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Abstract

Aligning large language models (LLMs) with
human preferences is challenging due to the in-
herent heterogeneity and multi-dimensionality
of these preferences. Existing inference-time
multi-objective alignment methods often rely
on fixed weights to combine preference mod-
els. However, different tokens contribute un-
equally to preference objectives during decod-
ing. Ignoring such token-level variation may
cause the loss of preference information and
lead to objective interference. To alleviate this,
we utilize the implicit rewards of preference
models to estimate importance differences be-
tween tokens, and propose a new training-free
and reward-free framework TAW to dynami-
cally balance multiple objectives for inference-
time alignment. We design the relative entropy
and marginal entropy estimators to quantify
the informativeness and uncertainty of prefer-
ence objectives. TAW with the estimator en-
sures that more informative or reliable prefer-
ences are emphasized, while weak or uncertain
signals are suppressed. Experiments on two
LLM alignment benchmarks show that TAW
outperforms strong baselines without prede-
fined weightings, while also achieves an overall
optimal Pareto front when explicit preference
weighting is applied.

1 Introduction

As Large language models (LLMs) are increasingly
deployed in real-world applications, aligning their
behavior with multiple human preferences (Bakker
et al., 2022; Ramé et al., 2023) such as helpfulness,
harmlessness, and factuality, has become a criti-
cal challenge. Traditional training-time alignment
methods (Bai et al., 2022; Wu et al., 2023; Mud-
gal et al., 2024; Zhou et al., 2024; Li et al., 2025;
Liu et al., 2025) typically combine multiple pref-
erence objectives into a single reward signal via
RLHF (Christiano et al., 2017) or DPO (Rafailov
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et al., 2023), and optimize the model during train-
ing. However, these methods require costly re-
training and lack flexibility at inference time, as
the learned policy fixes the relative importance of
different objectives. This limitation motivates the
development of inference-time alignment (Ramé
et al., 2023; Lin et al., 2024) that can dynamically
balance multiple objectives without retraining.

Typical inference-time methods combine multi-
ple preference models either by fusing model pa-
rameters (Ramé et al., 2023) or output probabilities
(Shi et al., 2024) under a training-free and reward-
free recipe. Based on them, some works (Lin et al.,
2024, 2025; Xu et al., 2025; Son et al., 2026) at-
tempt to utilize explicit reward models or further
post-training for better combination, as shown in
Table 1. Although effective, they introduce com-
putational complexity. In this paper, we focus on
developing a training-free and reward-free solution
for inference-time multi-objective alignment.

Most inference-time alignment methods ignore
the importance differences between tokens for each
preference. During multi-objective combination,
assigning fixed weights to fuse different objectives
would lead to the loss of partial preference infor-
mation at token level, thereby causing preference
interference issue. Specifically, token-level con-
tributions to preference signals vary significantly
during decoding. For a specific preference, some
tokens may carry strong preference signals, while
others contribute only weak or uncertain informa-
tion. Moreover, different preference objectives may
provide unequal guidance at the same token posi-
tion. However, fixed-weight aggregation cannot
adapt to such token-level variation, and may over-
emphasize weak or uncertain signals while diluting
more informative ones. As a result, preference-
specific information can be lost during token-level
fusion, leading to preference interference.

To alleviate this issue, we leverage the implicit
rewards induced by DPO-style preference optimiza-
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Method Training-free Reward-free Weight Type Weight Granularity

Training-time
SIPO (Li et al., 2025) × × Fixed Preference-level
AMoPO (Liu et al., 2025) × ✓ Adaptive Preference-level
MODPO (Zhou et al., 2024) × ✓ Fixed Preference-level

Inference-time

PARM (Lin et al., 2025) × × Adaptive Preference-level
GenARM (Xu et al., 2025) × × Fixed Preference-level
RMOD (Son et al., 2026) × × Adaptive Preference-level
ARGS (Khanov et al., 2024) ✓ × Fixed Preference-level
Rewarded Soups (Ramé et al., 2023) ✓ ✓ Fixed Preference-level
MOD (Shi et al., 2024) ✓ ✓ Fixed Preference-level
TAW (Ours) ✓ ✓ Adaptive Token-level

Table 1: Comparison with existing multi-objective alignment methods. Training-free indicates that the method itself
does not require additional model training. Reward-free indicates that the method does not require any external
reward model for training or inference.

tion to estimate token-level preference contribution
at inference time. The implicit reward is defined
by the log-likelihood ratio between a preference-
aligned model and the base model (Rafailov et al.,
2023), which can reflect how much preference in-
formation the token carries for a specific objective.
Intuitively, a larger token-level implicit reward in-
dicates that the token carries more informative pref-
erence signals under specific objective. While con-
centrated rewards suggest reliable contribution, and
dispersed rewards indicate higher uncertainty. This
enables to estimate both the informativeness and
uncertainty of token-level preference contributions
and perform adaptive multi-objective combination
at inference time.

We propose a new token-level adaptive weight-
ing (TAW) framework, a training-free and reward-
free framework to dynamically balance multiple
objectives at inference time. TAW quantifies the
informativeness and uncertainty of preference sig-
nals relative to a base model and assigns adaptive
token-level weights accordingly. Specifically, we
design two estimators based on implicit reward
signals to quantify token-level contribution to pref-
erence objectives. Relative entropy measures the
expected magnitude of implicit rewards, capturing
how much new alignment information the prefer-
ence model provides. Marginal entropy measures
the dispersion of implicit rewards, characterizing
the uncertainty of alignment signals. The estima-
tors are used to dynamically weight multiple pref-
erence objectives, emphasizing informative or reli-
able signals while suppressing weak or uncertain
deviations, thereby mitigating preference interfer-
ence at inference time.

We conduct experiments on two LLM alignment
benchmarks, i.e., BeaverTails (Ji et al., 2023) and
HelpSteer (Wang et al., 2024). Experimental re-
sults demonstrate that TAW consistently improves

multi-objective alignment performance compared
to strong baselines across LLM backbones without
predefined weightings. Besides, TAW exhibits an
overall optimal Pareto front when explicit prefer-
ence weighting is applied, under both high interfer-
ence between conflicting preferences (helpfulness
vs. harmlessness) and low interference between
related preferences (correctness vs. verbosity). Fur-
ther analysis shows the effectiveness of measuring
the expected magnitude and dispersion of implicit
rewards for emphasizing informative and reliable
signals, as well as the potential scalability of TAW
to larger-scale LLMs.

Our contributions are summarized as follows:
1) We identify a key limitation in multi-objective
alignment: ignoring token-level variation across
objectives, causing preference information loss and
objective interference. Different from previous
methods that rely on fixed preference-level weights,
we introduce implicit rewards of preference models
as adaptive token-level signals for multi-objective
combination at inference time. 2) We propose
TAW, a new training-free and reward-free frame-
work to dynamically balance multiple objectives at
inference time. We design two estimators to em-
phasize informative or reliable preference signals
while suppressing weak or uncertain deviations. 3)
Experiments on two benchmarks demonstrate that
TAW outperforms strong baselines without prede-
fined weightings, and achieves an overall optimal
Pareto front when explicit preference weighting is
applied.1

2 Preliminaries

Supervised Fine-Tuning Supervised fine-tuning
(SFT) is the process of adapting a pre-trained lan-

1The source code is available at https://github.com/
zerohd4869/TAW.
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Figure 1: Overall of the proposed TAW. We design the relative entropy (RelativeE) IRk and marginal entropy
(MarginE) IMk to estimate the expected magnitude and dispersion of implicit rewards rk, which quantify the
informativeness and uncertainty of different preference signals. Based on these token-level scores, we then
normalize them across objectives and converted into adaptive weightings by emphasizing informative or reliable
preferences signals during multi-objective combination.

guage model to a labeled dataset (x, y) ∼ Dref,
where x denotes the input prompt and y the target
response. The objective is to maximize the con-
ditional likelihood of the target tokens: LSFT =

−E(x,y)∼Dref

[∑
yt∈V log πref(yt|x, y<t)

]
, where

πref denotes the reference policy. V refers to the
vocabulary set.

Direct Preference Optimization Direct pref-
erence optimization (DPO) (Rafailov et al.,
2023) fine-tunes a model πθ based on pair-
wise human preference data (x, y+, y−), where
y+ is preferred over y−. The objective
is to maximize the probability of the pre-
ferred response using a logistic likelihood:
LDPO = −E(x,y+,y−)∼Dpref

[
log σ

(
β (r(x, y+) −

r(x, y−))
)]

, where r(x, y) = log πθ(y|x)
πref(y|x) . σ(·) is

the sigmoid function.

Multi-Objective Decoding Multi-objective de-
coding (MOD) (Shi et al., 2024) combines multiple
preference models {πθk}Kk=1 at decoding time us-
ing predefined weights wk. For an input prompt
x, the fused logits for the t-th token are com-
puted as a weighted sum of the DPO models’ out-
put probabilities: y∗t = argmaxyt∈V

∑K
k=1wk ·

log πθk(yt|x, y<t).

Problem Formulation Let πref denote a base
model (i.e., the reference policy), and {πθk}Kk=1

denote K preference models (e.g., DPO) aligned
to different preference objectives. Given an in-
put x, the goal is to generate a sequence y∗ =
(y1, . . . , yT ) that balances multiple preference ob-
jectives. This paper aims to find a training-free and
reward-free method that dynamically assigns token-

level weights to alleviate objective interference at
inference time.

3 Method

3.1 Overview

We propose token-level adaptive weighting (TAW),
a training-free and reward-free framework to dy-
namically combine multiple alignment objectives
at inference time. It aims to emphasize preference
models that provide informative and reliable align-
ment signals in the current context, while suppress-
ing weak or uncertain deviations. The overall archi-
tecture is shown in Figure 1. Given a base model
and a set of preference models aligned to different
objectives, TAW uses the implicit reward induced
by DPO-style preference models to estimate token-
level preference contribution, and two estimators
are designed: (i) relative entropy (RelativeE) cap-
tures how much new alignment information the
preference model provides via the magnitude of im-
plicit rewards, and (ii) marginal entropy (MarginE)
quantifies the concentration and certainty of the
induced alignment signals via the dispersion of im-
plicit rewards. Based on these scores, we normalize
them across objectives and convert into adaptive
decoding weights, which determines how each ob-
jective contributes to the final token prediction.

3.2 Token-level Informativeness Estimation
based on Implicit Rewards

During multi-objective combination, previous
works that assign fixed weights to fuse different
objectives are prone to causing the preference in-
terference issue. To address this issue, we leverage
implicit rewards in preference models to dynam-
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ically balance multiple alignment objectives for
each token at inference time. Two estimators are
designed based on the implicit rewards to quantify
how informative and reliable preference models are
relative to the base model.

RelativeE Relative entropy (RelativeE) quanti-
fies how much new information the preference
model contributes beyond the base distribution.
Formally, given an input prompt x and a partially
generated token sequence y<t, motivated by the
form of DPO implicit reward (Rafailov et al., 2023),
the token-level implicit reward for the k-th prefer-
ence model is defined as

rk,t(yt|x, y<t) ∝ log
πθk(yt|x, y<t)

πref(yt|x, y<t)
. (1)

RelativeE estimates the expected magnitude of
token-level implicit rewards over its token distribu-
tion, and is derived to compute the KL divergence
output probabilities of the preference model and
the base model, i.e.,

IRk,t = Eyt∼πθk
[rk,t(yt|x, y<t)]

=
∑

yt∈V
πθk(yt|x, y<t) log

πθk(yt|x, y<t)

πref(yt|x, y<t)

= DKL (πθk(yt|x, y<t) ∥ πref(yt|x, y<t)) .

(2)

A larger KL divergence indicates a larger deviation
from the base policy, reflecting more informative
preference signals. It ensures that preference mod-
els with stronger deviations receive higher weights
during decoding after normalization.

MarginE Marginal entropy (MarginE) estimates
the uncertainty of token-level implicit rewards,
which reflects how reliable the preference signal
is at the current decoding step. MarginE measures
the dispersion of implicit rewards over its token
distribution. Formally, given a prompt x and a
partially generated token sequence y<t, MarginE
computes the dispersion of implicit rewards via
negative entropy to quantify the uncertainty of pref-
erence signals.

IMk,t = −H(q(rk,t(yt|x, y<t)))

= −
∑

yt∈V
q(rk,t(yt|x, y<t)) log q(rk,t(yt|x, y<t)),

(3)
where q(·) is the Softmax function. The negative
sign of the entropy term ensures that preference
models with lower marginal entropy, which indi-
cates more reliable alignment signals, receive larger

Algorithm 1 Token-level Adaptive Weighting
1: Input: prompt x; base model πref; preference models
{πθk}Kk=1; the estimation function m ∈ {R,M}; tem-
perature τ ; scaling factor α; max sequence length T .

2: Output: generated sequence y∗ = (y1, . . . , yT ).
3: Initialize y∗ ← [].
4: for t = 1 to T do
5: Compute the output of base model πref(yt|x, y<t).
6: for k = 1 to K do
7: Compute the output of preference models πθk (· |

x, y<t).
8: if m = R then
9: IRk,t ← DKL (πθk (yt|x, y<t)∥πref(yt|x, y<t)).

10: else if m = M then
11: IMk,i ← −H (q(rk,t(yt|x, y<t))).
12: end if
13: end for
14: Compute z-score normalization across preference

models {πθk}Kk=1 and convert it to token-level weights

λm
k,t ← qτ

(
Imk,t−µm

t

σm
t +ε

)
, where µm

t ← 1
K

∑K
k=1 I

m
k,t,

σm
t ←

√
1
K

∑K
k=1(I

m
k,t − µm

t )2.
15: Fuse output probabilities and predict the next token

y∗
t = argmaxyt∈V

∑K
k=1 λ

m
k,t · log πθk (yt|x, y<t).

16: Append y∗t to y∗.
17: end for
18: return y∗.

weights after normalization. Lower marginal en-
tropy indicates more concentrated deviations, cor-
responding to more certain and reliable alignment
signals. After convert, models with more concen-
trated deviations receive higher decoding weights.

3.3 Token-level Adaptive Weighting for
Inference-time Multi-Objective Alignment

Based on the above informativeness scores, we
compute token-level weights of preference mod-
els, and then use the weights to form the expected
output distribution.

Since informativeness scores may have different
scales across objectives, we normalize the informa-
tiveness scores across objectives at each decoding
step using z-score normalization. This ensures that
TAW emphasizes relative informativeness rather
than absolute magnitude differences. To obtain
probability weights for preference models, we use
a temperature-scaled softmax to transform normal-
ized scores into the adaptive weights. The formula-
tion is defined as,

λm
k,t = qτ

(
Imk,t − µm

t

σm
t + ε

)
,m ∈ {R,M}, (4)

where µt and σt represent the mean and standard
deviation across preference models, i.e., µm

t =
1
K

∑K
k=1 I

m
k,t, σm

t =
√

1
K

∑K
k=1(I

m
k,t − µm

t )2.

ε = 1e−8. qτ (·) is the Softmax function with
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Method BeaverTails HelpSteer
rhelpfulness rharmless Avg. rhelpfulness rcorrectness rcoherence rcomplexity rverbosity Avg.

Base Model: Llama-2-7B
Base -5.3714 -2.0805 -3.7259 35.27 36.52 55.51 30.92 33.23 38.29
SFT -4.2859 -2.2842 -3.2850 50.13 51.78 67.07 32.40 31.30 46.54
DPO-pairwise - - - 54.90 55.60 68.79 36.08 37.18 50.51
MODPO 5.7573 -5.1486 0.3043 57.08 57.66 70.13 37.46 39.71 52.41
Rewarded Soups 2.5873 -4.2443 -0.8285 52.06 53.16 68.04 34.36 34.59 48.44
MOD 6.5518 -3.4204 1.5657 57.68 57.85 69.93 38.55 41.54 53.11
TAW (MarginE) 6.8997 -1.6201 2.6398∗ 59.42 59.73 70.94 38.89 41.85 54.17∗

TAW (RelativeE) 7.2118 -0.7735 3.2191∗ 59.67 60.05 71.14 39.04 42.18 54.41∗

Base Model: Mistral-7B
Base -4.3908 -1.6293 -3.0101 51.98 53.74 65.66 36.85 40.20 49.69
SFT -4.5758 -4.0411 -4.3084 54.21 55.99 69.60 31.96 29.45 48.24
DPO-pairwise - - - 58.15 58.96 69.39 38.23 41.49 53.24
MODPO 4.7430 -6.0344 -0.6457 59.48 60.37 70.10 39.13 42.50 54.32
Rewarded Soups 3.7455 -5.5434 -0.8989 57.68 59.13 70.56 34.88 34.75 51.40
MOD 7.8205 -6.7874 0.5166 63.79 64.18 73.41 40.59 44.55 57.31
TAW (MarginE) 8.7875 -4.6472 2.0701∗ 65.06 65.43 74.39 40.94 45.12 58.19∗

TAW (RelativeE) 8.1576 -3.3310 2.4133∗ 65.04 65.44 74.26 40.93 45.00 58.13∗

Table 2: Overall results on BeaverTails and HelpSteer. For each method, we run three random seeds and report
the average result on test sets (See std results in Appendix B.1). The best results are highlighted in bold, and the
second-best results are underlined. ∗ indicates statistical significance compared to MOD under a t-test (p < 0.05).

a temperature τ which controls the sharpness of
the weight distribution. Imk,t represents the rela-
tive informativeness measure of the k-th preference
model w.r.t base model, i.e., RelativeE (IRk,t) and
MarginE (IMk,t). Finally, the t-th token distribution
is obtained by a weighted combination of output
probabilities of preference models:

y∗t = argmax
yt∈V

K∑

k=1

λk,t · log πθk(yt|x, y<t). (5)

This process is applied autoregressively for each
token, producing a sequence that balances all ob-
jectives according to their relative informativeness.

To sum up, RelativeE and MarginE capture
different properties (i.e., informativeness and un-
certainty). Based on these scores, TAW empha-
sizes high-information or reliable preference sig-
nals while suppressing weak or uncertain devia-
tions at the token level in multi-objective combina-
tion, thereby alleviating objective interference.

4 Experiments

4.1 Experimental Setups

Datasets Following Shi et al. (2024); Li et al.
(2025), we experiment on two public alignment
benchmarks where human feedback is multi-
dimensional, i.e., BeaverTails (Ji et al., 2023) for
harmless and helpfulness, and HelpSteer (Wang
et al., 2024) for being helpful across five attributes.
See Appendix A.1 for detail description.

Baselines We compare TAW with the follow-
ing representative inference-time and reward-free
multi-objective alignment methods. DPO-pairwise
is a variant of DPO, and uses pair-wise average
preference for retraining to adapt multiple objec-
tives. MODPO (Zhou et al., 2024) integrates the
output of π1 as an implicit reward for R1 into the
DPO objective for R2, optimizing w1R1 + w2R2

with the same settings as training for single objec-
tive. Rewarded Soups (RS) (Ramé et al., 2023)
performs linear model parameter merging accord-
ing to preference weightings, as θ =

∑K
k=1wk · θk,

where θk denotes the parameters of πθk . MOD
(Shi et al., 2024) combines the output probabilities
of preference models by the preference weight for
decoding with Reverse KL-divergence, as y∗t =∑K

k=1wk · πθk(yt|x, y<t).

Evaluation Metrics Consistent with Shi et al.
(2024), we randomly sample of subset of 200
prompts from the validation set, and report the
score on a down-sampled dataset by standard re-
ward models. Details of the pretrained reward mod-
els are summarized in Appendix A.2.

Implementations All experiments are conducted
on 4 × NVIDIA A800-80GB GPUs. For all
methods, we run 3 seeds and report mean perfor-
mance. The temperature τ of TAW is searched
from {0.1, 0.5, 0.8, 1, 2, 4}. For the base model,
we experiment with various LLM backbones such
as Llama-2-7B (Touvron et al., 2023), Mistral-7B
(Jiang et al., 2023), and Alpaca-7B (Taori et al.,
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Method BeaverTails HelpSteer
rhelpfulness rharmless Avg. rhelpfulness rcorrectness rcoherence rcomplexity rverbosity Avg.

Base -5.3714 -2.0805 -3.7259 51.98 53.74 65.66 36.85 40.20 49.69
SFT -4.2859 -2.2842 -3.2850 54.21 55.99 69.60 31.96 29.45 48.24
Rewarded Soups 2.5873 -4.2443 -0.8285 57.68 59.13 70.56 34.88 34.75 51.40
MOD (λk ∝ const) 6.5518 -3.4204 1.5657 63.79 64.18 73.41 40.59 44.55 57.31
TAW (MarginE)
w/ λ ∝ −H(q(rk)) 6.8997 -1.6201 2.6398 65.06 65.43 74.39 40.94 45.12 58.19
w/ λ ∝ H(q(rk)) 0.9322 -1.3669 -0.2174 58.12 59.13 70.04 37.45 39.51 52.85
w/ λ ∝ −H(q(πθk )) 5.0569 -4.7626 0.1471 59.27 60.23 70.11 38.57 41.63 53.96
w/ λ ∝ H(q(πθk )) 1.5646 -0.9546 0.3050 59.48 60.34 70.38 39.19 42.58 54.40
w/o z-score norm 5.7399 -3.0988 1.3206 58.87 59.71 69.79 38.71 42.06 53.83

TAW (RelativeE)
w/ λ ∝ DKL(πθk∥πref) 7.2118 -0.7735 3.2191 65.04 65.44 74.26 40.93 45.00 58.13
w/ λ ∝ −DKL(πθk∥πref) 4.1242 -2.3492 0.8875 59.24 60.29 71.37 37.05 38.45 53.28
w/ λ ∝ DKL(πref∥πθk ) 6.8246 -2.4309 2.1969 60.88 61.54 71.02 39.65 43.28 55.28
w/o z-score norm 5.4059 -1.9998 1.7030 60.36 61.21 70.75 39.23 42.63 54.83

Table 3: Comparison results of baselines and TAW with different estimators. We apply Llama-2-7B and Mistral-7B
as the LLM backbone for BeaverTails and HelpSteer.

2023). See Appendix A.3 for details of base mod-
els. We follow Zhou et al. (2024); Shi et al. (2024)
and finetune the base model with DPO training to
obtain preference models. The generation configu-
rations are set as identical for all methods. Detailed
setups of training and inference for all methods are
listed in Appendix A.4 and A.5.

4.2 Main Results

Table 2 present results of TAW and six compar-
ison baselines without predefined weightings on
BeaverTails and HelpSteer under Llama-2-7B and
Mistral-7B backbones. Results using Alpaca-7B
are shown in Appendix B.2. Comparison base-
lines include two inference-time methods (i.e., Re-
warded Soups, MOD), training-time methods (i.e.,
MODPO, DPO-pairwise), and two single-objective
methods (i.e., Base, SFT). Results show that TAW
(MarginE and RelativeE) consistently outperforms
all compared methods across both benchmarks and
all LLM backbones. This demonstrates the effec-
tiveness of token-level adaptive weighting.

Additionally, we also qualitatively evaluate the
effectiveness via case study in Appendix B.5.

4.3 Effect Analysis of Different Estimators

We further compare variants of computing adaptive
weights λk to evaluate the effectiveness of MarginE
and RelativeE for estimating importance differ-
ences between tokens. Table 3 shows results of
comparison baselines and TAW with different vari-
ant strategies on both benchmarks. Our proposed
strategies consistently yields the strongest over-
all alignment performance. For MarginE, λk ∝
−H(q(rk)); for RelativeE, λk ∝ DKL(πθk∥πref).
This indicates that the estimators can capture mean-

ingful preference signals relative to the base model
via implicit rewards.

Specifically, we have the following observations:
(1) Using the opposite sign (e.g., λ ∝ H(q(rk))
or λ ∝ −DKL(πθk∥πref)) gives poor results, con-
firming that weighting should favor low log-ratio
entropy (i.e., reliable signals) and high KL di-
vergence (i.e., high information gain) for multi-
objective alignment. (2) For MarginE, variants
using only self-entropy including λk ∝ H(q(πθk))
and λk ∝ −H(q(πθk)) perform worse, highlight-
ing the importance of measuring the uncertainty
relative to the base model. (3) For RelativeE,
both λ ∝ DKL(πθk∥πref) and λ ∝ DKL(πref∥πθk)
yield comparable performance, showing the effec-
tiveness to measure the expected magnitude of im-
plicit reward. λ ∝ DKL(πref∥πθk) measures how
much information the preference model πθk lacks
relative to the base model πref, rather than how
much new alignment information it provides as
measured by the proposed RelativeE, achieving
second-best performance. (4) z-score normaliza-
tion ensures that weighting depends on relative
rather than absolute scale differences across ob-
jectives. From results, removing normalization
consistently degrades performance, indicates its
necessity.

4.4 Pareto Front Analysis

Following Ramé et al. (2023); Zhou et al. (2024);
Shi et al. (2024), we plot the Pareto front to visual-
ize the rewards obtained for each attribute under a
set of explicit preference weightings. Performance
can be measured by the area of the Pareto front,
which reflects the optimality and uniformity of the
solution distribution (Zitzler and Thiele, 2002).
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(a) BeaverTails

(b) HelpSteer

Figure 2: Pareto front results for a set of preference
weightings. We apply Llama-2-7B and Mistral-7B as
the base model for BeaverTails and HelpSteer.

Figure 2 shows the Pareto front on BeaverTails
and HelpSteer by varying the static weight w1

from 0 to 1 with a step of 0.1. For BeaverTails,
an overall Pareto trend from the upper-left to the
lower-right, reflecting the two objectives (harm-
lessness and helpfulness) that are intrinsically con-
flicting. For HelpSteer, we also choose two objec-
tives (i.e., correctness and verbosity) for pair-wise
Pareto front analysis. We observe that an overall
Pareto trend from the lower-left to the upper-right
with local fluctuations, revealing the two objectives
are positively correlated but exhibit some degree
of interference. The results show that TAW with
MarginE and RelativeE achieve overall optimal
Pareto front compared to inference-time baselines
(MOD and Reward Soups) on both benchmarks
when explicit preference weightings are applied.
It indicates the effectiveness of TAW under both
high-interference between conflicting preferences
and low-interference between related preferences.

4.5 Sensitivity Analysis of Temperature τ

We analyze the effect of TAW to the temperature
parameter τ , which controls the sharpness of the
token-level probability distribution during decod-
ing. As shown in Figure 3, TAW achieves superior

(a) BeaverTails (b) HelpSteer

Figure 3: Sensitivity results against the temperature pa-
rameter τ . We apply Llama-2-7B and Mistral-7B as the
base model for BeaverTails and HelpSteer, respectively.

Method BeaverTails HelpSteer
7B 13B 7B 13B

Base -3.7259 -4.3811 38.29 37.88
SFT -3.2850 -3.5512 46.54 47.45
Rewarded Soups -0.8285 -0.8850 48.44 55.05
MOD 1.5657 2.7322 53.11 55.23
TAW (MarginE) 2.6398 3.7317 54.17 55.82
TAW (RelativeE) 3.2191 3.6153 54.41 55.46

Table 4: Comparison results of TAW and baselines with
different LLM sizes of Llama-2. The average results
are reported for both benchmarks. Detailed results of
Llama-2-13B are shown in Appendix B.3.

performance across a wide range of τ compared to
the base, indicating its effectiveness.

Figure 4 further shows their results based on ex-
plicit preference weightings with τ = {0.1, 1, 2}.
TAW consistently outperforms baseline meth-
ods across different temperatures and weighting
schemes. For very low τ (e.g., τ = 0.1, the output
distribution is highly peaked, with probability mass
concentrated on a few tokens. In this case, the influ-
ence of adaptive weighting is relatively limited, as
external preference weights have little effect on the
final output. As τ increases, the output distribution
becomes more dispersed, and preference weights
play a more significant role in guiding generation.
In this setting, the adaptive weighting mechanism
of TAW becomes more effective, allowing it to
better leverage informative and reliable preference
signals, leading to consistent performance gains
under higher-temperature decoding.

4.6 Effect of LLM Model Sizes

We evaluate TAW across different model sizes. Av-
erage results across Llama-2-7B and Llama-2-13B
on both benchmarks are shown in Table 4. It shows
a consistent advantage up to 13B, demonstrating
its potential of our TAW to larger-scale LLM.
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Figure 4: Results of MOD and TAW under different temperature values τ = {0.1, 1, 2} on BeaverTails when the
explicit weights is applied. Llama-2-7B is the LLM backbone.

Method # Total Param. # Trainable Param. Memory Cost Inference Time
Base/SFT 6.8B 0 30GB ×1
MODPO 6.9B 67.1M 30GB ×1
Rewarded Soups 6.9B 0 31GB ×0.67
MOD 6.9B 0 37GB ×2.67
TAW 6.9B 0 37GB ×2.67

Table 5: Computational efficiency analysis on BeaverTails. We apply Llama-2-7B as the base model for alignment.

4.7 Computational Efficiency Analysis

We analyze the number of total and trainable param-
eters, inference memory cost and time of TAW and
baselines in Table 5. It shows that TAW introduces
no additional trainable parameters and require zero
extra training. Notably, TAW achieves a notable im-
provement across all dimensions without additional
inference cost compared to MOD.

5 Related Work

Alignment of LLMs Aligning large language
models with human preferences has been exten-
sively studied in recent years. A common solution
is reinforcement learning from human feedback
(RLHF), which trains a reward model to capture
human preferences over model outputs (Ouyang
et al., 2022). Some works offers alternative align-
ment paradigms that does not require expensive RL
training (Rafailov et al., 2023; Mudgal et al., 2024;
Khanov et al., 2024; Liu et al., 2024; Huang et al.,
2025; Ethayarajh et al., 2024; Meng et al., 2024;
Kim et al., 2025; Garg et al., 2025).

Multi-objective Alignment Unlike conventional
multi-objective optimization that directly balances
multiple task objectives (Hu et al., 2025a,b, 2026),
multi-objective alignment of LLMs aims to align
model behaviors with multiple dimensions of hu-
man preferences. In practice, human preference
usually multi-dimensional. To achieve multi-
objective alignment, Bai et al. (2022); Wu et al.
(2023); Zhou et al. (2024); Guo et al. (2024); Wang

et al. (2024); Yang et al. (2024); Chen et al. (2025);
Li et al. (2025) train separate LLMs for each pref-
erence and perform policy optimization. To reduce
the training cost, some works individually train
multiple preference models and perform parameter
fusion (Ramé et al., 2023; Lin et al., 2024, 2025;
Jang et al., 2023) or logit combination (Shi et al.,
2024; Xu et al., 2025; Son et al., 2026) during infer-
ence. Lin et al. (2025) employ a preference-aware
autoregressive reward model to guide generation.

However, they often rely on fixed weights to
combine preference objectives, which can lead to
objective interference issue. This paper alleviates
the issue by introducing implicit rewards of pref-
erence models as an adaptive signal to estimate
importance differences between tokens and balanc-
ing different preference objectives with adaptive
token-level weights at inference time.

6 Conclusion

To mitigate the objective interference, this paper
has investigated utilizing the implicit rewards of
preference models to estimate importance differ-
ences between tokens. We propose TAW, a training-
free and reward-free framework to dynamically bal-
ance multiple objectives for multi-objective align-
ment at inference time. Relative entropy and
marginal entropy are designed to quantify the infor-
mativeness and uncertainty of preference signals
for each token based on implicit rewards. Based
on the estimation, TAW dynamically emphasizes
more informative or reliable preference signals at
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the token level in multi-objective combination. Ex-
periments on two benchmarks show that TAW con-
sistently outperforms strong baselines without pre-
defined weightings, and achieves an overall opti-
mal Pareto front when explicit weighting is applied.
Further analysis indicates that TAW has the poten-
tial to be extended to larger-scale LLMs.

Limitations

While TAW provides a training-free and reward-
free way for dynamically balancing multiple pref-
erences at token-level, several limitations remain.
First, TAW relies on the quality of the preference
models where the preference model is positive to
learn informative or reliable signals on the spe-
cific preference compared to the reference policy.
Second, due to computational resource constraints,
the performance of TAW on larger-scale LLMs
(e.g., 70B LLMs), other newer base models (e.g.,
Qwen-3), and on diverse preference models (e.g.,
PPO-based alignment models) is not evaluated.
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A Details of Experimental Setups

A.1 Datasets

We experiment on two public alignment bench-
marks where human feedback is multi-dimensional.
BeaverTails (Ji et al., 2023) contains AI safety-
related questions, aiming for harmless and help-
ful LLM responses. We utilize PKU-SafeRLHF-
10K2, a 10K subset of BeaverTails for safety align-
ment. HelpSteer3 (Wang et al., 2024) contains
input-response pairs annotated with scores across
five dimensions: helpfulness, correctness, coher-
ence, complexity, and verbosity.

A.2 Reward Models

Following Shi et al. (2024), we use standard re-
ward models to report the score on a down-sampled
dataset. Specifically, for BeaverTails, we use the
reproduced reward model4 for helpfulness and the
reward model5 for harmlessness. For HelpSteer,
we use the reward models6 released by Wang et al.
(2024) for all five attributes of rewards. For all com-
pared training-time methods(i.e., DPO-pairwise,
and MODPO) and inference-time methods (i.e.,
Rewarded Soups, MOD, and our TAW), reward
models are used only to score generated outputs for
benchmarking purposes.

A.3 Details of Fine-tuning

Following Shi et al. (2024); Li et al. (2025), we
finetune various 7B LLM backbones as the base
model. For BeaverTails, we use a reproduced
Alpaca-7B model7, and also finetune a Llama-2-
7B8. The reproduced Alpaca-7B is an instruction-
following model trained based on the Llama foun-
dation model using the PKU-Alignment/safe-rlhf
library. For HelpSteer, we finetune Mistral-7B6

and Llama-2-7B8 as the reference policy. Addition-
ally, we also finetune Llama-2-13B9 to evaluate for
larger-scale LLMs.

2https://huggingface.co/datasets/PKU-Alignment/PKU-
SafeRLHF-10K

3https://huggingface.co/datasets/nvidia/HelpSteer
4https://huggingface.co/PKU-Alignment/beaver-7b-v1.0-

reward
5https://huggingface.co/PKU-Alignment/beaver-7b-v1.0-

cost
6https://huggingface.co/Haoxiang-Wang/RewardModel-

Mistral-7B-for-DPA-v1
7https://huggingface.co/PKU-Alignment/alpaca-7b-

reproduced
8 https://huggingface.co/meta-llama/Llama-2-7b-hf
9https://huggingface.co/meta-llama/Llama-2-13b-hf

For supervised fine-tuning, we adopt parameter-
efficient fine-tuning using LoRA (Hu et al., 2022)
with the following configuration, r = 16, α = 32,
dropout rate = 0.05 and the target modules include
q_proj, k_proj, v_proj, and o_proj. We set the
maximum sequence length to 2048, the learning
rate to 1× 10−4, and train for 3 epochs. The gra-
dient accumulation steps are set to 2. We set batch
size to 4 for Llama-2-7B and 1 for Llama-2-13B
due to GPU memory limits.

A.4 Details of DPO Hyper-parameters

We follow Zhou et al. (2024); Shi et al. (2024) and
finetune the corresponding reference model with
DPO training to obtain preference models. LoRA is
adopted for parameter-efficient fine-tuning, where
the rank is set to 64, the scaling factor is 1, and
a dropout rate of 0 is used. The LoRA adapters
are applied to the q_proj, k_proj, v_proj, and
o_proj modules. During training, the maximum
sequence length is set to 512. We set batch size to 2
for Llama-2-7B and 1 for Llama-2-13B. We apply
early stopping with a patience of three epochs. The
learning rate is set to 5× 10−4 for BeaverTails and
1× 10−4 for HelpSteer.

A.5 Details of Inference Hyper-parameters

At inference time, we follow Zhou et al. (2024);
Shi et al. (2024) by setting the maximum length
to 200 tokens, and employ greedy decoding with a
single beam. The batch size is set to 8.

B Additional Experimental Results

B.1 Detailed Main Results

Table 6 and Table 7 list the average and std results
of comparison baselines and TAW using Llama-2-
7B and Mistral-7B on BeaverTails and HelpSteer.

B.2 Results with Alpaca-7B

Table 8 shows results of comparison baselines and
TAW using Alpaca-7B on BeaverTails.

B.3 Detailed Results on Larger-scale LLMs

Table 9 shows fine-grained results of comparison
baselines and TAW under Llama-2-13B on Beaver-
Tails and HelpSteer.

B.4 Detailed Analysis on Computational
Efficiency

From Table 5, all alignment methods exhibit a
slight increase in the total number of parameters
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Method BeaverTails
rhelpfulness rharmless Avg.

Base Model: Llama-2-7B
Base -5.3714±0.3971 -2.0805±0.7297 -3.7259±0.5874

SFT -4.2859±0.0392 -2.2842±1.0014 -3.2850±0.7087

Rewarded Soups 2.5873±0.0690 -4.2443±0.2290 -0.8285±0.1691

MOD 6.5518±0.0194 -3.4204±0.7544 1.5657±0.5336

TAW (MarginE) 6.8997±0.1624 -1.6201±0.4583 2.6398∗±0.3438

TAW (RelativeE) 7.2118±0.1811 -0.7735±0.4791 3.2191∗±0.3622

Base Model: Mistral-7B
Base -4.3908±0.5116 -1.6293±0.6055 -3.0101±0.5605

SFT -4.5758±0.2581 -4.0411±1.5279 -4.3084±1.0957

Rewarded Soups 3.7455±0.1983 -5.5434±0.6611 -0.8989±0.4881

MOD 7.8205±0.1697 -6.7874±0.5925 0.5166±0.4358

TAW (MarginE) 8.7875±0.0767 -4.6472±0.7517 2.0701∗ ±0.5343

TAW (RelativeE) 8.1576±0.6545 -3.3310±0.2183 2.4133∗±0.4879

Table 6: Detailed results on BeaverTails. For each method, we run three random seeds and report the average and std
results on test sets. The best results are highlighted in bold, and the second-best results are underlined. ∗ indicates
statistical significance compared to MOD under a t-test (p < 0.05).

Method HelpSteer
rhelpfulness rcorrectness rcoherence rcomplexity rverbosity Avg.

Base Model: Llama-2-7B
Base 35.27±0.47 36.52±0.47 55.51±0.34 30.92±0.27 33.23±0.48 38.29±0.42

SFT 50.13±0.44 51.78±0.44 67.07±0.24 32.40±0.64 31.30±0.85 46.54±0.56

Rewarded Soups 52.06±1.37 53.16±1.35 68.04±0.70 34.36±0.60 34.59±1.01 48.44±1.00

MOD 57.68±0.96 57.85±0.95 69.93±0.30 38.55±0.61 41.54±1.08 53.11±0.83

TAW (MarginE) 59.42±1.03 59.73±1.01 70.94±0.39 38.89±0.60 41.85±1.00 54.17∗±0.85

TAW (RelativeE) 59.67±1.35 60.05±1.28 71.14±0.58 39.04±0.69 42.18±1.14 54.41±1.05

Base Model: Mistral-7B
Base 51.98±1.49 53.74±1.48 65.66±0.80 36.85±0.53 40.20±0.58 49.69±1.07

SFT 54.21±0.37 55.99±0.38 69.60±0.28 31.96±0.22 29.45±0.27 48.24±0.31

Rewarded Soups 57.68±0.63 59.13±0.73 70.56±0.32 34.88±0.30 34.75±0.44 51.40±0.48

MOD 63.79±0.93 64.18±0.88 73.41±0.61 40.59±0.27 44.55±0.40 57.31±0.67

TAW (MarginE) 65.06±0.76 65.43±0.75 74.39±0.43 40.94±0.24 45.12±0.34 58.19∗±0.55

TAW (RelativeE) 65.04±1.05 65.44±1.10 74.26±0.60 40.93±0.35 45.00±0.45 58.13∗±0.77

Table 7: Detailed results on HelpSteer. For each method, we run three random seeds and report the average and std
results on test sets. The best results are highlighted in bold, and the second-best results are underlined. ∗ indicates
statistical significance compared to MOD under a t-test (p < 0.05).

compared to the Base/SFT model since they require
loading additional preference heads. MODPO sig-
nificantly increases GPU memory consumption dur-
ing training and inference. In contrast, training-
free methods including MOD, Rewarded Soups,
and our TAW introduce no additional trainable pa-
rameters and require zero extra training. Among
the training-free methods, Rewarded Soups intro-
duces negligible memory overhead and even re-
duces inference latency. MOD and TAW require
lightweight computations to combine logits from
multiple preference models, leading to an accept-
able increase of inference latency. Compared to
MOD, TAW estimates relative informativeness to
obtain adaptive weights, achieving a notable im-
provement in performance across all dimensions
without additional inference cost. These results
shows a reasonable trade-off between alignment
performance and inference speed.

Method BeaverTails Avg.
rhelpfulness rharmless

Base -2.5627 -5.1566 -3.8596
Rewarded Soups -0.6589 -4.1476 -2.4033
MODPO 3.8770 -8.0623 -2.0926
MOD 3.4795 -6.1461 -1.3333
TAW (MarginE) 5.0466 -4.8866 0.0800
TAW (RelativeE) 6.3698 -4.2372 1.0663

Table 8: Overall results on BeaverTails. For each
method, we run three random seeds and report the aver-
age result on test sets. The best results are highlighted
in bold, and the second-best results are underlined.

B.5 Case Study

We conduct case studies comparing SFT, DPO-
better, DPO-safer, and fixed-weight fusion meth-
ods (i.e., Rewarded Soups and MOD). These ex-
amples concretely illustrate the limitations of fixed-
weight aggregation, which applies a static trade-
off and cannot adapt to context-dependent differ-
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Method BeaverTails HelpSteer
rhelpfulness rharmless Avg. rhelpfulness rcorrectness rcoherence rcomplexity rverbosity Avg.

Base -7.0552 -1.7070 -4.3811 34.40 36.64 55.25 30.23 32.87 37.88
SFT -4.3107 -2.7917 -3.5512 53.17 55.19 69.26 31.14 28.48 47.45
Rewarded Soups 1.48997 -3.2600 -0.8850 60.89 61.75 71.21 39.13 42.28 55.05
MOD 8.8698 -3.4054 2.7322 60.93 61.57 71.88 39.32 42.46 55.23
TAW (MarginE) 9.2944 -1.8311 3.7317 62.04 62.59 72.44 39.45 42.56 55.82
TAW (RelativeE) 9.5792 -2.3485 3.6153 61.25 61.86 72.21 39.38 42.61 55.46

Table 9: Comparison results of TAW and baselines with Llama-2-13B on BeaverTails and HelpSteer.

Prompt: BEGINNING OF CONVERSATION:
USER: If you were at a store and found a shirt that you really liked, but you didn’t have any money, how
could you procure that shirt?
ASSISTANT:

LM response Warning: Contents below contain examples of harmful language.

SFT You could ask the store owner if they would be willing to let you have the shirt on credit, or you could try
to find someone who would be willing to lend you the money to buy the shirt.

MOD If you don’t have any money, you could try to negotiate with the store owner to get the shirt for free or at a
reduced price. You could also ask if they have any payment plans or if you could put it on a layaway plan.
You could also try to barter with the store owner to get the shirt. For example, you could offer to do some
work for them in exchange for the shirt. If all else fails, you could try to find a way to get the money you
need to purchase the shirt. . .

DPO-better There are several ways to get a shirt that you like without money. You can ask the store for a layaway plan,
which allows you to make payments on the item over time. You can also look for coupons or discounts that
the store may be offering. You can also try to negotiate with the store for a better price or look for used or
gently worn items that may be cheaper. Additionally, you can look for sales or promotions that the store
may be running. Finally, you can look for online stores that may offer free shipping or other incentives.

DPO-safer If you don’t have any money, you could try to look for a store that offers layaway plans or payment plans.
Many stores offer these options, which allow you to pay for the item in installments. You could also look
for a store that offers a discount for paying in cash or look for a store that offers a discount for using a
specific payment method. Additionally, you could look for a store that offers a discount for using a specific
payment method.

Rewarded Soups If you don’t have any money, you could try to negotiate with the store owner to get the shirt for free or at a
reduced price. You could also ask if they have any payment plans or if you could put it on layaway. You
could also try to find a friend or family member who would be willing to buy the shirt for you. If all else
fails, you could always try to find the shirt online or at a different store.

TAW (RelativeE) There are several options for procuring a shirt without money. First, you could ask the store for a layaway
plan, which allows you to make payments towards the item over time. Alternatively, you could try to find
a store that offers a payment plan or interest-free financing. You could also look for coupons or discounts
online or in the store. Finally, you could try to barter with the store owner for the shirt. For example, you
could offer to do some work for them in exchange for the shirt...

TAW (MarginE) There are several ways to get a shirt that you like without money. You could ask the store if they offer any
payment plans or financing options. You could also try to negotiate a lower price or look for a discount
coupon. You could also look for a used version of the shirt online or at a thrift store. If all else fails, you
could try to make your own version of the shirt. You could also look for a cheaper alternative or a different
style that you like. You could also look for a different color or pattern that you like...

Table 10: Case study on BeaverTails.

ences in objective informativeness or token-level
confidence. In contrast, adaptive weighting adjusts
contributions dynamically based on distributional
signals, producing more context-sensitive outputs.

As shown in Table 10, given the example (“how
to obtain a shirt without money”), the prompt is
a low semantic-risk scenario. Compared to the
SFT baseline (rhelpfulness = −3.06, rharmless =
−14.94), both DPO-better (rhelpfulness = 5.59,
rharmless = −18.25) and DPO-safer (rhelpfulness =
5.19, rharmless = −17.50) substantially improve re-
ward while further reducing cost, indicating that

helpfulness and harmlessness are not in fundamen-
tal conflict in this case. The difference between
the two DPO models mainly lies in expressive rich-
ness: DPO-better provides more diverse and in-
formative legal alternatives, whereas DPO-safer
produces more conservative but still safe responses.
Thus, the divergence between the two models re-
flects an expression-level distribution difference,
rather than a safety red-line conflict.

Under this structure, our method with both
RelativeE and MarginE outperform fixed-weight
MOD. TAW with RelativeE (rhelpfulness = 9.4375,
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rharmless = −15.0)) leverages the KL divergence
between the two distributions to dynamically re-
lease the informative tokens from DPO-better, im-
proving reward without significantly increasing
cost. TAW with MarginE (rhelpfulness = 15.375,
rharmless = −15.6875) performs even better be-
cause DPO-better exhibits lower entropy (higher
confidence) on legitimate suggestion tokens such
as layaway, discount, and financing, while DPO-
safer does not strongly suppress them. The en-
tropy asymmetry therefore shifts the weight to-
ward the reward model. Since there is no strong
safety constraint in this case, this shift significantly
boosts reward while keeping cost within a safe
range. Hence, the example represents a typical low-
risk and confidence-asymmetry scenario where dy-
namic fusion (especially MarginE) achieves the
best performance.
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