:c, y) and 7y (x,y) as shown in Equation 2

and 11

6: LLM is optimized by minimizing the mean square error between normalized implicit reward
function 7y (z,y) and normalized explicit reward function r7,(,y) as shown in Equation 12

7: end for

8: return Fine tuned LLM policy my(y|x)

Table 1: Comparison of different optimization methods for fine-tuning including DPO, UNA, PPO, GRPO and
GIFT. GN refers to group normalization.

Method ‘ On-Policy RL GN Data Type Loss

DPO No No No Pairwise BCE

UNA No No No Pointwise MSE between implicit and explicit reward
PPO Yes Yes No Pointwise cumulative reward

GRPO Yes Yes Yes Pointwise cumulative reward

GIFT Yes Yes Yes Pointwise MSE between implicit and explicit reward

be generated. For each response y;, its implicit
reward will be shown in Equation 6.

(6)

Fo(x,yi) = log <7r9(y‘x)>

Tret (Vi |x)

Compared with the implicit reward function
in Equation 3, the hyperparameter 5 and the in-
tractable term Z(x) are removed as they can be
canceled in the normalization process. Its proof
will be provided in the following content. To begin
with, the mean of these NV responses’ implicit re-
ward function, i.e., fig can be calculated as shown
in Equation 7.
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In comparison, the implicit reward model in

. _ o (ylz)
DPO is ry(z,y) = ﬁlOg(ﬂrzf(ylw)) + Blog Z(x).
As Z(x) is irrelevant to response y, the mean of
the implicit reward models for these /N responses

will be shown in Equation 8.

N

1
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Then, the term Z(x) will be canceled by sub-
tracting pp from rg(x, y;) as shown in Equation 9.
The obtained 7g(x,y;) — fip will be the same as
ro(@:9) =10 a5 shown in Equation 9. In this way,

the intractable term Z(z) is canceled out.

ro(x,y;) — po = B(To(x,y:) — ftg)  (9)

In addition, Z(x) does also not impact the com-
putation of variance as shown in Equation 10.

o5 = 6 (10)
Eventually, rg(x, y) will be the same as 7 (z, y)

after the normalization process, i.e., ry(z,y) =
7y(2,y) as shown in Equation 11.

7’9(33,%) — o
o
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(11)



For the explicit reward model, normalization can
be performed following the GRPO workflow, yield-
ing the normalized reward r/,(,y) as defined in
Equation 2. Inspired by UNA, the LLM policy
is then optimized by minimizing the discrepancy
between the normalized implicit and explicit re-
ward functions, as formulated in Equation 12. Al-
though the temperature term (3 is canceled during
normalization, it should be reintroduced to balance
exploration and exploitation in the RL objective
(Equation 1).

Laer(mg) = Eg ) opl(rl (2, y) — Bry(x,1))?]
(12)
Since the intractable normalization constant
Z(z) is canceled out, we can substitute 79 (x, y;) =

log<%> in Equation 6 to replace the
compact implicit reward model rg(xz,y) =
P log@Zf(Z”’y‘@)) + plog Z(x) from Equation 3.
This completes the construction of the GIFT work-

flow.

3.1 Compare GIFT with PPO, GRPO, DPO
and UNA

This subsection compares several methods used to
optimize the LLM policy. Firstly, DPO and UNA
are off-policy methods, meaning that the responses
are pre-collected. In contrast, PPO, GRPO, and
GIFT are on-policy methods that generate multiple
responses by sampling from the current LLM pol-
icy. Because of this multiple-response generation
(i.e., group sampling), GRPO and GIFT can per-
form group normalization, while DPO, UNA, and
PPO cannot.

DPO relies on pairwise data (a preferred and
a dispreferred response), whereas all other meth-
ods use pointwise data—each response is associ-
ated with a corresponding reward. Next, DPO and
UNA can be viewed as supervised learning meth-
ods. Specifically, DPO estimates the probability
that one response is preferred over another and then
applies a BCE loss to optimize the policy. UNA,
on the other hand, minimizes the discrepancy be-
tween implicit and explicit reward functions, where
the explicit reward (labeled in advance) serves as a
supervision signal. In contrast, PPO, GRPO, and
GIFT belong to the RL category since they involve
on-policy sampling (i.e., exploration) and receive
explicit rewards for each sampled response. PPO
and GRPO aim to maximize the explicit reward,
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Figure 2: (a) Impact of rollout numbers (N =
1,2,4,8, 16, 32) during fine-tuning; (b) Comparison of
implicit reward definitions: summation (k1_sum) vs. av-
eraging (kl_average).
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Figure 3: Comparison of GIFT and GRPO on DeepSeek-
7B using GSM8K and MATH datasets. Training and
evaluation curves show that GRPO exhibits stronger
overfitting compared to GIFT.

whereas GIFT minimizes the difference between
the explicit and implicit reward functions.

Overall, GIFT offers several advantages over
GRPO:

* Easier optimization — The MSE loss used in
GIFT is convex, making optimization more
stable compared to maximizing cumulative
rewards in GRPO.

* Reduced noise and faster convergence — The
gradient in GIFT tends to be less noisy with-
out the requirement of gradient clipping, lead-
ing to faster convergence.

* Fewer hyperparameters — Lots of clipping pa-
rameters are eliminated in GIFT, reducing the
search space.

* Better generalization — Experimental results
show that GIFT suffers less from overfitting
compared with GRPO.
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Figure 4: Comparison of GIFT and GRPO on Qwen2.5-
32B using GSM8K and MATH datasets. GIFT achieves
faster convergence and better generalization.

4 Experiment

In this section, we evaluate multiple variants
of GIFT and systematically compare GIFT with
GRPO across both RLVR and RLHF settings.

We first conduct RLVR-based comparisons be-
tween GIFT and GRPO using two backbone mod-
els: (1) deepseek-ai/deepseek-11m-7b-chat
(DeepSeek-Al et al., 2025) and (2)
Qwen/Qwen2.5-32B-Instruct (Team, 2024).
Experiments are performed on two benchmark
datasets: (1) openai/gsm8k (Cobbe et al., 2021)
and (2) DigitallLearningGmbH/MATH-1ighteval
(Hendrycks et al., 2021).

Next, we extend the RLVR evaluation to a
more challenging setting by training on the DAPO
dataset (Yu et al., 2025) and evaluating on the
AIME dataset (Maxwell-Jia, 2025). These exper-
iments are conducted using Qwen/Qwen2.5-32B
(Team, 2024) and Qwen/Qwen3-32B (Yang et al.,
2025).

Finally, we compare GIFT and GRPO under the
RLHF paradigm using the Infinity dataset (Li
et al., 2025). This evaluation is carried out with the
same two models as in the initial RLVR exper-
iments: deepseek-ai/deepseek-11m-7b-chat
and Qwen/Qwen2.5-32B-Instruct. For reward
model, Skywork/Skywork-Reward-V2-Llama-3.1-
8B-40M is utilized (Liu et al., 2025).

Across most experiments, we keep the learning
rate and the hyperparameter /3 consistent to ensure
fair comparisons. For GRPO, the learning rate
is set to 1 x 107% with = 0.001. For GIFT,
we use a learning rate of 3 x 1076 and set 8 =
1, noting that 5 can be further tuned if necessary.

However, in the RLVR experiments on the DAPO
and AIME datasets with Qwen2.5-32B, training
exhibited instability, and we therefore reduced the
learning rates. Specifically, the learning rate is set
to 3 x 1077 for GRPO and 1 x 107 for GIFT in
these settings.

For most cases, the learning rate and /3 are the
same. For GRPO, the learning rate is set to 1 x 1076
and 5 = 0.001. For GIFT, the learning rate is
3 x 1076 and 3 = 1, where 3 can be further fine
tuned if needed. However, in RLVR on DAPO
and AIME dataset for Qwen2.5-32B, the training
process is unstable and the corresponding learning
rates are decreased. For GRPO, the learning rate is
set to 3 x 10~7 while the learning rate for GIFT is
setto 1 x 1076,

The training batch size is 1024 and the mini-
batch size is 256. The maximum prompt length
and the maximum response length are 1024 re-
spectively. For both datasets, the total number of
training epochs is 15. In all figures, the horizontal
axis represents the training steps, and the vertical
axis represents the pass@]1 rate, i.e., the probability
of generating a correct response.

4.1 Different Variants of GIFT

I first investigate the impact of the number of roll-
outs, testing N = {1,2,4,8,16,32}. As the num-
ber of rollouts increases, the normalization process
becomes more accurate. As shown in Figure 2(a),
larger rollouts improve performance, though the
gain becomes marginal when N > 16. To balance
accuracy and computational cost, [ use N = 16 in
subsequent experiments.

Next, I study two definitions of the implicit

reward function, 7(z,y) = Blog <M) , as
o Tref(y]2)
given in Equation 6. It can be computed either as
the sum of each token’s log-probability ratio (Equa-
tion 13), referred to as “k1_sum,” or as their average

(Equation 14), referred to as “k1_average.”

1
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(x,9;) Blog
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(14)
where y; refers to the i-th response and yf is
the j-th token of the i-th response. As shown in

0(7,9i) = —
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Figure 5: Comparison of GIFT and GRPO on Qwen3-32B-base and Qwen2.5-32B-base using DAPO dataset for
training and AIME dataset for evaluation. GIFT achieves faster convergence and better generalization.

Figure 2(b), the “k1l_sum” formulation achieves a
higher pass@1 rate than “k1_average.” Therefore,
“k1l_sum” is adopted in downstream experiments.

4.2 Comparison between GIFT and GRPO in
RLVR

I next compare the performance of GRPO and
GIFT. As shown in Figure 3, GIFT consistently
outperforms GRPO with a higher pass@]1 rate
and faster convergence on the DeepSeek-7B model.
Notably, on the GSM8K task, GRPO achieves
higher training accuracy but lower evaluation ac-
curacy than GIFT, indicating more severe over-
fitting. Similarly, as shown in Figure 4, on the
Qwen2.5-32B model, GIFT again demonstrates
better generalization and faster convergence than
GRPO across both GSM8K and MATH tasks.
Both GSM8K and MATH are relatively simple
benchmarks. More challenging evaluations on the
AIME dataset are presented in Figure 5. Exper-
iments are conducted on both Qwen2.5-32B and
Qwen3-32B models. For Qwen3-32B, training con-
verges rapidly, with GIFT exhibiting faster conver-
gence and achieving higher evaluation accuracy
than GRPO. In contrast, training on Qwen2.5-32B
is less stable, requiring an initial reduction in the
learning rate and a longer training schedule. Un-
der this more challenging optimization regime, the
advantage of GIFT over GRPO becomes more pro-

nounced. Finally, we observe that GIFT tends to
produce longer response lengths, as shown in Fig-
ure 5(c) and (f).

4.3 Comparison between GIFT and GRPO in
RLHF

Beyond RLVR, GIFT can also be effectively ap-
plied in the RLHF setting to enhance instruction-
following capabilities. Unlike RLVR, which relies
on verifiable rewards, RLHF employs a learned
reward model. Such reward models are known to
exhibit length-related bias, often favoring longer
responses. To mitigate this issue, we normalize the
reward by the square root of the response length.

As shown in Figure 6, GIFT consistently outper-
forms GRPO on both Qwen2.5-7B and Qwen2.5-
32B models. This advantage is further confirmed
by downstream evaluations, where GIFT achieves
superior performance on nearly all benchmarks, as
summarized in Table 2 and Table 3.

Specifically, Table 2 reports results on seven
diverse evaluation tasks: Truthful QA (Lin et al.,
2022), BBQ (Parrish et al., 2022), MBPP (Austin
et al., 2021), ARC-Challenge (Clark et al., 2018),
Winogender (Rudinger et al., 2018), GPQA (Rein
et al., 2023), and MUSR (Sprague et al., 2024).
Across all seven tasks, GIFT consistently surpasses
GRPO for both the 7B and 32B model sizes.

For generation-oriented evaluations such as Al-
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Figure 6: Comparison of GIFT and GRPO on Qwen2.5-7B-Instruct and Qwen2.5-32B-Instruct using INFINITY
datasets. GIFT achieves faster convergence and better generalization.

Model Name TruthfulQA BBQ MBPP ARC-C Winogender GPQA MUSR
7B-Instruct 64.79 54.62 482 64.59 60.97 3146  42.86
7B-GRPO 66.93 5379  62.0 64.25 59.86 30.87  45.77
7B-GIFT 69.05 58.08 628 65.7 61.39 33.98 46.16
32B-Instruct 65.58 59.04 758 71.93 61.11 3826 50.13
32B-GRPO 69.09 65.69 758 72.27 64.31 37.16  48.68
32B-GIFT 70.02 71.06  78.2 73.89 64.72 3725 4947

Table 2: Selected benchmarks highlighting tasks where GIFT shows strong or leading performance

pacaEval (Dubois et al., 2024) and Arena-Hard (Li
et al., 2024), GIFT also outperforms GRPO in al-
most all settings. The only exception is the 7B
style-control configuration, where GRPO achieves
a marginally higher score than GIFT.

5 Conclusion

I introduced GIFT, a reinforcement learning frame-
work that unifies the strengths of online and offline
alignment methods. Unlike GRPO, which directly
maximizes cumulative normalized rewards, GIFT
minimizes the mean squared error between normal-
ized implicit and explicit reward functions. This
reformulation eliminates the intractable normaliza-
tion constant inherent to implicit rewards, trans-
forms the optimization into a convex objective, and
produces low-variance gradients.

By combining GRPO’s online group normaliza-
tion with DPO’s implicit reward formulation and
UNA’s reward alignment principle, GIFT retains ex-

ploration while achieving efficient, stable, and scal-
able fine-tuning. Experiments on both 7B and 32B
models demonstrate that GIFT converges faster,
generalizes better, and exhibits less overfitting than
GRPO across math and knowledge benchmarks.
In essence, GIFT reframes RL for LLM align-
ment—from noisy reward maximization to struc-
tured reward matching—bridging the conceptual
divide between online RL and offline preference op-
timization. Future work may extend GIFT to multi-
modal and multi-agent settings, where normalized
implicit—explicit reward coupling can further en-
hance alignment stability and reasoning capability.

6 Limitation

The limitation of this work lies in testing on larger
models like 200B parameter models with more
complex datasets. In addition, the test on multi-
lingual datasets and industrial datasets should be
conducted.
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Model Name Alpaca-eval Arena-hard

LC Win Rate Win Rate Response Length Style Control Creative Writing

7B-Instruct 30.81 29.05 1989 2.5 5.2
7B-GRPO 35.33 38.25 2203 3.2 8.5
7B-GIFT 48.77 72.43 4291 3.0 17.2
32B-Instruct 43.49 35.76 1754 4.4 3.9
32B-GRPO 53.13 60.77 2369 7.7 21.1
32B-GIFT 61.43 78.53 3327 15.3 47.9

Table 3: Model performance on Alpaca-eval and Arena-hard benchmarks

A Compare GIFT with GRPO on RLHF: Tabular Results
One last results of comparing GIFT with GRPO on RLHF is shown in Table 3 for space limitation.

B GIFT Derivation
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C Related Methods
C.1 RLHF and PPO

After the pretraining and SFT stages, LLLMs may still produce undesirable or suboptimal responses. To
further improve their alignment and response quality, RLHF is applied. RLHF typically consists of two
major stages, each leveraging a distinct dataset. In the reward model training stage, the dataset comprises
triplets of the form (z, y,,, y; ), Wwhere = denotes the prompt, y,, represents the preferred (winning) response,
and y; represents the dispreferred (losing) response. In the RL fine-tuning stage, the dataset contains only
task prompts x, which correspond to the domains or behaviors that the LLM aims to improve through
policy optimization.

During reward model training, an explicit reward model is learned to predict a scalar score 74(x,y) for
a given prompt-response pair (x,y). The model is trained on pairwise preference data (z, y.,, y;), where
Y denotes the preferred response and y; the dispreferred one. The probability that v, is favored over y;,
denoted as Py(y,, > v | x), is modeled using the Bradley—Terry (BT) framework, i.e., Py(yw > y1 | ) =
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e'%s(%yw)

e i o(r¢(x,yw) — r¢(x,y)) where o(-) denotes the logistic sigmoid function (Bradley
e sJw e )

and Terry, 1952). Intuitively, the higher the difference 74 (z, yw) — r¢(x, y1), the greater the likelihood
that the model predicts ¥,, as more aligned with human preference. Eventually, the RM is trained through
a binary cross entropy (BCE) loss Lrm(76) = —E(z 4, 4)~D 108 7 (rg(z, yw) — r¢(z,y1))] (Ouyang
etal., 2022).

RL fine-tuning serves two principal objectives. First, it seeks to maximize the pretrained explicit reward
function r4(x, y) so that the policy 7y (y|x) becomes better aligned with human preferences encoded by
the reward model. Second, to mitigate reward hacking and preserve fidelity to the pretrained model, a
Kullback-Leibler (KL) regularization term is introduced, penalizing large deviations from the reference
policy 7ref(y|x). The combined optimization problem can be expressed as shown in Equation 18:

Ty (ylz) = arg max Ezp [Eyry o) 76 (2, )] — BDkL(mo(y|2) || Tret(y]2))] (18)

where [ is a temperature-like coefficient that controls the trade-off between reward maximization and
policy divergence. The same objective is adopted in RLVR, DPO, UNA and GIFT.

To stabilize training, Proximal Policy Optimization (PPO) (Schulman et al., 2017) is commonly adopted
to optimize the objective in Equation 18. However, RLHF requires maintaining multiple large-scale
components—namely, a policy model, reference model, reward model, and value model—resulting in
substantial computational and memory overhead. These drawbacks significantly restrict the scalability
and practicality of RLHF for LLMs.

C.2 RLVR and GRPO

While RLHF has proven effective at aligning LLMs with human preferences and mitigating undesirable
or harmful outputs, it often falls short in enhancing complex reasoning capabilities such as mathematical
problem solving or program synthesis. To overcome this limitation, RLVR has been proposed, which only
has the RL fine-tuning stage as the explicit reward model has been replaced with verifiable reward. In RL
fine-tuning stage of RLVR, the dataset contains (z, y*) where y* refers to golden verifiable response. In
contrast to RLHF, which depends on a learned and potentially imperfect reward model trained from human
feedback, RLVR leverages verifiable signals—such as the correctness of a numerical solution or the
1, ify=y*
0, ify#y*
These verifiable signals, although sparse, provide precise and unambiguous feedback that directly reflects
task success.

To reduce the computation cost of PPO, GRPO is then proposed (Shao et al., 2024; Zheng et al., 2025)
as shown in Equation 19 where 7’;5(3:, y) refers to the normalized explicit reward model, j4 refers to the
mean of the explicit reward model and o refers to the standard deviation of the explicit reward model.

success of generated code in passing predefined test cases—as rewards ry(z, y,y*) =

ro(2,Y) — ko (19)
9%

When combined with the GRPO framework, as demonstrated in DeepSeek R1 (DeepSeek-Al et al.,
2025), RLVR substantially enhances an LLLM’s reasoning capacity. This integration enables the model
to sustain longer and more coherent chains of thought (CoT), exhibit improved self-consistency across
reasoning steps, and even display emergent “aha moments,” where the model identifies and corrects its
own logical or computational errors during inference.

ry(z,y) =

C.3 DPO

To address the instability and inefficiency of RLHF and PPO, DPO was proposed as a simplified offline
alternative utilizing the same reward model training’s dataset, i.e., (x, ¥y, y;) in RLHF (Rafailov et al.,
2024). Based on the RL objective in Equation 18, DPO eliminates the explicit reward model and build a
mapping between an implicit reward model and the optimal policy as shown in Equation 20

role,y) = mog(”(y"”)> 4 Blog Z(x) 0)
7Tref(?/|x)
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where 79(x,y) is an implicit reward function and Z(z) = 3 mer(y|z) exp<ﬂr9(:n,y)>

is the partition function ensuring normalization, which is intractable. Substituting this
implicit reward formulation into the reward model training objective cancels out the
Z(x), yielding the DPO loss Lppo(mg) = —E(uy,m)~p l0go(ro(z, yw) —ro(z,y))] =

7o (Yuw |7) 7o (Y] %)
Bz o y)~D [loga(ﬂ log 7 ety — P108 7 (luTey

dispreferred responses, respectively. Optimizing Lppo aligns the model directly with preference data
without requiring an explicit reward model or a separate RL training loop. Consequently, DPO unifies
the reward modeling and policy optimization stages of RLHF into a single, tractable procedure, greatly
simplifying implementation and reducing memory cost.

Nonetheless, DPO introduces its own set of challenges. Since Z(x) cannot be computed explicitly,
DPO relies solely on pairwise preference data, rendering single-response supervision unusable during
fine-tuning. This dependence on pairwise data—typically limited and expensive to collect—can lead
to inefficient utilization of available feedback. Moreover, while RLHF’s reward model can provide
continuous-valued feedback for arbitrary prompts, DPO only learns from pairwise comparisons, limiting
the granularity of optimization signals.

)] where (yy,1y;) denote the preferred and

C4 UNA

One limitation in DPO is that it can only utilize pairwise dataset, while other format dataset cannot
be utilized. In addition, the pairwise preference data provide less information compared with detailed
information provided by reward mode. UNA extends DPO to pointwise dataset composed of (prompt,
response, reward), i.e., (z,y, ). In particular, UNA discovers that Equation 21 is also a special optimal
implicit reward function for the RL objective in Equation 18 based on DPO’s implicit function in Equation

20 (Wang et al., 2025).
7o(z,y) = log (:fé/',%) 1)

Because the annoying intractable Z(x) has been removed, UNA can expanded DPO to different types
of signals rather than only pairwise signals. Eventually, the LLM policy is optimized through the MSE
between implicit and explicit reward model as shown in Equation 22.

LUNA—reward(ﬂ'H) = E(z,y)ND[(T¢ (fL‘, y) — Ty (fL‘, y))2] (22)
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