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Abstract

Aligning Large Language Models (LLMs) with human pref-
erences is critical, yet traditional fine-tuning methods are
computationally expensive and inflexible. While test-time
alignment offers a promising alternative, existing approaches
often rely on distorted trajectory-level signals or inefficient
sampling, fundamentally capping performance and failing to
preserve the generative diversity of the base model. This
paper introduces LLMdoctor, a novel framework for effi-
cient test-time alignment that operates via a patient-doctor
paradigm. It integrates token-level reward acquisition with
token-level flow-guided preference optimization (TFPO) to
steer a large, frozen patient LLM with a smaller, spe-
cialized doctor model. Unlike conventional methods that
rely on trajectory-level rewards, LLMdoctor first extracts
fine-grained, token-level preference signals from the pa-
tient model’s behavioral variations. These signals then guide
the training of the doctor model via TFPO, which estab-
lishes flow consistency across all subtrajectories, enabling
precise token-by-token alignment while inherently preserv-
ing generation diversity. Extensive experiments demonstrate
that LLMdoctor significantly outperforms existing test-time
alignment methods and even surpasses the performance of
full fine-tuning approaches like DPO.

1 Introduction
Large Language Models (LLMs) exhibit impressive capabil-
ities but require careful alignment with human preferences to
ensure safe, helpful, and ethical outputs. Traditional align-
ment approaches like reinforcement learning from human
feedback (RLHF) (Ouyang et al. 2022) and direct preference
optimization (DPO) (Rafailov et al. 2023) fine-tune LLMs
on human preference datasets, incurring substantial compu-
tational costs and requiring repeated training to accommo-
date diverse or evolving user preferences (Liu et al. 2025).
This creates a significant barrier to adaptation, particularly
for larger models with billions of parameters, where retrain-
ing for each preference configuration becomes prohibitively
expensive (Wu et al. 2025; Zhang et al. 2026b,a).
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Figure 1: Comparison of test-time alignment approaches.

Test-time alignment methods (Shen et al. 2025b,c; Hua
et al. 2025) address these limitations by guiding frozen
LLMs during inference without modifying their underlying
weights. Within this paradigm, reward-guided approaches
have emerged as a promising direction, where a smaller
reward model (RM) steers the generation of a larger frozen
LLM (Zhou et al. 2024; Shen et al. 2025a). As shown
in Fig.1, these approaches aim to maintain the LLM’s
generative capabilities while enabling flexible alignment
with specific objectives through adjustable guidance signals
at inference time, potentially accommodating different
alignment goals without repeated training (Lin et al. 2025).
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Conventional reward-guided test-time alignment methods
face fundamental limitations in their preference modeling.
Trajectory-level evaluation methods, as shown in Fig.1 (a),
rely on trajectory-level reward models that evaluate com-
plete sequences or trajectories (Ouyang et al. 2022; Yuan
et al. 2025). This approach inevitably necessitates multiple
sampling iterations to generate diverse candidate responses,
resulting in substantial computational overhead from pro-
ducing numerous invalid or low-quality text sequences. To
address these inefficiencies, sequence-mimicking methods
in Fig.1 (b) train reward models to assign token-level scores
that aim to reflect trajectory-level preferences. However, the
sequence-mimicking reward guidance approach is funda-
mentally limited by its training objective. Since the method
relies on a single preference score for an entire trajectory, the
reward model must distribute this score across all constituent
tokens, often to satisfy a ”reward-budget” constraint (Xu
et al. 2025). This mechanical distribution creates unreliable
and non-local credit assignment, for instance, the model may
assign artificially high rewards to neutral tokens (e.g., con-
nectives like “and” or “the”) simply to ensure the total score
for a preferred sequence is higher, it dilutes the optimization
signal from the few tokens that are actually critical to hu-
man preference, thereby hindering optimization (Shao et al.
2025; Pang et al. 2025). This distortion is compounded by a
theoretical ceiling effect: the larger model being guided con-
verges to mimicking the smaller reward model, thus capping
performance at the reward model’s limited capabilities and
negating the superior capabilities of the larger base LLM.

This motivates the exploration of a new alignment
paradigm: one that can directly assess the preference con-
tribution of individual tokens, thereby preserving the base
model’s inherent capabilities while avoiding the limitations
of trajectory-level reward allocation. To this end, this pa-
per introduces LLMdoctor, a three-stage framework that in-
tegrates token-level rewards with flow-guided optimization
for efficient and effective test-time alignment. As shown in
Fig.2, the framework begins with token-level reward acqui-
sition, where we extract token-level reward signals by ana-
lyzing behavioral variations of the patient model (the large
frozen LLM) on human preference data. Unlike conven-
tional approaches that treat entire sequences as atomic units,
LLMdoctor identifies specific tokens that significantly con-
tribute to preference judgments, thereby producing a fine-
grained and reliable reward signal. Given that each token re-
ward is computed from the context-dependent log-likelihood
gap between a POSITIVE and a NEGATIVE behavioural vari-
ant of the same patient model, our scheme assigns rewards
only to genuinely discriminative tokens instead of forc-
ing all per-token scores to balance to a preset trajectory
total. This contrastive, sparsity-controlled signal sidesteps
the compensatory “reward-budget” distortion suffered by
sequence-mimicking methods and lays a faithful foundation
for the subsequent flow-guided optimization stage. These
token-level rewards then serve as training signals for token-
level flow-guided preference optimization (TFPO). TFPO
enforces flow conservation across all subtrajectories. This
approach expands the preference signal from O(1) at the
trajectory level to O(n2) at the subtrajectory level, creat-

ing a comprehensive token-by-token alignment mechanism.
Its flow balance constraints naturally maintain diversity in
generation trajectories, preventing the mode collapse com-
mon in reward-maximizing approaches and preserving the
rich generative capabilities of the original model. Finally, the
doctor model guides the patient model at inference time as a
flow-guided reward model, providing token-level preference
signals that inform the patient model’s generation process.

The contributions of this work are three-fold: (1) We in-
troduce a test-time alignment framework that extracts and
leverages fine-grained token-level rewards, providing direct
preference signals without relying on trajectory-level re-
ward models. (2) We propose token-level TFPO, a method
that expands preference signals to the subtrajectory level to
train a novel flow-guided reward model. (3) Our approach
supports multi-dimensional preference alignment, enabling
real-time adjustment of different alignment objectives with-
out retraining. Experiments on multiple domains demon-
strate that LLMdoctor significantly outperforms existing
test-time alignment methods while matching or exceeding
the performance of more costlier training-time approaches.

2 Preliminaries
Generative Flow Networks (GFlowNets) (Bengio et al.
2023) introduce the principle of flow balance for learning to
sample complex discrete objects: Each partially constructed
object (a state) must maintain an equilibrium between in-
coming and outgoing flow, which can be conceptualized as
a measure of trajectory density through that state. For any
non-terminal state s in the generation process, the total flow
entering s from its predecessor states must equal the total
flow exiting s towards its successor states:∑

s′∈Pred(s)

F (s′ → s) =
∑

s′′∈Succ(s)

F (s → s′′), (1)

where F (sa → sb) denotes the flow associated with the tran-
sition from state sa to state sb. Furthermore, the flow termi-
nating at a complete object (terminal state sL) is typically
set to be proportional to a reward or energy function R(sL)
associated with that object: F (sL) ∝ R(sL).

Traditional preference optimization methods for LLMs,
such as RLHF and DPO, often evaluate preferences at the
entire response level. This can overlook the nuanced contri-
butions of individual tokens to the overall quality of a gen-
erated sequence.The LLMdoctor framework, particularly
through its token-level TFPO stage (Section 3.2), adapts the
flow balance concept to the autoregressive token generation
process. By associating flow with token sequence prefixes,
TFPO aims to ensure that the generation of each token aligns
with preference signals. The probability of generating a se-
quence of tokens that extends a prefix sm to a longer prefix
sn is determined by the ratio of their respective flows:

P (sm ⇝ sn) ∝ F (sn)

F (sm)
, (2)

where sm ⇝ sn denotes the generation of the token sub-
sequence from sm to sn. This flow-guided mechanism en-
courages a model to allocate higher probability mass to con-
tinuations with greater downstream flow, thereby promoting
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Figure 2: Overall framework of LLMdoctor

preference-aligned generation at each step of the autoregres-
sive process.

3 Methodology

We introduce a novel framework for LLM alignment us-
ing token-level rewards at inference time. This approach ad-
dresses three critical challenges in current alignment meth-
ods: 1) obtaining fine-grained token-level supervision sig-
nals, 2) reducing computational overhead in preference opti-
mization, and 3) enabling flexible alignment during genera-
tion. Fig. 2 illustrates our proposed architecture. The frame-
work operates through a three-stage process linking a large
pre-trained patient model with a smaller doctor model.

First, the token-level reward generating stage extracts
detailed reward signals by analyzing the patient model’s re-
sponses to various prompts informed by human preference
data. These token-level rewards then serve as training sig-
nals for flow-guided sub-trajectory reward fine-tuning of
the doctor model. This stage employs flow-guided direct
preference optimization to establish token-by-token prefer-
ence alignment (TFPO) within the smaller model. Finally,
during test-time alignment at online alignment stage, the
trained small doctor model dynamically guides the patient
model’s outputs at inference time, eliminating the need to
retrain the larger model. This integration creates an efficient
alignment pipeline by concentrating intensive training on the
smaller doctor model while preserving the generative capa-
bilities of the patient model. The approach enables flexible
preference adjustment during inference without expensive
retraining, creating a practical solution for aligning large-
scale language models with human preferences at test time.

3.1 Token-Level Reward Acquisition
The token-level reward acquisition stage begins with an
LLM that has undergone supervised fine-tuning but not pref-
erence alignment, serving as the patient model. This stage
extracts fine-grained token-level signals by analyzing the
model’s behavioral responses to prompts from a standard
preference dataset, D = {(x(i), y

(i)
+ , y

(i)
− )}Ni=1, where each

instance contains a prompt x(i), a human-preferred response
y
(i)
+ , and a non-preferred response y

(i)
− . Instead of training

separate reward models, LLMdoctor creates behavioral vari-
ants of the patient model via conditioning, revealing token
importance by measuring differences in log-probabilities as-
signed to tokens under contrasting behaviors.

The importance measurement is then combined with hu-
man preference labels to determine the magnitude and direc-
tion of token-level rewards, reinforcing important tokens in
preferred responses while suppressing them in non-preferred
ones.
Behavioral Variants from a Single Model. The patient
model πSFT serves as the foundation for creating discrimi-
native behavioral variants. Through strategic prompt engi-
neering, the model generates two distinct behavioral modes
without requiring additional parameters or training, namely
a positive face πpos (a variant instructed to generate help-
ful, accurate, and polite responses), and a negative face πneg

(a variant prompted to produce less helpful responses with
critical information omitted). These variants share the same
parameters but exhibit different response distributions based
on their prompting.
Token Importance Measurement. For each token yt at po-
sition t in a response y (which can be either a preferred
response y

(i)
+ or a non-preferred response y

(i)
− from an in-
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stance (x(i), y
(i)
+ , y

(i)
− ) in the training split of the preference

dataset D), the importance estimation process computes log-
likelihoods under both behavioral variants:

ℓpos
t = log πpos(yt | x, y<t), ℓneg

t = log πneg(yt | x, y<t).
(3)

The absolute difference ∆t = |ℓpos
t − ℓneg

t | measures how
strongly each token distinguishes between positive and neg-
ative behaviors. Tokens with larger differences play more
significant roles in determining response quality. This di-
rect measure of behavioral distinctiveness thus avoids misat-
tributing high importance to tokens that are frequent but not
genuinely discriminative. To ensure comparability across
different response styles and lengths, the raw differences un-
dergo normalization and smoothing:

∆̂t =
∆t

meanj(∆j) + ε
, St = tanh

(∆̂t

τ

)
, (4)

where ε is a small constant that prevents division by zero,
and τ is a temperature parameter controlling the smoothness
of importance scores. The final score St ∈ (0, 1) represents
each token’s importance in distinguishing between desired
and undesired behaviors.
Token-Level Reward Assignment. Directional token re-
wards are obtained by combining importance scores with
binary human preference signals sign(y) ∈ {+1,−1}:

rt = sign(y) · St · 1[St > θ], (5)

where 1[·] is an indicator function and θ is a sparsity thresh-
old. This formulation ensures that only substantially dis-
criminative tokens receive non-zero rewards, with the mag-
nitude reflecting importance and the sign indicating whether
to reinforce or suppress the token. These token-level rewards
provide a fine-grained supervision signal for the subsequent
training of the doctor model. By operating at the token level,
the framework identifies the specific tokens that contribute
most to human preferences, enabling precise and localized
credit assignment.

3.2 TFPO-Based Fine-Grained Preference
Tuning

Given token-level rewards rt from the patient model, the
smaller doctor model π̂θ is now trained to internalize these
fine-grained alignment signals via token-level TFPO. Token-
level TFPO extends preference optimization to the subtra-
jectory level within token sequences. It incorporates a value
function Vϕ, which is a head of the doctor model, to estimate
the value of token sequence prefixes.

Flow-Guided Optimization for Token Sequences. The
TFPO framework views token generation as a trajectory
through states. A state st represents the sequence of t to-
kens (y1, . . . , yt) generated thus far, with s0 denoting the
initial prompt context. The doctor model π̂θ(yt+1|st) de-
fines the probability of generating the next token yt+1 given
the current state (prefix) st. TFPO builds on the flow conser-
vation principle from GFlowNets. The flow F (st) through a
state st represents the unnormalized probability mass pass-
ing through that prefix. This flow is defined as the product of

a prefix score Q(st), derived from token-level rewards, and a
learned value estimate Vϕ(st) that discriminates among can-
didate continuations:

F (st) = Q(st) · Vϕ(st), (6)

where Q(st) is a positive weighting term derived from the
token-level rewards rk (for k < t) obtained from the patient
model, encoding the preference information associated with
the prefix st.

The flow conservation principle dictates that for any
non-terminal state st, the total incoming flow must equal
the total outgoing flow. The probability of transitioning
from a prefix sm to a longer prefix sn (by append-
ing tokens ym, . . . , yn−1) equals the ratio of their flows,
F (sn)/F (sm), representing the share of the parent’s flow
allocated to this continuation. This naturally creates a flow
allocation effect: among multiple candidate continuations
from the same prefix, those with higher downstream flow re-
ceive larger probability shares, thereby directing the policy
π̂θ toward more preferred branches.

Subtrajectory Balance Objective for TFPO. This flow
balance requirement is formalized through the Subtrajectory
Balance (SubTB) principle. For any generation trajectory
τ : s0

y1−→ s1 . . .
yL−−→ sL (where s0 is the initial prompt

context and L is the sequence length), and for any subtra-
jectory from state sm to sn (where 0 ≤ m < n ≤ L), the
SubTB condition, assuming a forward policy π̂θ (the doctor
model) and a backward policy π̂B , is given by:

F (sm)

n−1∏
k=m

π̂θ(yk+1|sk) = F (sn)

n−1∏
k=m

π̂B(yk|sk+1). (7)

This equation ensures that the forward flow from sm to sn
matches the backward flow.

Following common practice in GFlowNet formula-
tions for sequence generation, a uniform backward policy
(π̂B(·) = 1) is adopted without loss of generality, as the
primary goal is to learn the forward generative policy π̂θ.
Substituting Eq. 6 into Eq. 7 and setting π̂B = 1 yields:

Q(sm)Vϕ(sm)

n−1∏
k=m

π̂θ(yk+1|sk) = Q(sn)Vϕ(sn). (8)

This condition implies that the cumulative probability of
generating the token sequence from sm to sn equals the
flow ratio F (sn)/F (sm), which represents the fraction of
the source state’s flow allocated to this specific continua-
tion. Consequently, among different candidate continuations
from the same prefix sm, those leading to states with higher
composite flow will receive proportionally larger probability
mass.

To derive a trainable loss function, we take the logarithm
of both sides of Eq. 8 and rearrange terms, leading to:

log
Q(sn)Vϕ(sn)

Q(sm)Vϕ(sm)
=

n−1∑
k=m

log π̂θ(yk+1|sk). (9)

The Subtrajectory Balance loss for TFPO (LSubTB) penalizes
the squared difference from this equality over all possible
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subtrajectories within each sequence in the training dataset
Dpref (derived from the original preference data D):

LSubTB(π̂θ, Vϕ) =
∑

(τ)∈Dpref

∑
0≤m<n≤Lτ

(
log

Q(sn)Vϕ(sn)

Q(sm)Vϕ(sm)
−

n−1∑
k=m

logπ̂θ(yk+1|sk)

)2

,

(10)
where Lτ is the length of trajectory τ . This loss trains the
doctor model π̂θ and the value function Vϕ to satisfy flow
consistency across all token subsequences, guided by the
prefix scores Q(st) derived from the patient model’s token-
level rewards.

Value Discrimination Loss. To further ensure that the
value function Vϕ correctly distinguishes between more and
less preferred next tokens based on the initial token-level
rewards, a value discrimination loss is employed. Given a
prefix st, if token yw is considered preferable to yl (e.g.,
r(yw) > r(yl) from patient model feedback), the value loss
encourages Vϕ to reflect:

Lvalue(Vϕ) = max(0, γ − (Vϕ(st, yw)− Vϕ(st, yl))), (11)

where (st, yw) denotes the state (prefix) resulting from ap-
pending yw to st, and γ is a margin hyperparameter. This
requires Vϕ to estimate the value of a prefix after a specific
next token is chosen.

Overall TFPO Training Objective. The training objec-
tive for the doctor model using TFPO combines the subtra-
jectory balance loss and the value discrimination loss:

LTFPO = LSubTB(π̂θ, Vϕ) + λLvalue(Vϕ), (12)

where λ is a hyperparameter that balances the contribution
of the two loss components.

Training Procedure. The training of the doctor model π̂θ

and its value head Vϕ commences after acquiring the token-
level rewards rt (which inform prefix scores Q(st)) from the
patient model’s analysis of the preference dataset Dpref , as
detailed in Section 3.1. Using these pre-computed rewards,
the doctor model parameters are then optimized by minimiz-
ing the overall TFPO objective LTFPO (Eq. 12).

This procedure enables the doctor model to learn token-
level preference alignment by satisfying flow balance condi-
tions across entire generation trajectories, thereby develop-
ing a context-aware ability to dynamically evaluate the pref-
erence alignment of potential next tokens while preserving
generation diversity.

3.3 Online Alignment
The LLMdoctor framework ends with the Online Alignment
stage, where the trained doctor model guides the patient
model’s output during inference.

Flow-Guided Reward Model Formulation. The trained
doctor model is employed as a flow-guided reward model.
Given a generation context and the sequence of tokens pro-
duced so far (state st = (y1, . . . , yt)), the flow-guided re-
ward model outputs a log-probability score, log πr(yt+1|st),
for each potential next token yt+1. These scores function as
dynamic, token-level preference signals that inform the pa-
tient model’s generation process.

Reward-Guided Decoding Algorithm. At inference, the
patient model’s log-probabilities (πbase) are combined with
the token-level preference signals from the flow-guided re-
ward model (πr) to derive a modified decoding distribution:

πdecode(yt+1 | st) ∝
[
πbase(yt+1 | st)

]α ·
[
πr(yt+1 | st)

] β
,

(13)
where α and β are adjustable hyperparameters that control
the trade-off between fluency and preference alignment.

This mechanism is computationally efficient, as both
models compute their respective distributions for all candi-
date next tokens in a single forward pass. This obviates the
need for multiple full-sequence generations for evaluation.

Flexible Online Alignment. Our framework can be used
for multi-dimensional preference control, e.g., balancing
helpfulness and safety. To achieve this, we can train spe-
cialized doctor models for each preference dimension (or
develop a unified model with separate reward heads for each
aspect). During inference, guidance from these models is in-
tegrated by modifying the decoding process:

πdecode(yt+1 | st) ∝
[
πbase(yt+1 | st)

]α ·
∏
i

[
π(i)
r (yt+1 | st)

] βi

(14)
where π

(i)
r represents the flow-guided reward model for the

i-th dimension, and βi are adjustable weights. This config-
uration permits dynamic balancing of different alignment
aspects at inference time by modifying the βi coefficients,
without the need to retrain either the large patient model or
the specialized doctor models.

4 Experiments
4.1 Experimental Setup
Datasets. HH-RLHF (Helpful and Harmless) (Bai et al.
2022): comprising 112,000 training samples and 12,500 test
samples for general alignment evaluation. PKU-SafeRLHF-
10K (Ji et al. 2024): including explicit preference labels for
both helpfulness and harmlessness dimensions separately.
UltraFeedback (Cui et al. 2023): providing extensive pref-
erence data for training reward models.
Baselines. The performance of LLMdoctor is benchmarked
against a comprehensive suite of established methods span-
ning multiple categories. 1) For standard decoding, we
use greedy search, top-k sampling, top-p (nucleus) sam-
pling, and contrastive search. 2) For training-time align-
ment, we compare with Direct Preference Optimization
(DPO) (Rafailov et al. 2023). 3) For test-time align-
ment, we evaluate against methods including Autoregres-
sive Reward Search (ARGS) (Khanov, Burapacheep, and Li
2024), Generative Autoregressive Reward Modeling (Gen-
ARM) (Xu et al. 2025), and Naive Rejection Sampling
(Naive RS) (Li et al. 2024). 4) For multi-objective align-
ment, we compare against approaches such as Reward
Soups (RS) (Rame et al. 2023) and Multi-objective RL
(MORL) (Wu et al. 2023).
Models and Training. For most experiments, we follow the
settings of ARGS (Khanov, Burapacheep, and Li 2024) and
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Method vs. Method Win (%) Tie (%) Lose (%) Win + ½ Tie
(%)†

ARGS vs. DPO 24.54±0.17 3.39±0.32 72.07±0.30 26.24±0.17
Transfer-Q vs. DPO 31.30±0.30 4.14±0.17 64.56±0.18 33.37±0.22
CARDS vs. DPO 38.29±0.17 6.51±0.16 55.20±0.31 41.55±0.23
GenARM vs. DPO 49.60±0.31 5.29±0.17 45.11±0.34 52.25±0.32
GenARM vs. ARGS 67.53±0.51 6.02±0.33 26.45±0.17 70.54±0.35
GenARM vs. Transfer-Q 67.82±0.35 4.39±0.17 27.79±0.18 70.02±0.26
GenARM vs. CARDS 56.47±0.14 3.82±0.32 39.71±0.35 58.38±0.17
Ours vs. Greedy Search 89.40±0.25 7.10±0.18 3.50±0.15 92.95±0.21
Ours vs. Top-k Sampl. 87.20±0.28 8.30±0.21 4.50±0.16 91.35±0.24
Ours vs. Top-p Sampl. 86.80±0.29 8.90±0.22 4.30±0.15 91.25±0.25
Ours vs. Contra. Search 81.50±0.35 10.20±0.25 8.30±0.22 86.60±0.31
Ours vs. Naive RS 76.60±0.41 11.40±0.28 12.00±0.29 82.30±0.37
Ours vs. DPO 57.80±0.33 6.40±0.19 35.80±0.31 61.00±0.30
Ours vs. ARGS 73.20±0.45 5.60±0.18 21.20±0.38 76.00±0.39
Ours vs. Transfer-Q 74.10±0.42 4.50±0.16 21.40±0.37 76.35±0.36
Ours vs. CARDS 69.50±0.48 5.90±0.20 24.60±0.41 72.45±0.42
Ours vs. GenARM 58.50±0.35 7.20±0.21 34.30±0.32 62.10±0.32

Table 1: Head-to-head comparison on the HH-RLHF test set,
evaluated by GPT-4o. Cell color intensity indicates win/loss
magnitude (purple for win, orange for loss). †Win + ½ Tie
percentages are reported as a summary statistic.

use the LLaMA-7B-SFT checkpoint as the base LLM, fine-
tuning it with LoRA on the HH-RLHF training split to cre-
ate reward models for test-time methods. For the weak-to-
strong guidance experiments, we use the Tulu2 model fam-
ily (Ivison et al. 2023), specifically the supervised fine-tuned
(SFT) checkpoints at 7B, 13B, and 70B parameter scales.
For LLMdoctor, the doctor model is trained as described in
Section 3.2. DPO is trained by fine-tuning the correspond-
ing SFT model on the relevant preference dataset. Parame-
ters for baseline methods are set according to their original
papers or tuned on a validation set for fair comparison.
Evaluation. Following the protocol of Khanov, Bura-
pacheep, and Li (2024) and Xu et al. (2025), responses are
generated for 300 randomly sampled prompts from the HH-
RLHF test set, with alignment performance evaluated us-
ing head-to-head comparisons judged by GPT-4o. For the
weak-to-strong guidance experiments, we use AlpacaEval
2 (Dubois et al. 2024), an automatic evaluation framework
that compares model outputs against a reference model and
computes win rates.

4.2 Main Results

We evaluate alignment performance using head-to-head
comparisons judged by GPT-4o, with the “Win + ½ Tie
(%)” metric serving as the primary measure, summarized
in Table 1. LLMdoctor demonstrates a consistent and sig-
nificant advantage over all baselines. Critically, its superi-
ority extends across alignment paradigms, surpassing the
strongest test-time method, GenARM, and outperforming
the full training-time approach, DPO. Notably, other test-
time methods like ARGS (26.24%), Transfer-Q (33.37%),
and CARDS (41.55%) exhibit a significant performance
gap against DPO. Furthermore, LLMdoctor overwhelmingly
outperforms standard unaligned decoding strategies, such as
Naive RS (82.30%) and top-p sampling (91.25%).This con-
sistent outperformance validates LLMdoctor’s token-level
flow-guided optimization.
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Figure 3: Pareto frontier comparison for helpfulness and
harmlessness.

4.3 Multi-Dimensional Preference Balancing
Real-world preference alignment often requires navigating
multiple, potentially conflicting dimensions. To evaluate
LLMdoctor’s capability in balancing helpfulness and harm-
lessness, we conduct a Pareto frontier analysis on the PKU-
SafeRLHF-10K dataset. For this task, we train specialized
doctor models for the helpfulness and harmlessness dimen-
sions respectively. During inference, their guidance is dy-
namically combined using adjustable weights (βh, βs), al-
lowing us to trace a Pareto frontier by systematically varying
their balance.

As shown in Fig. 3, LLMdoctor’s frontier consistently
dominates other methods, achieving superior trade-offs
across all parameter configurations. Unlike training-based
methods that require retraining for different preference con-
figurations, LLMdoctor enables real-time adjustment of
preference weights during inference, highlighting its flexi-
bility.

4.4 Weak-to-Strong Guidance
To evaluate LLMdoctor’s efficacy in a weak-to-strong guid-
ance scenario, a 7B doctor model guides patient models of
increasing scale (Tulu2-SFT at 7B, 13B, and 70B). The per-
formance is benchmarked against other test-time methods,
which also employ a 7B guidance model, and against DPO,
which requires full fine-tuning at each respective scale. To
ensure a controlled comparison, all methods are evaluated
by their win rates against a fixed Tulu2-7B SFT reference
model using the AlpacaEval 2 benchmark.

As shown in Fig. 4, LLMdoctor consistently outperforms
other test-time alignment methods across all patient model
scales. Notably, the 7B doctor model surpasses the fully
fine-tuned DPO baselines at every scale, achieving a length-
controlled win rate of 82.5% at the 70B scale compared to
DPO’s 82.0%. This demonstrates that the proposed frame-
work can effectively transfer alignment capabilities from
smaller to larger models without incurring the substantial
computational cost of fine-tuning.
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Figure 5: Alignment signal dynamics.

4.5 Alignment Signal Dynamics Analysis
To investigate how different alignment methods guide gener-
ation over time, we analyze their internal alignment signals.
At each step of generating a preferred response, we mea-
sure a ”value gap” that quantifies how confidently a model
distinguishes the correct next token from a plausible alter-
native predicted by the base SFT model. A larger gap sig-
nifies a stronger, more decisive alignment signal, indicat-
ing better foresight. Fig. 5 highlights distinct patterns in the
signal dynamics. LLMdoctor maintains a consistently high
normalized signal throughout the generation process. This
suggests that the TFPO mechanism successfully propagates
sequence-level preference information to each intermediate
step, providing the doctor model with strong “foresight”
from the beginning. In contrast, DPO and GenARM both
exhibit “climbing” trajectories, where signals start at a lower
level and gradually strengthen as more tokens are generated.

4.6 Performance vs. Diversity Analysis
This section analyzes the trade-off between alignment per-
formance and generation diversity for the 7B models on the
HH-RLHF dataset. Performance is measured by win rates

25 30 35 40 45 50 55 60
Alignment Performance (Win + 0.5×Tie % vs. DPO)

20

25

30

35

40

45

50

55

G
en

er
at

io
n 

D
iv

er
si

ty

Performance-Diversity Trade-offTransfer-Q
GenARM 

DPO

CARDS

ARGS
LLMdoctor (T=0.7)

T=1.0 T=1.2

Robust High-Diversity Region

LLMdoctor 

(Ours) DPO
GenARM 
CARDS

ARGS 
Transfer-Q

Figure 6: Performance vs. diversity trade-off. The plot com-
pares alignment performance (Win + 0.5×Tie % vs. DPO)
against generation diversity for various methods.

Method Variant Win + ½ Tie (%) vs. DPO Diversity
LLMdoctor (Full Model) 61.00 0.47
w/o Subtrajectory Balance (LSubTB) 53.15 0.34
w/o Value Discrimination (Lvalue) 58.23 0.43
w/o Reward Sparsity 56.58 0.46
w/o Flow-Guided Rewards 52.76 0.25

Table 2: Ablation study results on the HH-RLHF test set.

against DPO.
The results in Fig. 6 reveal that LLMdoctor excels in both

dimensions, achieving the highest alignment score while
maintaining superior diversity over other test-time methods.
In contrast, ARGS preserves high diversity at the cost of
performance, while GenARM and Transfer-Q sacrifice di-
versity for alignment gains. DPO exhibits the lowest di-
versity, consistent with the known mode collapse tendency
of training-time methods. This analysis empirically con-
firms that LLMdoctor’s flow-guided optimization effectively
achieves strong alignment without compromising the base
model’s generative richness.

4.7 Ablation Study
As shown in Table 2, the ablation experiments demonstrate
the effectiveness of the method proposed in this paper.

5 Conclusion
This paper introduces LLMdoctor, a novel framework to en-
hance test-time alignment of large language models. LLM-
doctor employs a patient-doctor paradigm where a smaller
doctor model, trained with token-level flow-guided prefer-
ence optimization (TFPO), provides real-time guidance to
a large, frozen patient model. This approach enables flex-
ible and efficient alignment without costly retraining. Ex-
periments demonstrate that LLMdoctor significantly outper-
forms existing alignment methods in both preference align-
ment and generation diversity, highlighting the potential of
flow-based optimization to create more powerful, adaptable
alignment solutions for state-of-the-art language models.
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