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Abstract
The scaling parameter β in Direct Preference Optimization
governs a fundamental trade-off: low β produces weak gradi-
ents that fail to learn from ambiguous preferences, while high
β amplifies updates and causes excessive drift from the refer-
ence policy. Prior work treats β as fixed or scheduled through-
out training. We introduce DualLoop-DPO, which modulates
β via dual feedback: a fast loop raises β temporarily on high-
uncertainty batches to enforce stronger preference margins,
while a slow loop uses EMA-smoothed KL tracking to regu-
late policy drift. Experiments on preference alignment bench-
marks show consistent improvements over existing static-β,
β-scheduling, and dynamic-β baselines. These findings sug-
gest that dual-loop β control—responding to uncertainty for
learning and divergence for stability—offers a promising di-
rection for preference-based fine-tuning.

Introduction
Direct Preference Optimization (DPO) (Rafailov et al. 2023)
aligns language models via a Bradley-Terry loss, where the
KL penalty β balances alignment strength against reference-
policy drift. A static β creates a dilemma: low values cause
gradient laziness on uncertain prompts, while high values
induce global drift (Xu et al. 2024). Most DPO variants fix
β or anneal it across training steps.

We introduce DualLoop-DPO, which adjusts β online
via dual-loop feedback: a fast loop reacts to batch en-
tropy, and a slow loop tracks KL divergence via exponen-
tial moving average (EMA). We compare this controller
against tuned Static/Annealed baselines and recent dynamic-
β methods (Beta-DPO, Epsilon-DPO) on Qwen2.5-7B-
Instruct, demonstrating consistent wins across UltraFeed-
back, HelpSteer2, and Sycophancy-Eval under a 120-step
budget.

Method
The DPO loss gradient for model parameters θ is propor-
tional to the implicit reward margin M :

∥∇θL∥ ∝ β · |σ(−βM)| · ∥∇M∥, (1)

where M = log πθ(yw)
πref (yw)−log

πθ(yl)
πref (yl)

and σ is the sigmoid.
When the model is uncertain (M ≈ 0), σ(−βM) ≈ 0.5
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and the effective gradient magnitude scales as 0.5β∥∇M∥.
A static low β therefore produces gradient laziness, while a
high β amplifies all gradients and induces global drift away
from the reference policy.

DualLoop-DPO treats β as a dynamic gain controlled by
two lightweight feedback loops. The fast loop reacts to high
batch entropy H̃ via

βtotal = βbase(1 + λH̃), (2)
upweighting high-uncertainty examples to enforce larger
preference margins, thereby improving the model’s discrim-
inative capacity on ambiguous prompts. The slow loop pro-
vides a stabilizing counterpart by tracking the exponential
moving average of KL divergence, KLema, and adjusting
the baseline:

βt+1
base ← βt

base exp

(
η
KLema −KLtarget

KLtarget

)
, (3)

constraining long-term policy drift to ensure the model re-
tains its reference capabilities even as the fast loop applies
increased penalties to challenging examples. We implement
the controller with EMA smoothing (α = 0.1), a 10% dead-
band around the target, βbase clipping to [0.05, 2.0], and
default hyperparameters KLtarget = 0.04, βinit = 0.1,
λ = 4.0, η = 0.01.

We train on a 0.5% UltraFeedback (Cui et al. 2023) sub-
sample (∼300 pairs) using 4-bit QLoRA on Qwen2.5-7B-
Instruct for 120 steps (effective batch size 4, learning rate
5 × 10−6, seed 42). All baselines share this configuration,
differing only in β schedules.

Evaluation spans five phases: (i) fixed-β sweep; (ii) main
UltraFeedback comparison; (iii) ablations; (iv) generaliza-
tion (HelpSteer2 (Wang et al. 2024), Anthropic HH (Bai
et al. 2022), Sycophancy-Eval (Sharma et al. 2023)); (v)
dynamic-β baselines (Beta-DPO, Epsilon-DPO). Win rates
are computed via blind pairwise judging by GPT-4o-mini
(primary) and Gemini 2.0 Flash (secondary), evaluating re-
sponse pairs generated for the same N = 50–200 prompts
per comparison. Cross-judge agreement is 83.3% (Phase 2)
and 76.8% overall (Cohen’s κ ≈ 0.38), with disagreement
concentrated on near-tie cases.

Experiments and Results
Phase 1: Baseline selection. A hyperparameter sweep over
β ∈ {0.05, 0.1, 0.2} identifies β = 0.2 as the strongest
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Comparison Win Rate 95% CI

DualLoop-DPO vs. Base 87.0% [83.7, 90.3]
DualLoop-DPO vs. Static 86.3% [82.9, 89.6]
DualLoop-DPO vs. Annealed 86.0% [82.6, 89.4]

Table 1: UltraFeedback win rates aggregated over GPT-4o-
mini and Gemini 2.0 Flash judges. Models generate re-
sponses to 200 held-out prompts; both judges perform blind
pairwise comparisons on all pairs, yielding N = 400 deci-
sions per model comparison.

Dataset vs. Static vs. Annealed vs. Base

HelpSteer2 86.0% 85.8% 84.8%
Sycophancy-Eval 75.0% 76.0% 77.0%
Anthropic HH 83.3% 79.8% 30.5%

Table 2: Generalization win rates for DualLoop-DPO on
three out-of-distribution datasets. Each dataset uses 200
evaluation prompts with dataset-specific judging criteria.
Win rates are aggregated over GPT-4o-mini and Gemini 2.0
Flash judges.

static baseline (92% vs. base under GPT-4o-mini, 84% un-
der Gemini) via judge evaluation of model responses to 50
UltraFeedback prompts.
Phase 2: Main comparison. On 200 held-out UltraFeed-
back prompts, Table 1 shows that DualLoop-DPO achieves
87% win rate vs. base and ≈86% vs. Static/Annealed base-
lines.
Phase 3: Ablations. Removing EMA drops win rate from
86% to 78%, confirming EMA as the critical stabilizer.
Fast-loop or clipping removal yields moderate degradation
(80%); deadband removal has negligible effect.
Phase 4: Generalization. We test whether the
UltraFeedback-trained adaptive model generalizes to
three out-of-distribution evaluation sets targeting distinct
behaviors: HelpSteer2 (Wang et al. 2024) for helpfulness
and instruction-following, Sycophancy-Eval (Sharma et al.
2023) for resisting flattery and correcting false premises, and
Anthropic HH (Bai et al. 2022) for safety and red-teaming.

For each dataset, we construct a 200-prompt evalua-
tion set. All four models (DualLoop-DPO, Static, An-
nealed, Base) generate one response per prompt, and two
LLM judges perform binary A/B comparisons with dataset-
specific criteria: “Which response is more helpful and well-
structured?” on HelpSteer2, “Which response is more truth-
ful and less sycophantic?” on Sycophancy-Eval, and “Which
response is safer?” on Anthropic HH.

Table 2 shows strong transfer to HelpSteer2 (86% vs.
Static) and Sycophancy-Eval (77% vs. Base). On An-
thropic HH, all DPO variants underperform the base model
(DualLoop-DPO 30.5% vs. Base), yet DualLoop-DPO de-
grades least among DPO variants (83.3% vs. Static, 79.8%
vs. Annealed).
Phase 5: Dynamic-β baselines. We compare against Beta-
DPO (Wu et al. 2024) (batch-margin adaptation) and

Method Primary Secondary

vs. Beta-DPO 91.3% 63.8%
vs. Epsilon-DPO 91.0% 63.9%

Table 3: Win rates of DualLoop-DPO vs. dynamic-β base-
lines on UltraFeedback under the Phase 2 evaluation setup.

Epsilon-DPO (Lee et al. 2025) (perturbation-based KL con-
trol) under the same UltraFeedback training and evaluation
setup as Phase 2. Table 3 shows results split by judge. Pri-
mary judge (GPT-4o-mini) consistently favors DualLoop-
DPO (>91%); secondary (Gemini) shows moderate agree-
ment (∼64%). Aggregated across both judges, DualLoop-
DPO achieves 77.6% vs. Beta-DPO and 77.5% vs. Epsilon-
DPO. Both judges prefer DualLoop-DPO; disagreement re-
flects stylistic divergence on near-ties.

Discussion and Conclusion
DualLoop-DPO consistently outperforms Static/Annealed
baselines (86% win rate) and dynamic-β methods (77.5%
vs. Beta-DPO/Epsilon-DPO) across UltraFeedback, Help-
Steer2, and Sycophancy-Eval. Ablations confirm EMA
smoothing as the critical stabilizer. These results suggest that
dual-loop KL control is a promising alternative for DPO-
style alignment.

Anthropic HH reveals a broader limitation: all DPO vari-
ants underperform the base model on this out-of-distribution
safety set, though DualLoop-DPO degrades least among
DPO variants (83% vs. Static). Closing this gap likely
requires multi-objective control or richer safety signals.
Notably, these gains were achieved with just ∼300 pairs
over 120 steps, highlighting DualLoop-DPO’s potential for
resource-limited practitioners.

Limitations
Results rely on automated judges (GPT-4o-mini, Gemini)
over N = 50–200 prompts; no formal human evaluation
study is performed. Cross-judge agreement (Cohen’s κ ≈
0.38) reflects stylistic divergence on near-ties. Controller
hyperparameters were tuned on UltraFeedback; transfer to
larger scales is untested. The entropy-based β adaptation as-
sumes high-entropy examples reflect epistemic uncertainty
rather than aleatoric label noise; preliminary flip-rate di-
agnostics (re-judging 90 prompts ×3) showed stable ∼7%
flip rates across entropy buckets, supporting this assumption,
though formal verification on other datasets is needed. Ad-
ditional baselines (IPO, SimPO, KTO) remain future work.

Ethical Statement
Datasets (UltraFeedback, HelpSteer2, Anthropic HH,
Sycophancy-Eval) reflect specific annotator demographics
and may encode biases. Improved scores do not imply broad
safety. Automated judges inherit their own biases; human
evaluation is encouraged for future work.
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