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ABSTRACT

The current margin-based model alignment method, represented by Direct Prefer-
ence Optimization (DPO), aims to expand the margin between chosen and rejected
responses. However, some works point out the log-probability of chosen response
always decreases, thus affecting the likelihood of its generation. This likelihood
displacement caused by gradient entanglement is a failure mode for preference op-
timization and has not been fully resolved. In this paper, we focus on forward and
reverse Kullback-Leibler (KL) divergence on the probability distribution of pref-
erence pairs to form Divergence Gap Preference Optimization (DGPO). We prove
DGPO can promote the increase of the chosen log-probability. Besides, DGPO
also maintains a lightweight and automatic manner in real-world alignment. The
downstream experimental results demonstrate that DGPO maintains competitive
performance across various mainstream benchmarks without the reference model
and additional key hyperparameters. Our code link is here.

1 INTRODUCTION
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Figure 1: The chosen and rejected log-probabilities on the UltraFeedback for DPO.

Large language models (LLMs) typically undergo a pre-training stage on vast quantities of data to
acquire general knowledge and patterns (Achiam et al., [2023). However, in practical applications,
LLMs may generate inappropriate, harmful, or misleading content (Perez et al.,2022). By aligning
LLM outputs with human intent, we can bring their responses closer to positive feedback, thereby
better adhering to human values (Ziegler et al.,|[2019). InstructGPT (Ouyang et al.|[2022) establishes
Reinforcement Learning with Human Feedback (RLHF) as the predominant method for achieving
alignment with human values. During the Proximal Policy Optimization (PPO) (Schulman et al.,
2017) optimization process, the reward model evaluates the provided input and the resultant output,
generating a reward score that serves as a feedback signal for reinforcement learning. Later, Direct
Preference Optimization (DPO) (Rafailov et al.,[2024) introduces a margin-based objective function.
DPO directly incorporates human preferences into the loss function for model training, thereby
eliminating the need for a separate reward model. Specifically, DPO achieves this by using the
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log-probability margin between the policy model’s responses and the reference model’s responses
as a proxy for the reward score. This approach effectively translates human preferences into an
optimization criterion, allowing the model to be trained more efficiently and stably while reducing
computational overhead.

As DPO is increasingly used for aligning LLMs (Tunstall et al., 2023} [Ivison et al., |2023)) , an ab-
normal phenomenon has been observed that the log-probabilities of chosen and rejected responses
always exhibit synchronous decrease as shown in Figure [T} which is known as likelihood displace-
ment (Razin et al.| [2024). Although both log-probabilities decrease at different rates (Feng et al.,
2024) and their margin is expanded, the decrease in the chosen log-probability is not what we want
(L1u et al., 2020; 'Yuan et al., 2024b} [Liu et al., 2024)). Prior works (Yuan et al.| |2024a; |Razin et al.}
2024])) suggest that this situation is caused by the high correlation between chosen and rejected re-
sponses. This correlation leads to gradient entanglement during the training. It is mainly attributed
to the fact that the current mainstream preference datasets (Cui et al, 2023} [Bai et al., [2022) are
generated with the assistance of LLMs, and there is a natural high similarity between chosen and re-
jected responses. In gradient entanglement, some margin-based baselines can also control response
length bias (Azar et al.| [2024; [Meng et al.| 2024), new parameters (Ethayarajh et al., 2024} [Yang
et al., 2025) and even complex function (Zhao et al., 2023bj; Xu et al., 2024) to alleviate likelihood
displacement to some degree but limit their real-world applications. Therefore, exploring how to
improve the chosen log-probability with a more reasonable design is a key issue.

Inspired by this point, we introduce Divergence

Gap Preference Optimization (DGPO), a prin-

cipled solution that directly addresses this fail- Table 1: The costs on the margin-based objective.
ure mode in a lightweight and theoretically rig-  Ref. free and No extra param. indicate whether
orous manner. DGPO explores the core of gra- the alignment objective requires a reference model
dient entanglement and leverages bidirectional or additional hyperparameters other than (3.

KL divefge.nce. to seamlegsly integrat(? two dis- Method  Ref. free  No extra param.
tinct optimization strategies. According to the

theory of gradient entanglement, DGPO im- DPO X 4
poses more lenient constraints on the increase PO X X
of the chosen log-probability. Mqre impor— CPO v X
tantly, DGPO serves as the most lightweight X X
and automatic method for aligning LL.Ms with- KTO

out the need for additional costs in Table [I] RRHF 4 X
which yields practical improvements. SLiC-HF v X
The contributions are summarized as follows: SimPO v X
a. DGPO leverages bidirectional KL diver- DGPO 4 v

gences to facilitate the increase of the chosen

log-probability. The forward and reverse KL

divergences in the objective correspond to dif-

ferent optimization directions. We theoretically explain that DGPO guides the chosen and rejected
probability distributions through distinct KL divergences to alleviate likelihood displacement caused
by gradient entanglement.

b. DGPO is designed as a lightweight and automatic alignment method. Similar to some baselines
without a reference model, DGPO saves GPU memory by 13.6% and reduces runtime by 25%
compared to DPO. However, DGPO further eliminates the need for any additional hyperparameters
beyond 3. DGPO thus exhibits high applicability for practical deployment.

c. We perform extensive downstream comparisons with DPO and its prominent variants across
multiple mainstream LLM evaluation benchmarks. DGPO maintains competitive performance on
MT-Bench, AlpacaEval 2, Arena Hard, and Open LLM Leaderboard.
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2 PRELIMINARIES

2.1 DPO AFTER SFT

The SFT stage generally pushes the model to assign high probabilities to chosen responses, es-
sentially reaching a local optimal state for the likelihood of chosen responses to some degree. As
a result, further increasing the chosen log-probability during the subsequent DPO stage becomes
inherently challenging. In theory, any adjustment to the model’s policy is likely to cause a slight de-
crease in the chosen log-probability. However, there is still significant room for reducing the rejected
log-probability. To increase the margin, the model significantly reduces the rejected log-probability,
while the chosen log-probability also slightly decreases.

In addition, for the pairwise preference dataset constructed based on the same prompt, the model
may encounter the same prompt content multiple times within one epoch, especially when the pref-
erence pairs are very close. The gradient updates are repeated for the same context, and the gradient
descent directions are very similar and continuously accumulate and amplify, which may lead to
the model continuously reducing the log-probabilities beyond the necessary extent in the pursuit of
expanding the margin, placing the model in an extreme state.

2.2 THEORY OF GRADIENT ENTANGLEMENT

Some works (Yuan et al.,[2024aj Razin et al.,|2024) have been considered the reason why the chosen
and rejected log-probabilities usually decrease consistently during preference training. They both
discover the correlation between chosen and rejected responses at the gradient level, which causes
this anomalous phenomenon. Most of the current mainstream alignment methods can be formulated
as a margin-based form:

L= _(m(hw (logﬂ-w) - hl(logﬂ-l) + A(logﬂ-w))) (1)
dy = m'(hy (logmy,) — hi(logm))hl, (logm,) + A’ (logmy,) )
dy := m/ (hy(logmy,) — hy(logm;))h)(logm;) 3)

where m, h,, and h; are scalar functions. A is a scalar regularizer. On this basis, the changes in the
chosen and rejected log-probabilities depend on their gradient inner product (S7logm,,, \7logm;):

Alogrm, ~ 1 (dw || 7logmy, ||2 —d; (7logm, vlogm>) )

Alogm; = 1 (dy (Vlogmy,, Vlogm) — d; || /logm ||?) )

With Equations [4] and [3] the ideal conditions for the chosen log-probability to increase and the
rejected log-probability to decrease are as follows:

duw
(vlogmy,, viogm) < qU | Vlogrm, ||*<= Alogm,, >0 (6)
d 9
(vlogmy,, Viogm) < T || viogm; ||“<= Alogm; <0 @)
However when the chosen and rejected responses are highly correlated, due to the constraints of
Cfi“’ and , this synergistic change effect on both log-probabilities becomes more pronounced (Pal

et al., 2024 Tajwar et al., [2024). Combined with the explanation in Appendix |A] this synergistic
effect leads to the decrease in the chosen log-probability (likelihood displacement).

In the theory of gradient entanglement, other margin-based preference optimization loss functions
can be expressed in a general form, as shown in Equation 1| of Table
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Table 2: The margin-based alignment reformulation

Method m(a) hy(a) hi(a) A(a)
DPO logo(a — cref) Ba Ba -
PO (a — (cref + %))2 a a -
CPO logo(a) Ba Ba Aa
KTO a Awo(Ba — (10268, + 2rep))  Nio(Ba — (10gch.p + zref)) -

RRHF min(0, a) TG @ Aa

SLiC-HF min(0,a — 0) a a Aa

SimPO logo(a — ) ‘,‘fn‘ a %a -

DPO (‘il—"]” = 1) Increasing the value gfl—”f is the core and can provide more lenient conditions for
the chosen log-probability increase.

IPO/RRHF/SimPO (%1[“ = M) When there is a length bias between the chosen and rejected

|yw ‘
), these methods provide lenient conditions.

responses (| y; |>| yw

CPO/RRHF/SLiC-HF The regularizer on the chosen responses increases d,, without affecting
d;. Larger ‘fi—";’ encourages the chosen log-probability to increase.

KTO (C{Ii—‘;’ o );\—7) Aw and A; are two additional hyperparameters. These two hyperparameters can
regulate the constraints for the chosen log-probability increase.

2.3  EXPLORATION ON LIKELIHOOD DISPLACEMENT

We verify this problem at the whole sequence level. As shown in Figure[l} we use UltraFeedback
(Cui et al.l [2023) to fine-tune the models and find that the likelihood displacement is very severe.
When we examine the current public preference datasets(e.g., UltraFeedback (Cui et al., [2023)) and
HH-RLHF (Bai et al., [2022))), we try Text—Embedding—B-Small[Hto calculate the embedding cosine
similarity between pairwise responses. The result for UltraFeedback alone is 67.32% and that for
HH-RLHF is surprisingly high at 90.16%! Given the same prompt, pairwise responses exhibit a high
degree of similarity, which is attributed to the powerful language processing capabilities of LLMs.

Furthermore, we purposefully design meaningless text in the rejected response to explore whether
likelihood displacement will be alleviated. We replace rejected response with other irrelevant
datasets. At this point, the embedding cosine similarity drops to 12.85% and we observe to some ex-
tent opposite-directional changes in log-probability as shown in Figure[8] Likelihood displacement
caused by the high embedding similarity of chosen and rejected responses is alleviated. However,
when we return to reality, our focus is on how to design an alignment method for public preference
datasets featuring high similarity to alleviate the decrease in chosen log-probability.

3 DIVERGENCE GAP PREFERENCE OPTIMIZATION (DGPO)

3.1 OBIECTIVE FUNCTION

LLMs alignment amounts to reshaping the relationship between the probability distributions over
the chosen and rejected tokens. KL divergence is the most direct way to control these distributions.
Because of its asymmetric feature, the forward and reverse KL divergence can be regarded as two
distinct strategies. Our method exploits this design to guide the pairwise probability distributions.
DGPO successfully alleviates likelihood displacement in the gradient entanglement framework.

Forward KL divergence The chosen distribution is the real probability distribution, and the other
is the predicted distribution. We obtain the chosen response at this point. It is easy to understand that

"https://openai.com/index/new-embedding-models-and-api-updates
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we need to expand the D1, (mo(+|z, y5?) || mo (|7, y~")) between the token probability distributions
at each corresponding position in the chosen and rejected responses to weaken their correlation and
push the rejected distribution away from the chosen distribution. my(+|z, y35*) and 7 (-|z, y;~") are
the probability distributions of the chosen and rejected responses at the ¢-th token:

ew,i = mam(DKL(ﬂ-H("xay;i) || 7T9(|x7yl<L))) (8)

Reverse KL divergence The rejected distribution serves as the real probability distribution and
the chosen is the predicted distribution. In this scenario, we can confirm that we have obtained the
rejected response, but we are at a disadvantage in obtaining it. We aim to guide the chosen response
by leveraging the existing rejected response as much as possible. Furthermore, the synergistic effect
on the chosen and rejected log-probabilities reflects a comparable generation likelihood between
the pairwise responses. So we aim at minimizing D 1, (7o (-|z, y;~*) || mo (-2, y5*)) and enhancing
their correlation. This strategy keeps both log-probabilities similar to inspire the chosen response
from the rejected response:

013 = min(Dicr(mo(lz,y™") || mo(-|,y5")) ©)

Finally, we equally integrate 6., and 0; to formulate sequence-level bidirectional KL divergence gap
as follows. The detailed derivation process can be found in Appendix

Lpgro, = —logo (BDseqrr (2,y, Tw || m1) — BDseqrr (T, y, 7 || Tw))
< —logo (B(logme (yw|z) — logmae (yi]x))) (10)
= —logo (B(logm,, — logm;))

Here it can be clearly seen that this standard margin-based form of DGPO. However, DGPO needs
to perform stable policy updates implicitly given the absence of the reference model and additional
hyperparameters. We further apply an adaptive weight (7, + m;) in Lpapo, :

LDGPOZ = 710g0' (6(7‘(11, +7rl)(10g7rw — logm)) (11D

* When the model has a high probability of both chosen and rejected responses for a certain
prompt, it indicates that as (m,, + 7;) increases, the model will increase its intensity to
expand the margin.

* When the model has a low probability of both the chosen and rejected responses for a
certain prompt, it indicates that the model’s chosen and rejected responses probability es-
timates for this prompt are unreliable, and may have deviated from the initial reasonable
distribution. At this time, (7, + 7;) becomes smaller, and the model will weakly optimize
this prompt to avoid further distribution shift.

3.2 How DOES DGPO WORK?

Considering the Equations|6|and , Z—j’ is the important factor which can control more lenient condi-

tion to increase the chosen log-probability. DGPO extend the original h.,(logm,,) and h; (logmz to
hy(logm,, logm;) and hy(logm,,, logm;). Here hy,(a,b) = B(e* + €®)a and hi(a,b) = B(e® + €°)b.
Different from other baselines, h,,(®) and h;(e) in DGPO objective function both are binary func-
tions. Assuming logm,, and logm; are independent, i/, () is the partial derivative of logr,, and h;(e)
is the partial derivative of logr; for Equations [2]and

Core

dl_%_e“+eb+aea_(a+1)ea+eb (12)
d on et tebtbeb (bt 1)ed 4 e

Finally:
dﬂ _ (logmy + 1)y, +m (13)
di  (logm + 1)m + 7y
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Figure 2: The chosen and rejected log-probabilities on the UltraFeedback for DGPO.

During the training process, different from DPO, DGPO observes the current logm,, and logm;.
Actually 0 > logm,, > logm holds due to the inherent characteristic of margin-based alignment.
Under this setting in Appendix [D] we analyze the supported and violated conditions as follows:

Supported Condition (0 > logm,, > logm; > —1). It is easier for logm,, to increase and harder
for logm; to decrease. It is clear that ‘2—1; > 1 all the time for DGPO. As shown in Figure DGPO
provides a more lenient condition for the chosen log-probability increase.

Violated Condition (—1 > logm,, > logm;). At this time 1 > % > (0 means it is harder for logm,,
to increase and easier for log7; to decrease.

We also conduct Mistral 7B and Llama3 8B on HH-RLHF. We show the chosen log-probability in
Table 3] DGPO can still encourage the chosen log-probability increase.

Table 3: The chosen log-probability on HH-RLHF
Step 50 100 150 200

Mistral 7B DPO  -1.22 -1.23 -1.26 -1.30
Mistral 7B DGPO  -1.16 -1.12 -1.09 -1.06
Llama3 8B DPO  -1.07 -1.09 -1.13 -1.15
Llama3 8B DGPO -1.03 -098 -0.95 -0.94

Notably, it can be seen in Section that other margin-based methods rely on extra hyperparam-
eters, content length bias or complex design to support the chosen log-probability increase. These
settings limit the large-scale application of methods for mitigating likelihood displacement. In con-
trast, DGPO achieves a more reasonable and lightweight effect.

4 DOWNSTREAM PERFORMANCE

4.1 SETTING

Due to the significant correlation between the performance of preference optimization algorithms
and upstream SFT models, we utilize the official Mistral 7B Instruct v0.2 (Jiang et al.l 2023) and
Llama3 8B Instruct (AI@Metal [2024) as the initial SFT model for our comparative analysis. As the
instruction-tuned variants, this versions exhibit robust and high-performance capabilities. We use
UltraFeedback (Cui et al.,|2023) as our preference dataset for the present study. We replicate DPO
(Rafailov et al., 2024) and its variants IPO (Azar et al.| [2024)), CPO (Xu et al., 2024)), KTO (Etha-
yarajh et al., 2024), RRHF (Yuan et al.| [2023), SLiC-HF (Zhao et al.| 2023b), ORPO (Hong et al.,
2024)) and SimPO (Meng et al.| 2024). We use the recommended hyperparameters for all baselines
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Figure 3: The efficiency of the Mistral 7B Instruct trained with DGPO and DPO. DGPO saves GPU
memory by 13.6% and reduces run time by 25% compared to DPO.

and conduct distributed training using 8§ x NVIDIA A800 GPUs. The key baselines hyperparame-
ters and more results about Llama3 8B Instruct can be been in Appendix [E|and [F|

4.2 EFFICIENCY

As shown in Figure[3] it is reasonable to see that DGPO outperforms DPO in terms of computational
efficiency (GPU memory and runtime). During the DPO alignment process, positive and negative
feedback undergo a total of four forward propagation calculations through the reference model and
policy model. However, DGPO does not require a reference model, thus requiring less GPU mem-
ory usage. Correspondingly, DGPO only needs to calculate two forward propagations of pairwise
feedback in the policy model during training to reduce run time in each batch.

4.3 MT-BENCH

MT-Bench (Zheng et al.| [2023)) employs 80 high-quality two-turn questions to assess the answers
produced by LLMs, utilizing GPT4 as the evaluation judge. To achieve more precise results, we
adopt GPT4-1106-preview as the judge, superseding GPT4 in this benchmark. We use FastChaﬂ
(Zheng et al., 2023) to evaluate all the models. We present the results for each dialogue turn, includ-
ing the average score and a radar chart, to comprehensively illustrate the performance of the models
in Figure ] In the initial dialogue turn, DPO demonstrates superior performance, surpassing other
methods. However, its performance declines significantly in the subsequent turn. The radar chart
further shows that DGPO exhibits outstanding performance in the Reasoning and STEM tasks. The
overall results in Figure [ and Table [7] obtained for DGPO consistently demonstrate exceptional
performance across these two turns.

4.4 ALPACAEVAL 2

AlpacaEval 2 (Dubois et al.,[2024) is an automatic evaluation based on LLMs, using the AlpacaFarm
evaluation set (Dubois et al.,[2023) for comprehensive assessment. LLMs and GPT4-1106-preview
generate base responses and reference responses, respectively. These responses are then compared
using an automatic annotator (GPT4-1106-preview) to ascertain the winning rate, which quantifies
the performance of the LLMs. We use alpaca_eval ﬁ (Li et al., [2023)) to evaluate all the models with
0.5 temperature. In Figure [5]both Win Rate and Length Controlled Win Rate, DGPO demonstrates
improved results in comparison to DPO respectively. This observation in Figure [5] and Figure [9]
suggests that, beyond fundamental abilities, DGPO has weaker performance in Length Controlled
Win Rate. This is attributed to the lack of length normalization in DGPO.

4.5 ARENA HARD

Arena Hard (Li et al.l [2024) contains 500 challenging questions filtered from data on the Chatbot
Arena platform (Chiang et al., 2024), then performes automatic evaluation through GPT4. This
benchmark combines community user feedback and automated evaluation to ensure the quality and

“https://github.com/Im-sys/FastChat
*https://github.com/tatsu-lab/alpaca_eval
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Figure 4: MT-Bench performance. Although DGPO does not achieve the highest rating in the initial
evaluation round, it consistently maintaines a high rating and demonstrates superior performance in
the later round, ultimately culminating in the best overall result. Furthermore, across the eight tasks
in MT-Bench, DGPO achieves notable improvement in the Reasoning and STEM tasks.
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Figure 5: AlpacaEval 2 performance. DGPO demonstrates superior performance relative to other
baselines in Win Rate. This indicates DGPO’s effectiveness in generating responses that are well-
aligned with expected outcomes. However, due to the lack of length normalization in DGPO, the
improvement on Length Controlled Win Rate is not significant enough for SimPO.

diversity of evaluation data. We use arena-hard-auto E] and take GPT4 as the judge. As show in
Figure[6]and [I0] DGPO have the optimal Win Rate and better 95% confidence interval.

4.6 OPEN LLM LEADERBOARD

Open LLM Leaderboard (Beeching et al.,|2023) encompasses multiple sub-evaluation benchmarks,
each employing distinct datasets (TruthfulQA (Lin et al, 2021)), HellaSwag (Zellers et al.l |2019),
GSM-8K (Cobbe et al., 2021), WindGrande (Sakaguchi et al.| [2021)), ARC (Clark et al.l [2018])
and MMLU (Hendrycks et al.| 2020)) to assess performance across various dimensions. These
benchmark tests are designed to cover a broad spectrum of domains and tasks, and they evaluate the
performance of LLMs by assessing its overall efficacy across all benchmarks collectively. We use
Im-evaluation-harness E] (Gao et al.|, [2024) to evaluate all the models on multiple benchmarks. In

*https://github.com/lmarena/arena-hard-auto
>https://github.com/Eleuther Al/lm-evaluation-harness
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Figure 6: Arena Hard performance. The Win Rate of DGPO is optimal, and its 95 % confidence
interval is relatively higher.

Table 4: Open LLM Leaderboard performance. DGPO outperforms other baselines overall.
Method  TruthfulQA HellaSwag GSM-8K WinoGrande ARC MMLU = Average

SFT 66.8 83.7 41.3 77.9 56.0 60.7 64.4
DPO 66.7 84.5 42.5 71.4 56.2 60.4 64.6
PO 67.4 83.7 41.4 77.6 56.4 60.5 64.5
CPO 67.4 83.6 41.5 76.4 56.9 59.9 64.3
KTO 68.4 84.3 41.8 71.6 57.0 61.1 65.0
RRHF 68.1 84.6 38.2 76.6 60.5 59.8 64.6
SLiC-HF 65.3 84.1 40.0 76.9 58.4 60.0 64.1
ORPO 67.4 83.7 39.3 76.8 59.2 60.4 64.5
SimPO 69.0 84.1 40.3 78.7 59.4 60.5 65.3
DGPO 70.1 84.6 41.3 78.5 57.1 60.9 65.4

Table[d] and [8] DGPO takes optimal performance on some sub-evaluation benchmarks. Then DGPO
is competitive in terms of average results.

4.7 ABLATION STUDIES

B8  MT-Bench WR(%) LC(%)

2oos 1 6.35 2891 2542
> 006 2 6.43 3147  26.00
2.5 6.53 3678 30.27

0.0t 3 6.31 2973 24.15

1‘0 2‘0 3‘0 4b
Step

Figure 7: log-probability margin and performance on different 5 values.
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As shown in Figure[7} in the alignment objective function, the parameter 3 serves as a temperature
scaling factor, utilized to adjust the implicit reward margin. This parameter governs the extent of
reliance on the behavior exhibited by the real distribution during the course of the optimization
process. We employ various values of g to train the model, with the aim of investigating its impact
on the training outcomes. We also report the reward margin, utilizing 3 values of 1, 2, 2.5, and 3. A
clear trend is observed that the margin exhibits an increase as the value of /3 is incremented and The
best 3 value is 2.5.

Within the DGPO, during the interaction between pairwise feedback, their respective optimization
strategies (0, and #;) remain independent of one another. In this section, we examine the impact of
KL divergence term on the performance of DGPO. In Table[5|when employing a single optimization
strategy, it is observed that the model maintains a high performance level similar to DGPO in the
first turn of question answering on the MT-Bench. However, a significant decline in performance is
evident in the second turn of question answering. For AlpacaEval 2, DGPO consistently maintains
the highest win rate.

Table 5: Ablation studies performance on each term.

Method MT-Bench AlpacaEval 2
CMOC st Turn  2nd Turn  Average LC(%) WR(%)
W/ 0, 6.42 6.14 6.28 2586 2747
w/ 6, 6.50 5.90 620 2838  25.64

DGPO  6.51 6.54 653 3027 3678

5 CONCLUSION

We present Divergence Gap Preference Optimization (DGPO), a lightweight method that mitigates
likelihood displacement in margin-based preference optimization by exploiting a bidirectional KL
divergence gap. Our theoretical analysis shows that DGPO refines the gradient entanglement con-
dition to better support the chosen log-probability increase, and experiments across multiple bench-
marks demonstrate its superior performance compared to strong baselines, while improving training
efficiency. We believe DGPO provides a simple yet principled approach to more scalable and stable
alignment.
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Then we have open-sourced our training code for the training process, which is available at
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tions throughout the paper, fully guarantee the reproducibility of our research findings and enable
other researchers to validate and build upon our work.

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical

10



Under review as a conference paper at ICLR 2026

report. arXiv preprint arXiv:2303.08774, 2023.

Al@Meta. Llama 3 model card. 2024. URL https://github.com/meta—-1lama/
llama3/blob/main/MODEL_CARD.md.

Mohammad Gheshlaghi Azar, Zhaohan Daniel Guo, Bilal Piot, Remi Munos, Mark Rowland,
Michal Valko, and Daniele Calandriello. A general theoretical paradigm to understand learn-
ing from human preferences. In International Conference on Artificial Intelligence and Statistics,
pp. 4447-4455. PMLR, 2024.

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell, Anna Chen, Nova DasSarma, Dawn
Drain, Stanislav Fort, Deep Ganguli, Tom Henighan, et al. Training a helpful and harmless
assistant with reinforcement learning from human feedback. arXiv preprint arXiv:2204.05862,
2022.

Edward Beeching, Clémentine Fourrier, Nathan Habib, Sheon Han, Nathan Lambert, Nazneen Ra-
jani, Omar Sanseviero, Lewis Tunstall, and Thomas Wolf. Open llm leaderboard hugging face.
Récupérée mai, 24:2024, 2023.

Ralph Allan Bradley and Milton E Terry. Rank analysis of incomplete block designs: 1. the method
of paired comparisons. Biometrika, 39(3/4):324-345, 1952.

Wei-Lin Chiang, Lianmin Zheng, Ying Sheng, Anastasios Nikolas Angelopoulos, Tianle Li,
Dacheng Li, Hao Zhang, Banghua Zhu, Michael Jordan, Joseph E. Gonzalez, and Ion Stoica.
Chatbot arena: An open platform for evaluating llms by human preference, 2024.

Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences. Advances in neural information processing sys-
tems, 30, 2017.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
arXiv preprint arXiv:1803.05457, 2018.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, et al. Training verifiers to
solve math word problems. arXiv preprint arXiv:2110.14168, 2021.

Ganqu Cui, Lifan Yuan, Ning Ding, Guanming Yao, Wei Zhu, Yuan Ni, Guotong Xie, Zhiyuan Liu,
and Maosong Sun. Ultrafeedback: Boosting language models with high-quality feedback. arXiv
preprint arXiv:2310.01377, 2023.

Tri Dao. Flashattention-2: Faster attention with better parallelism and work partitioning. arXiv
preprint arXiv:2307.08691, 2023.

Yann Dubois, Xuechen Li, Rohan Taori, Tianyi Zhang, Ishaan Gulrajani, Jimmy Ba, Carlos
Guestrin, Percy Liang, and Tatsunori B. Hashimoto. Alpacafarm: A simulation framework for
methods that learn from human feedback, 2023.

Yann Dubois, Baldzs Galambosi, Percy Liang, and Tatsunori B Hashimoto. Length-controlled al-
pacaeval: A simple way to debias automatic evaluators. arXiv preprint arXiv:2404.04475, 2024.

Kawin Ethayarajh, Winnie Xu, Niklas Muennighoff, Dan Jurafsky, and Douwe Kiela. Kto: Model
alignment as prospect theoretic optimization. arXiv preprint arXiv:2402.01306, 2024.

Duanyu Feng, Bowen Qin, Chen Huang, Zheng Zhang, and Wenqiang Lei. Towards analyzing and
understanding the limitations of dpo: A theoretical perspective. arXiv preprint arXiv:2404.04626,
2024.

Leo Gao, Jonathan Tow, Baber Abbasi, Stella Biderman, Sid Black, Anthony DiPofi, Charles Fos-
ter, Laurence Golding, Jeffrey Hsu, Alain Le Noac’h, Haonan Li, Kyle McDonell, Niklas Muen-
nighoff, Chris Ociepa, Jason Phang, Laria Reynolds, Hailey Schoelkopf, Aviya Skowron, Lin-
tang Sutawika, Eric Tang, Anish Thite, Ben Wang, Kevin Wang, and Andy Zou. A framework
for few-shot language model evaluation, 07 2024. URL https://zenodo.org/records/
12608602

11


https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://zenodo.org/records/12608602
https://zenodo.org/records/12608602

Under review as a conference paper at ICLR 2026

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and
Jacob Steinhardt. Measuring massive multitask language understanding. arXiv preprint
arXiv:2009.03300, 2020.

Jiwoo Hong, Noah Lee, and James Thorne. Reference-free monolithic preference optimization with
odds ratio. arXiv preprint arXiv:2403.07691, 2024.

Hamish Ivison, Yizhong Wang, Valentina Pyatkin, Nathan Lambert, Matthew Peters, Pradeep
Dasigi, Joel Jang, David Wadden, Noah A Smith, Iz Beltagy, et al. Camels in a changing cli-
mate: Enhancing Im adaptation with tulu 2. arXiv preprint arXiv:2311.10702, 2023.

Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh Chaplot,
Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile Saulnier, et al.
Mistral 7b. arXiv preprint arXiv:2310.06825, 2023.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap, Banghua Zhu, Joseph E Gonzalez, and Ion
Stoica. From live data to high-quality benchmarks: The arena-hard pipeline, 2024.

Xuechen Li, Tianyi Zhang, Yann Dubois, Rohan Taori, Ishaan Gulrajani, Carlos Guestrin, Percy
Liang, and Tatsunori B. Hashimoto. Alpacaeval: An automatic evaluator of instruction-following
models. https://github.com/tatsu-lab/alpaca_evall 52023.

Stephanie Lin, Jacob Hilton, and Owain Evans. Truthfulga: Measuring how models mimic human
falsehoods. arXiv preprint arXiv:2109.07958, 2021.

Fei Liu et al. Learning to summarize from human feedback. In Proceedings of the 58th Annual
Meeting of the Association for Computational Linguistics, pp. 583-592, 2020.

Zhihan Liu, Miao Lu, Shenao Zhang, Boyi Liu, Hongyi Guo, Yingxiang Yang, Jose Blanchet, and
Zhaoran Wang. Provably mitigating overoptimization in rlhf: Your sft loss is implicitly an adver-
sarial regularizer. arXiv preprint arXiv:2405.16436, 2024.

I Loshchilov. Decoupled weight decay regularization. arXiv preprint arXiv:1711.05101, 2017.

Yu Meng, Mengzhou Xia, and Dangi Chen. Simpo: Simple preference optimization with a
reference-free reward. arXiv preprint arXiv:2405.14734, 2024.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to fol-
low instructions with human feedback. Advances in neural information processing systems, 35:
27730-27744, 2022.

Arka Pal, Deep Karkhanis, Samuel Dooley, Manley Roberts, Siddartha Naidu, and Colin White.
Smaug: Fixing failure modes of preference optimisation with dpo-positive. arXiv preprint
arXiv:2402.13228, 2024.

Ethan Perez, Saffron Huang, Francis Song, Trevor Cai, Roman Ring, John Aslanides, Amelia
Glaese, Nat McAleese, and Geoffrey Irving. Red teaming language models with language models.
arXiv preprint arXiv:2202.03286, 2022.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model. Advances
in Neural Information Processing Systems, 36, 2024.

Noam Razin, Sadhika Malladi, Adithya Bhaskar, Danqi Chen, Sanjeev Arora, and Boris Hanin.
Unintentional unalignment: Likelihood displacement in direct preference optimization. arXiv
preprint arXiv:2410.08847, 2024.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavatula, and Yejin Choi. Winogrande: An adver-
sarial winograd schema challenge at scale. Communications of the ACM, 64(9):99—-106, 2021.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

12


https://github.com/tatsu-lab/alpaca_eval

Under review as a conference paper at ICLR 2026

Fahim Tajwar, Anikait Singh, Archit Sharma, Rafael Rafailov, Jeff Schneider, Tengyang Xie, Ste-
fano Ermon, Chelsea Finn, and Aviral Kumar. Preference fine-tuning of llms should leverage
suboptimal, on-policy data. arXiv preprint arXiv:2404.14367, 2024.

Lewis Tunstall, Edward Beeching, Nathan Lambert, Nazneen Rajani, Kashif Rasul, Younes Belkada,
Shengyi Huang, Leandro Von Werra, Clémentine Fourrier, Nathan Habib, et al. Zephyr: Direct
distillation of Im alignment. arXiv preprint arXiv:2310.16944, 2023.

Haoran Xu, Amr Sharaf, Yunmo Chen, Weiting Tan, Lingfeng Shen, Benjamin Van Durme, Kenton
Murray, and Young Jin Kim. Contrastive preference optimization: Pushing the boundaries of 1lm
performance in machine translation. arXiv preprint arXiv:2401.08417, 2024.

Xiliang Yang, Feng Jiang, Qianen Zhang, Lei Zhao, and Xiao Li. Dpo-shift: Shifting the distribution
of direct preference optimization. arXiv preprint arXiv:2502.07599, 2025.

Hongyi Yuan, Zheng Yuan, Chuanqgi Tan, Wei Wang, Songfang Huang, and Fei Huang. Rrhf: Rank
responses to align language models with human feedback. Advances in Neural Information Pro-
cessing Systems, 36:10935-10950, 2023.

Hui Yuan, Yifan Zeng, Yue Wu, Huazheng Wang, Mengdi Wang, and Liu Leqi. A common
pitfall of margin-based language model alignment: Gradient entanglement. arXiv preprint
arXiv:2410.13828, 2024a.

Lifan Yuan, Ganqu Cui, Hanbin Wang, Ning Ding, Xingyao Wang, Jia Deng, Boji Shan, Huimin
Chen, Ruobing Xie, Yankai Lin, et al. Advancing llm reasoning generalists with preference trees.
arXiv preprint arXiv:2404.02078, 2024b.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi, and Yejin Choi. Hellaswag: Can a ma-
chine really finish your sentence? arXiv preprint arXiv:1905.07830, 2019.

Yanli Zhao, Andrew Gu, Rohan Varma, Liang Luo, Chien-Chin Huang, Min Xu, Less Wright,
Hamid Shojanazeri, Myle Ott, Sam Shleifer, et al. Pytorch fsdp: experiences on scaling fully
sharded data parallel. arXiv preprint arXiv:2304.11277, 2023a.

Yao Zhao, Rishabh Joshi, Tianqi Liu, Misha Khalman, Mohammad Saleh, and Peter J Liu. Slic-hf:
Sequence likelihood calibration with human feedback. arXiv preprint arXiv:2305.10425, 2023b.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in Neural Information Processing Systems, 36:46595-46623, 2023.

Daniel M Ziegler, Nisan Stiennon, Jeffrey Wu, Tom B Brown, Alec Radford, Dario Amodei, Paul
Christiano, and Geoffrey Irving. Fine-tuning language models from human preferences. arXiv
preprint arXiv:1909.08593, 2019.

13



Under review as a conference paper at ICLR 2026

A LIKELIHOOD DISPLACEMENT IN GRADIENT ENTANGLEMENT

Given the input prompt, LLMs generate responses token by token by mapping the token to logits,
applying the softmax function to produce probability distributions and choosing the token with the
highest probability. The probability distribution of the current output token depends on the previous
tokens. Here we assume that the positive and negative feedback lengths are L and the current token
probability distribution is as follows:

m(y) = HiLzl 7(yilyi<L) (14)

Under the theorem assumption of gradient entanglement (Yuan et al.,|2024a)), When the positive and
negative feedback are the same from 14, to m — 1, token in a sequence of length L, it is clear that
the per-token chosen log-probability keeps unchanged with first-order Taylor expansion as follows:

Alogm,, =~ 0 (15)

Following the assumption (Pal et al.,[2024), 7, ;[j*] > m;.;[j7] and 7y, ;:[j] > 7. [5](J # 77). When
they are different on the myj, token, the chosen log-probability increase as follows:

AT (Ym|Y<m) = 1+ (Ww,m[j*] - 7rw,m[k*]) >0 (16)

where j* and k* are the indices of y,,[m] and y;[m] in the vocabulary. If the remaining tokens from
m + 1, to Ly, are equal, the chosen log-probability will decrease as follows:

A7Tw(yi|y<i) ~ (1 - sz[]ﬂ)(mz[]z*] - 7Tw,i[j;:k]) - Z un,i[j](ﬂu[j} - Wiv,i[j]) <0 (17
J#3}

Therefore, the length of the same prefix has little effect on the log-probability. However, combined
with Equation 4] and [3] it is clear that once the positive and negative feedback are highly similar
and mostly clustered in the suffix, the log-probability of positive and negative feedback decreases
synergistically, which is called likelihood displacement.

B UNRELATED NEGATIVE FEEDBACK

—0.481 —e— chosen
rejected

—e— chosen

—0.4251 rejected

—0.450 1

—0.4751

=) =)
S _o54 8 -0.500
—0.5251
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Figure 8: The chosen and rejected log-probabilities with meaningless negative feedback for DPO.
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C DERIVATION

Lpapo, = —1ogo (BDseqrr (.Y, Tw || M) — BDseqrcr (.Y, 7 || Tw))

= —logo /BZDKL mo (-l ys’) | mo (e, y) = B Drcr(mo(-la, y) || m,(.x,y;i))>

i=1

— _logo <ﬂ o Wil yw ) log m(ylm,yiii))))

79 ylz|1' y ) 7'I-G(y’w,ih:?yw

= —logo 5 = 10g7r9(yz,i|x7yz<i))>

< —logo (B( 10g779(yw|x) logmg (yi]z))) (We put 2 into /)
(18)
D CONDITION

X

We still follow a = logm,, and b = logm;. Here we get 0 > a > b. Then we set f(z) = ze®:
fi(@) = (2 + 1)e” (19)
* —1> z: f(z) is monotonically decreasing.
* > —1: f(z) is monotonically increasing.
Therefore in Equation [12}
. O>a>b>—1:0>ae“>bebandd—l>1

'71>a>b:0>beb>aeaand1>d—l>0

E SETTING

During the training process, we use Flash Attention 2 (Daol 2023), a memory efficient and fast
attention mechanism that significantly improves the speed of model training and inference by opti-
mizing the computation process and memory usage. For DGPO and all baselines, we load the model
with bf16 and conduct distributed training through Fully Sharded Data Parallel (FSDP) (Zhao et al.,
2023a). We use AdamW (Loshchilov} [2017) optimizer and control the max length to 2048. Mean-
while We train one epoch on 8 NVIDIA A800 GPUs using 16 global batch size and 0.1 warmup
ratio. We select recommended hyperparameters for each baseline, as shown in Table 6]

Table 6: Baselines hyperparameters.

Baselines Hyperparameters
DPO £ =0.01
IPO T=0.5
CPO a=16=0.01
KTO Ao =1XN=15=0.01
RRHF A=1
SLiC-HF B=1A=1
ORPO A=1
SimPO B=25~v=1
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F LLAMA3 8B INSTRUCT

Table 7: MT-Bench performance on Llama3 8B Instruct
Method  1st Turn 2nd Turn = Average

SFT 6.91 6.73 6.82
DPO 7.04 6.74 6.89
IPO 7.09 6.77 6.93
CPO 7.07 6.83 6.95
KTO 6.75 6.93 6.84
RRHF 6.72 6.84 6.78
SLiC-HF 6.95 6.65 6.80
ORPO 6.80 6.84 6.82
SimPO 7.16 6.68 6.92
DGPO 7.12 6.82 6.97
WR LC
45 - WA s 035
40.15 40.62
40 1 37.54
;\3 3 34.9735.21
= 5 1 2.91
é i n2a 30.92
E 30 1 28.66 28.25 2710707 27.3528.61
a
25 A 22.5722.92
20 T T T T T T T T T T
SFT DPO IPO CPO KTO ~ RRHF SLIC-HF ORPO  SimPO  DGPO
Figure 9: AlpacaEval 2 performance on Llama3 8B Instruct.
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Figure 10: Arena Hard performance on Llama3 8B Instruct.
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Table 8: Open LLM Leaderboard performance on Llama3 8B Instruct
Method  TruthfulQA HellaSwag GSM-8K WinoGrande ARC MMLU = Average

SFT 51.3 76.2 69.2 74.4 59.8 67.0 66.3
DPO 55.6 79.2 58.4 74.9 63.5 68.0 66.6
IPO 53.1 75.6 59.7 74.7 61.3 68.4 65.5
CPO 559 77.2 67.0 72.6 62.8 69.2 67.5
KTO 57.3 76.5 61.4 73.6 63.4 69.0 66.9
RRHF 52.5 78.9 67.3 73.6 61.6 67.3 66.9
SLiC-HF 52.0 77.4 68.1 73.5 61.2 69.7 67.0
ORPO 56.2 77.1 60.9 74.4 62.6 67.8 66.5
SimPO 57.5 78.3 60.0 73.8 62.6 68.5 66.8
DGPO 58.9 78.7 60.2 74.2 62.3 68.6 67.2

G RELATED WORK

RLHF The core objective of aligning preferences for LLMs (Christiano et al.,|2017) is to ensure
that their behavior conforms to human values and ethical standards while minimizing erroneous out-
puts and biases. In RLHF, reinforcement learning techniques are combined with human feedback:
evaluations of model-generated outputs are collected to train reward models. These reward models
then guide the training of LLMs, optimizing the generated content to better align with human pref-
erences. During the RLHF training process, the Bradley-Terry model (Bradley & Terryl [1952) is
utilized to construct a reward function that assigns reward values based on how closely the model’s
outputs match human preference data. Reinforcement learning algorithms subsequently leverage
this reward function to refine the model’s behavior, thereby enabling it to generate outputs that yield
higher rewards.

DPO DPO (Rafailov et al., 2024) establishes a connection between the reward function and opti-
mization strategy through the reparameterization of the reward model. This reparameterization facil-
itates a direct transition from reward optimization to strategy optimization, thereby enabling LLMs
to achieve alignment using only simple classification loss. The approach not only obviates the need
for an additional intermediate reward model and complex reinforcement learning algorithms during
the alignment process but also establishes a theoretical framework for deriving strategies directly
from human preferences.

H EXAMPLE COMPLETION

In Table@ we use HuggingFace Pipelinesﬂ to present the answers given by Mistral 7B Instruct and
Mistral 7B Instruct DGPO to a question from AlpacaEval 2 (Should I get my children a nanny? I'm
so exhausted.). It can be seen that the model trained with DGPO provides more reasonable answers.

I LLM USAGE

The large language model (LLM) is used only to aid in polishing the writing and improving read-
ability. The LLM does not generate research ideas, experimental designs, analyses, or conclusions.

Shttps://huggingface.co/docs/transformers/main_classes/pipelines
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Table 9: Example Completion on AlpacaEval 2.

Question

Should I get my children a nanny? I’'m so exhausted.

Mistral-7B-Instruct

Deciding whether to hire a nanny is a personal decision that
depends on various factors. Here are some things to con-
sider:

1. Your budget: Hiring a nanny can be expensive, and you
need to make sure you can afford it.

2. Your children’s needs: Do your children require constant
supervision or care? Do they have any special needs that a
nanny could help with?

3. Your work schedule: If you work long hours or have
an irregular schedule, a nanny could be a good solution to
ensure your children are cared for when you can’t be there.
4. Your family values: Consider your family values and
whether having a nanny aligns with them.

5. Alternatives: Have you considered other options, such as
a part-time babysitter, daycare, or family member?
Ultimately, the decision is yours, and it’s important to weigh
the pros and cons carefully before making a decision. If you
do decide to hire a nanny, make sure to thoroughly vet them
and ensure they are a good fit for your family.

Mistral-7B-Instruct-DGPO

Deciding whether to hire a nanny is a significant decision
that depends on various factors beyond just your personal
exhaustion. Here are some considerations to help you make
an informed choice:

1. Budget: Hiring a nanny can be expensive, as you’ll need
to cover their salary, taxes, and benefits (if offered). You’ll
also need to provide them with a safe working environment
and necessary equipment. Make sure you can afford the on-
going costs before making a commitment.

2. Childcare needs: Evaluate how much childcare you truly
require. If you have young children with irregular schedules
or special needs, a nanny might be an excellent investment.
However, if your children attend school or daycare during
the day, and you only need occasional help, other options
like a part-time babysitter or a parent cooperative might be
more cost-effective.

3. Family dynamics: Consider the impact on your family
dynamics. Hiring a nanny can provide valuable support, but
it also introduces a new person into your home. Make sure
all family members are comfortable with the arrangement
and understand their roles and responsibilities.

4. Quality of care: Research potential nannies thoroughly
to ensure they have the necessary qualifications, experience,
and references. A good nanny can provide high-quality, in-
dividualized care for your children, but a poorly matched or
unqualified nanny could create more stress and chaos.

5. Alternatives: Explore other options before deciding on a
nanny. Consider flexible work arrangements, splitting child-
care duties with your partner, or enlisting the help of fam-
ily members or friends. You might also look into commu-
nity resources, such as parent cooperatives or local support
groups, for additional assistance.

Ultimately, the decision to hire a nanny should be based on
a thorough evaluation of your family’s needs, budget, and
priorities. If, after careful consideration, you determine that
a nanny is the best solution for your situation, take the time
to find a qualified and trustworthy individual who can pro-
vide the support and care your family needs.
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