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Abstract

Large Language Models (LLMs) have demonstrated remark-
able generalization capabilities, but aligning their outputs
with human preferences typically requires expensive super-
vised fine-tuning. Recent test-time methods leverage textual
feedback to overcome this, but they often critique and revise
a single candidate response, lacking a principled mechanism
to systematically analyze, weigh, and synthesize the strengths
of multiple promising candidates. Such a mechanism is cru-
cial because different responses may excel in distinct aspects
(e.g., clarity, factual accuracy, or tone), and combining their
best elements may produce a far superior outcome. This paper
proposes the Textual Self-Attention Network (TSAN), a new
paradigm for test-time preference optimization that requires
no parameter updates. TSAN emulates self-attention entirely
in natural language to overcome this gap: it analyzes multiple
candidates by formatting them into textual keys and values,
weighs their relevance using an LLM-based attention mod-
ule, and synthesizes their strengths into a new, preference-
aligned response under the guidance of the learned textual
attention. This entire process operates in a textual gradient
space, enabling iterative and interpretable optimization. Em-
pirical evaluations demonstrate that with just three test-time
iterations on a base SFT model, TSAN outperforms super-
vised models like Llama-3.1-70B-Instruct and surpasses the
current state-of-the-art test-time alignment method by effec-
tively leveraging multiple candidate solutions.

Code — https://github.com/Explorermomo/TSAN-main
Extended version — http://arxiv.org/abs/2511.06682

Introduction
Aligning LLMs with human values and preferences has be-
come a cornerstone of modern AI research, ensuring these
powerful systems are helpful, harmless, and honest (Ji et al.
2023). The dominant paradigms for achieving this align-
ment, such as reinforcement learning from human feedback
(RLHF) (Ouyang et al. 2022) and direct preference opti-
mization (DPO) (Rafailov et al. 2023), are performed during
the training phase (Wu et al. 2024). These methods embed
preferences directly into the model’s parameters, producing
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Figure 1: Comparison of Textual Self-Attention Network
with existing preference optimization methods (e.g., RLFH,
DPO, and TPO), where PAS and PAU represent textual at-
tention scores and textual aggregation updates, respectively.

statically-aligned AI models. While effective, this approach
is computationally intensive and lacks the flexibility to adapt
to new or evolving preferences without expensive retraining
cycles (Wang et al. 2024).

This inflexibility has given rise to an emerging area of
test-time self-improvement (Raschka 2024). These meth-
ods seek to align LLM outputs on-the-fly, trading additional
test-time computation for higher-quality, better-aligned re-
sponses during the generation process (Dong, Teleki, and
Caverlee 2024). However, many existing test-time prefer-
ence optimization techniques face significant limitations.
Rudimentary methods like Best-of-N sampling (Lightman
et al. 2023) rely on a simple scalar reward signal to select
the best response from a pool of candidates. This scalar re-
ward is a notorious information bottleneck and is highly sus-
ceptible to reward hacking, where the model learns to ex-
ploit proxy signals (e.g., generating verbose or formulaic an-
swers) to achieve a high score without genuinely improving
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quality (Khalaf et al. 2025).
More sophisticated approaches have begun to leverage

richer, textual feedback to overcome the limitations of scalar
rewards. Frameworks like test-time preference optimization
(TPO) (Li et al. 2025) and critique & revise (Jin et al. 2023)
generate natural language critiques and use them as textual
gradients to iteratively improve a single response. As shown
in figure 1, although this is an important step forward, a key
limitation remains: these methods still operate in a linear,
unstructured fashion. They typically critique one candidate
response and then attempt to revise it, lacking a principled
mechanism to systematically analyze, weigh, and synthesize
the strengths of multiple promising candidate outputs simul-
taneously. This single-path revision process misses the op-
portunity to combine the best aspects of several strong alter-
natives, fundamentally limiting its optimization potential.

To address this gap, we introduce the TSAN, a novel
test-time preference optimization method that operational-
izes the principles of a self-attention mechanism within the
textual domain. Rather than merely critiquing and revising a
single output, TSAN formalizes a structured process for ag-
gregating information from a set of high-quality candidate
responses. It treats the user’s prompt as a query (Q) and a cu-
rated set of strong initial answers as textual keys (K) and val-
ues (V). The framework then uses an LLM to generate tex-
tual attention scores — a natural language analysis of each
key’s relevance and merit with respect to the query. Guided
by this rich, contextual attention signal, TSAN synthesizes
a new, superior response by performing an aggregation up-
date that integrates the most salient features from the Val-
ues. This entire process is enclosed in an iterative optimiza-
tion loop driven by textual gradient descent, allowing the
model to progressively refine its output for better alignment
with user preferences. In summary, TSAN distinguishes it-
self from previous works through some key features:
• We introduce a new paradigm for test-time alignment fo-

cused on the principled, compositional synthesis of an
optimal response from multiple candidates. This moves
beyond the prevailing approach of selecting or revising
a single response, establishing a more structured method
to systematically analyze and integrate the strengths of
diverse solutions.

• To realize this paradigm, we propose the TSAN, an in-
novative framework that operationalizes a query-key-
value self-attention mechanism entirely within the tex-
tual domain. By generating natural language attention
scores to weigh the merits of each candidate, TSAN ef-
fectively processes multiple inputs to synthesize a su-
perior, preference-aligned output without any parameter
updates.

• Extensive experiments have demonstrated that by struc-
turally designing the refinement process through a textual
attention mechanism, TSAN can provide a more robust
and effective test-time alignment method.

Related Work
This work is situated at the intersection of LLM preference
optimization, test-time alignment, and the emerging field of

textual feedback mechanisms.

Preference Optimization Paradigms
Research in LLM alignment is broadly divided into two
paradigms. Training-time alignment methods instill prefer-
ences by modifying model weights. This began with the
complex, multi-stage pipeline of RLHF, which involves
training a separate reward model and using reinforcement
learning (like PPO (Schulman et al. 2017)) to optimize the
policy. Due to its instability and high computational cost,
the field has largely shifted towards simpler and more sta-
ble methods like DPO (Rafailov et al. 2023). DPO and its
successors, such as RLOO (Zhang et al. 2024), CPO (Xu
et al. 2024), and ORPO (Hong, Lee, and Thorne 2024), re-
frame the preference learning problem as a classification
task, thereby eliminating the need for an explicit reward
model and a complex reinforcement learning loop. However,
all these methods produce a static model that cannot be ad-
justed post-training.

In contrast, test-time alignment aims to provide this miss-
ing flexibility by intervening during the generation process
without updating model weights. These techniques range
from decoding strategies and sampling methods to more
complex iterative refinement loops. As shown in figure 1,
TSAN falls squarely into this paradigm, offering a novel
mechanism for on-the-fly alignment.

Test-Time Self-Improvement
The field of test-time self-improvement has explored several
strategies for enhancing model outputs at test time.

Sampling and Search. The most straightforward ap-
proach is Best-of-N sampling (Lightman et al. 2023), where
N candidate responses are generated, and the one with the
highest score from a reward model is selected. More ad-
vanced techniques, such as Tree-of-Thoughts (Yao et al.
2023) and TreeBoN (Qiu et al. 2024), employ tree-based
search to explore the solution space more effectively. How-
ever, these methods typically rely on scalar rewards and are
thus vulnerable to reward hacking.

Iterative Refinement. For more nuanced correction, it-
erative methods have been proposed. The critique & re-
vise framework involves generating an initial response, cri-
tiquing it, and then generating a revision based on the cri-
tique (Li et al. 2025; Jin et al. 2023). TPO formalizes this
concept by treating the critique as the textual gradient (Yuk-
sekgonul et al. 2025) that guides optimization. As shown
in figure 1, TSAN builds upon this iterative foundation but
introduces a key distinction: instead of a linear loop of cri-
tiquing and revising a single candidate, TSAN implements a
structured, attention-based mechanism to synthesize an im-
proved response from a whole set of strong candidates. More
related work can be found in Appendix A.

Preliminary
The goal of preference optimization in LLMs is to align the
output of a policy πθ with human preferences. This objective
is typically formalized as maximizing a scoring function s
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over a preference dataset D, which consists of a prompt x, a
chosen response yw, and a rejected response yl:

max
π

E(x,yw,yl)∼D
[
s(π, x, yw, yl)

]
(1)

Training-Time Preference Optimization
Mainstream alignment methods achieve this during the
training phase by updating the model parameters θ. RLHF
is a seminal work in this area. It first trains a reward model
(RM), rϕ, to fit human preferences. Then, it uses reinforce-
ment learning to maximize this reward for the policy model,
while a KL-divergence term penalizes its deviation from a
reference model πref:

max
θ

Ex∼D,y∼πθ(y|x)
[
rϕ(x, y)−β·KL

(
πθ(y|x)

∣∣∣∣πref(y|x)
)]

(2)

Test-Time Preference Optimization
In contrast to methods that update model weights, test-time
optimization intervenes on the model’s output during the in-
ference phase. An emerging direction in this area is the use
of textual gradients. This paradigm does not compute nu-
merical gradients ∇θL(θ). Instead, it leverages the LLMs’
own capabilities to iteratively revise its output text y guided
by natural language critiques. This process can be abstracted
as:

yi+1 ← Revise(yi,∇text) , where∇text = Critique(yi, Ltext)
(3)

The TSAN we propose provides a novel and structured
framework for applying textual gradients under this test-
time optimization paradigm.

Method
To address the insufficiency of existing test-time preference
optimization methods in integrating information from mul-
tiple candidate answers, we propose the TSAN. TSAN is
to elevate the self-attention mechanism from the numeri-
cal level to the textual level at test time. Through a struc-
tured, LLM-driven process, it enables the systematic analy-
sis, weighting, and synthesis of multiple high-quality candi-
date answers, thereby generating a more optimal response.

The overall framework of TSAN comprises three core
phases: (1) Candidate generation and textual QKV construc-
tion; (2) Textual attention calculation; (3) Aggregate and up-
date with alternating optimization. The entire process oper-
ates within an optimization loop driven by textual gradients.

Candidate Generation and Textual QKV
Construction
Given a user input x, the TSAN process is initiated.

1. Candidate Generation: TSAE first utilize a policy
model πθ to generate a set of N diverse candidate re-
sponses {y1, y2, . . . , yN} for the input x. This step ini-
tially explores the possible solution space.

2. Reward Model Scoring and Selection: Next, using an
independent RM to score these N candidates, obtaining

their respective preference scores. Then cache each can-
didate response and its score, and sort them in descending
order based on their scores:

Y = {(yi, R(yi))}Ni=1 (4)

3. Textual QKV Construction: Inspired by the self-
attention mechanism, we reframe the optimization prob-
lem as an interaction of query, key, and value in the tex-
tual domain.

(a) Textual Query (Q): The user’s original input x is di-
rectly used as the textual query, Qtext.

(b) Textual Key (K) and Value (V): Selecting the top-k
candidate responses from the cache and concatenate
them into a single, numbered string. This string serves
simultaneously as the textual key, Ktest, and the tex-
tual value, Vtest. In TSAN, Ktest is used to evaluate the
relevance of each candidate answer to the query, while
Vtest acts as the carrier for the content of these answers,
which will ultimately be synthesized. Formally:

Qtext = x (5)

Ktest = Vtest = Top-k
(
{(yi, R(yi))}Ni=1

)
(6)

Textual Attention Score
In standard self-attention mechanisms, attention scores are
numerical matrices calculated by computing the dot prod-
uct of query vectors and key vectors. However, in TSAN,
we use specially configured LLMs to generate a natural lan-
guage format analysis report, which we refer to as textual
attention scores (AStext).

Specifically, we construct an attention score model, the
PASmodel, which is an LLM configured with a specific sys-
tem prompt Patt. This prompt instructs the model to role-play
as an attention mechanism, with the following task:

”Analyze the relevance between the query Q and each
candidate key Ki. Evaluate the key characteristics of
each Ki regarding aspects such as performance and
accuracy, and provide a step-by-step explanation. Fi-
nally, perform a qualitative summary of these charac-
teristics to produce a coherent textual description that
synthesizes all insights.”

By feeding the textual query Qtext and the textual key Ktext
as input into this model, its output is the textual attention
score, AStext. This AStext is a piece of text rich with asso-
ciative information; it not only assesses relevance but also
points out the advantages and disadvantages of each can-
didate answer, providing high-quality, interpretable guiding
signals for the subsequent aggregation step.

AStext = PASmodel(Qtext,Ktext) (7)

Aggregate Update
After obtaining the textual attention score, the next step is to
utilize this score to guide a model in synthesizing the merits
of all candidate answers (i.e., the textual value, Vtext) to gen-
erate a completely new and more optimal response. We call
this process textual aggregate update.
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Similar to the previous step, we construct an aggregate
update model PAUmodel, which is configured by a system
prompt Pagg. This prompt instructs the model:

”You are an aggregation and update mechanism. Your
task is, based on the textual attention score (AStext)
that analyzes the relationship between Q and each
Ki, and in conjunction with the corresponding Vi, to
integrate the information contained within these val-
ues and synthesize a new, rich output.”

The inputs Qtext, AStext, and Vtext are fed into this model.
The model’s output, a synthetically refined answer, is then
cached and denoted as yagg. Conceptually, this step is equiv-
alent to the process in self-attention where attention weights
are applied to the value vectors, which are then summed to
produce an output. In TSAN, however, this is an inference
process based entirely on textual understanding and genera-
tion.

yagg = PAUmodel(Qtext, AStext, Vtext) (8)

Y = {(yj , R(yj))}Nj=1 ∪ yagg (9)

Iterative Optimization
During the test-time optimization process, the preceding
steps are embedded into an iterative optimization loop.
Driven by textual gradients, the system continuously adjusts
the output to better align with the preferences of the reward
model. This process is composed of the following parts:
1. Textual Loss Calculation: We use a prompt Pl to ex-

press the loss function, where an LLML is prompted to
critique the previously generated answers {yiagg}Mi=1 with
respect to the original user prompt x. The process can be
formalized as:

Ltext = LLML(Pl, x, yagg) (10)
where the prompt Pl instructs LLML:

”You are supposed to evaluate the model’s response.
Please assess the strengths and weaknesses of the
model’s answer,then refine the PAS prompt to in-
struct the PAS Model to focus more on certain as-
pects and ensure better alignment of attention,and
refine the PAU prompt to guide the PAU Model on
how to utilize the attention analysis results from the
PAS Model to generate a better answer from the ex-
isting answers. Step by step.”

It can be seen that it not only to evaluate yagg but also to
provide feedback for improving the TSAN framework it-
self. Therefore, the resulting textual loss, Ltext, is a struc-
tured critique containing feedback for various learnable
components of the framework. We can formally represent
this output as a tuple:

Ltext = (∇yagg ,∇Patt ,∇Pagg) (11)

2. Gradient Computation: A prompt Pgrad is used to trans-
form the textual loss Ltext described above into an update
instruction, thereby forming a textual gradient:

∂L
∂yagg

= LLM(Pgrad(Ltext)) (12)

Algorithm 1: Textual Self-Attention Network (TSAN)

Require: Query x, policy model πθ, reward model RM,
max iterations T

Ensure: The final optimized answer yfinal
1: // Initialization
2: Ycand ←Generate N candidate responses {y1, . . . , yN}

in parallel using πθ.
3: K

(0)
text, V

(0)
text ← Evaluate Ycand using RM, select the

Top-k, and concatenate into a string.
4: Qtext ← x
5: for i = 0 to T − 1 do
6: // Textual Attention Calculation

AS
(i)
text ← PAS model(Qtext,K

(i)
text)

7: // Aggregate and Update
yagg ← PAU model(Qtext, AS

(i)
text, V

(i)
text)

8: // Textual Gradient Optimization
∇(i)

yagg ← Ltext(yagg) // Generate critique
9: {yiagg

′}Mi=1 ← Optimizer.step(∇(i)
yagg ) // Generate new

candidate set based on the critique
10: // Update candidates

Ycand ← {yiagg
′}Mi=1 ∪ yagg ∪ Ycand

11: // Update K and V for the next iteration
K

(i+1)
text , V

(i+1)
text ← Evaluate Ycand using RM and se-

lect the Top-k.
12: end for
13: yfinal ← Select the highest-scoring response from all

candidates generated across all iterations.
14: Return yfinal

3. Variable Optimization: Finally, a prompt Pupdate is used
to update the variables to generate an optimized set
{yiagg

′}Mi=1, analogous to a gradient descent update rule:

{yiagg
′}Mi=1 = LLM

(
Pupdate(

∂L
∂yagg

)

)
(13)

where the M parallel outputs can be considered as the
outputs of M attention heads. These newly generated an-
swers are re-scored by the reward model and are used to
update the textual key Ktext and textual value Vtext for the
next iteration.

Y = {(yj , R(yj))}Nj=1 ∪ yagg ∪
{
yiagg

′
}M

i=1
(14)

The entire process (from textual attention score calcula-
tion to the optimizer steps) is repeated until a preset max-
imum number of iterations, max iters, is reached. Besides,
We adopt the vanilla prompts for Pgrad and Pupdate from
TextGrad (Yuksekgonul et al. 2025). The complete steps are
detailed in Algorithm 1.

Experiments
Experimental Setup
Models. This research contrasts two policy model cate-
gories: unaligned and aligned, with the core distinction ly-
ing in whether preference optimization (e.g., RLHF or DPO)
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Model AlpacaEval 2 Arena-Hard 2 HH-RLHF BeaverTails XSTest MATH-500LC(%) WR(%)

Llama-3.1-70B-DPO (IQ4) 9.47 15.79 6.3 -2.94 -7.30 64.1 25.8
Llama-3.1-70B-Instruct (IQ4) 21.73 18.18 6.8 -2.45 -7.50 69.2 24.0
Llama-3.1-70B-SFT (IQ4) 3.01 4.91 5.5 -6.65 -10.07 75.2 22.0

SFT - TPO (k4-T3) 17.95 20.18 6.0 -2.96 -6.67 76.6 32.0
SFT - TPO (k4-T5) 18.28 22.15 6.0 -2.96 -6.53 76.6 32.0
SFT - TSAN (k4-M4-T3) 18.57 17.05 8.4 -2.88 -6.63 78.8 28.2
SFT - TSAN (k4-M4-T5) 18.57 17.05 8.5 -2.88 -6.45 78.8 28.2

Table 1: Unaligned Model Performance Comparison on Multiple Benchmarks, where the IQ4 indicates INT4 quantization, k
indicates the number of candidate answers sampled, M indicates the number of textual attention heads, and T indicates the
number of TSAN iterations. The bold and underlined numbers indicate the best and second-best performances, respectively.

is applied. Specifically, for the unaligned model, we adopt
Llama-3.1-Tulu-3-70B-SFT (IQ4 XS) (Lambert et al. 2024),
obtained by supervised fine-tuning (SFT) on the foundation
model Llama-3.1-70B (Grattafiori et al. 2024). For aligned
models, we employ two publicly available models: Llama-
3.1-70B-Instruct (IQ4 XS) (Grattafiori et al. 2024) and
the smaller-scale Mistral-Small-Instruct-2409 (Jiang et al.
2023). For RM, we use FsfairX-LLaMA3-RM-v0.1 (Dong
et al. 2024) for all policy models. Additionally, we fol-
low the settings of TPO (Li et al. 2025), training an on-
policy aligned model (termed Llama-3.1-70B-DPO) based
on Llama-3.1Tulu-3-70B-SFT using UltraFeedback (Cui
et al. 2023). More optimize Details can be found in Ap-
pendix B1.

Evaluation Benchmarks. We evaluate our model using a
comprehensive set of benchmarks covering multiple facets,
including instruction following (AlpacaEval 2 (Li et al.
2023) and Arena-Hard 2 (Li et al. 2024)), general preference
alignment (HH-RLHF (Bai et al. 2022)), safety (BeaverTails
(Ji et al. 2023) and XSTest (Röttger et al. 2023)), and math-
ematical capabilities (MATH-500 (Lightman et al. 2023)).
More details about the dataset can be found in Appendix
B2.

Experimental Results
We evaluate the effectiveness of our proposed TSAN by ap-
plying it to both unaligned and aligned base models. The
results, detailed in table 1 and table 2, demonstrate that
TSAN serves as a powerful and versatile test-time optimiza-
tion framework, significantly enhancing model performance
across a wide array of benchmarks.

Benchmark Performance
Unaligned Models. As presented in table 1, applying
TSAN to the base supervised fine-tuned model (Llama-3.1-
70B-SFT) yields substantial improvements, elevating its ca-
pabilities to be highly competitive with training-time align-
ment methods like DPO and TPO.

Most notably, on instruction-following benchmarks,
TSAN brings dramatic gains. On AlpacaEval 2, it boosts
the length-controlled win rate (LC) from a mere 3.01%
to 18.57% and the raw WR from 4.91% to 17.05%. This

demonstrates a vastly improved ability to adhere to user in-
structions. Similarly, on the more challenging Arena-Hard 2
benchmark, TSAN improves the score from 5.5% to 8.5%,
surpassing the performance of the SFT-TPO model (6.0%).

In terms of preference alignment and safety, TSAN con-
sistently steers the SFT model towards better-aligned and
safer outputs. The average reward on HH-RLHF improves
from -6.65 to -2.88, and on BeaverTails from -10.07 to -
6.45. This indicates that TSAN effectively guides the model
to generate responses that are better aligned with the reward
model’s learned human preferences. On XSTest, TSAN in-
creases the compliance accuracy from 75.2% to 78.8%. Fur-
thermore, TSAN enhances the model’s reasoning capabil-
ities, as shown by the improvement on MATH-500 from
22.0% to 28.2%.

When compared with SFT-TPO, a strong training-time
baseline, our test-time SFT-TSAN method proves to be
highly competitive. While TPO achieves a higher raw win
rate on AlpacaEval 2 and a stronger score on MATH-500,
TSAN outperforms TPO on Arena-Hard 2, XSTest, and
achieves slightly better reward scores on HH-RLHF and
BeaverTails. This highlights that TSAN can achieve a com-
parable level of alignment to training-time methods without
requiring any gradient-based updates or extensive training
data. And RM scores result can be found in figure A1 in
Appendix C.

Aligned Models. As shown in table 2, TSAN serves as a
potent test-time enhancement for already-aligned models of
varying scales. On the large-scale Llama-3.1-70B-Instruct, it
delivers substantial gains across all benchmarks, notably im-
proving the win rate on AlpacaEval 2 (WR from 18.18% to
23.19%) and Arena-Hard 2 (from 6.8% to 10.4%). The most
striking improvements are in reasoning and safety, where
TSAN boosts accuracy on MATH-500 from 24.0% to a re-
markable 38.0% and on XSTest from 69.2% to 81.7%.

To demonstrate the generality of our method, we also
applied TSAN to the smaller-scale Mistral-Small-Instruct-
2409 model. A consistent pattern of significant improvement
emerges. TSAN boosts Mistral-Small’s performance on Al-
pacaEval 2 (WR from 16.10% to 25.38%) and Arena-Hard 2
(from 9.1 to 10.3), while also enhancing its MATH score to
32.2%. This demonstrates that TSAN is a model-agnostic
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Model AlpacaEval 2 Arena-Hard 2 HH-RLHF BeaverTails XSTest MATH-500LC(%) WR(%)

Llama-3.1-70B-Instruct (IQ4) 21.73 18.18 6.8 -2.45 -7.50 69.2 24.0

+ TSAN (k4-M4-T3) 26.51 23.19 8.1 -1.73 -6.63 81.7 38.0
+ TSAN (k4-M4-T5) 26.51 23.19 10.4 -1.52 -6.44 81.7 38.0
Mistral-Small-Instruct-2409 15.76 16.10 9.1 -3.11 -6.95 72.0 27.6

+ TSAN (k4-M4-T3) 22.57 24.10 10.3 -2.46 -6.25 74.4 32.2
+ TSAN (k4-M4-T5) 22.57 25.38 10.3 -2.46 -6.13 74.4 32.2

Table 2: Aligned Model Performance Comparison on Multiple Benchmarks, where the IQ4 indicates INT4 quantization, k
indicates the number of candidate answers sampled, M indicates the number of textual attention heads, T indicates the number
of TSAN iterations and + TSAN indicates the use of TSAN based on the Llama-3.1-70B-Instruct (IQ4) model or the Mistral-
Small-Instruct-2409 model. The bold indicate the best performances.

Model AlpacaEval 2 Arena-Hard 2 HH-RLHF BeaverTails XSTest MATH-500LC(%) WR(%)

Qwen-3-Plus 65.08 68.38 47.3 2.47 -4.26 75.1 90.0

+ TSAN (k4-M4-T3) 57.56 69.90 72.1 1.96 -3.16 81.9 90.6
+ TSAN (k4-M4-T5) 57.56 71.69 72.1 1.96 -3.05 81.9 90.8

Table 3: TSAN Performance (Model Scores) on Qwen-3-Plus, k indicates the number of candidate answers sampled, M indi-
cates the number of textual attention heads, T indicates the number of TSAN iterations and + TSAN indicates the use of TSAN
based on the Qwen-3-Plus API. The bold indicate the best performances.

Model AlpacaEval 2 Arena-Hard 2 HH-RLHF BeaverTails XSTest MATH-500LC(%) WR(%)

gpt-oss 20B 61.60 70.27 72.5 1.63 -7.45 84.5 96.0
gpt-oss 20B + TPO (T5) 63.90 72.70 75.2 1.44 -6.20 86.0 95.0
gpt-oss 20B + TSAN (T5) 67.90 75.90 82.8 1.68 -5.98 86.3 97.6

gpt-oss 120B + TSAN (T3) 67.70 76.90 84.4 2.52 -6.54 85.0 96.4
gpt-oss 120B + TSAN (T5) 72.60 78.90 87.4 2.57 -5.57 88.9 96.4

Table 4: TSAN Performance (Model Scores) on gpt-oss model. Configurations: k indicates the number of candidate answers
sampled (k=4 for all experiments), M indicates the number of textual attention heads (M=4 for all experiments), T indicates the
number of iterations (noted in the table).

enhancement technique, capable of delivering substantial
performance lifts across different model architectures and
scales.

Furthermore, increasing iterations from T3 to T5 consis-
tently yields better results for both models, especially on
Arena-Hard 2 and in reward scores on HH-RLHF, confirm-
ing the value of continued optimization. In summary, TSAN
proves to be a versatile post-hoc enhancement method, un-
locking significant performance gains on SOTA aligned
models without any additional training. And RM scores re-
sult can be found in Appendix C.

TSAN Performance on Qwen-3-Plus. Experimental re-
sults in table 3 show that a key advantage of TSAN is its
exceptional portability. Because the entire optimization pro-
cess operates in the textual domain without requiring access
to model weights or gradients, it can be applied to power-

ful, closed-source models as a ”plug-and-play” enhancement
through simple API calls.

To validate this, we applied TSAN to Qwen-3-Plus, a
SOTA proprietary LLM accessible only via API. The results
show that TSAN significantly enhances Qwen-3-Plus’s per-
formance across a majority of benchmarks, demonstrating
its practical utility. Most notably, on the challenging Arena-
Hard benchmark, TSAN boosts the score from 47.3% to a
remarkable 72.1%. Similarly, the model’s safety, as mea-
sured by XSTest, improves from 75.1% to 81.9%.

TSAN Performance on gpt-oss. In addition, we con-
ducted experiments on the gpt-oss series models, and the
results are shown in table 4. On the gpt-oss 20B model, in-
serting TSAN achieved comprehensive improvements com-
pared to inserting TPO. Notably, the performance of the gpt-
oss 20B model with TSAN inserted is comparable to that of
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the gpt-oss 120B model, which is highly advantageous for
deployment in resource-constrained environments.
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Figure 2: Test-time training curve of ’each aligned models +
TSAN-k4-M4’ Performance on the HH-RLHF dataset.

TSAN Performance on Small Model. To test TSAN’s ro-
bustness, we experimented on the small-scale Llama-3.1-
8B-Instruct model. Unlike methods such as TPO (Li et al.
2025), which can cause performance degradation on this
model due to its weaker instruction-following capabilities,
TSAN demonstrates a markedly different and positive opti-
mization trajectory (Figure 2). The reward score consistently
improves over the initial iterations, showing TSAN can suc-
cessfully enhance models where other methods fail.

We attribute this resilience to TSAN’s structured, scaf-
folded process. Instead of requiring the model to interpret
abstract self-critiques, TSAN decomposes the task into first
analyzing a set of concrete candidate answers (Keys) and
then synthesizing a new response guided by that compar-
ative analysis. This Query-Key-Value approach appears to
lower the cognitive load on the policy model, providing a
more robust improvement framework. This suggests TSAN
is more broadly applicable, lowering the barrier for applying
test-time optimization to a wider range of LLMs.

Finally, we provide some specific case studies on the ap-
plication of TSAN to unaligned models and aligned models.
For details of case studies, please refer to Appendix D.

Parameter Analysis
Candidate Sample Number. Figure 3 illustrates the effect
of varying the number of candidate samples (k ∈ {2, 3, 4})
while keeping the number of attention heads fixed (M=4).
The results clearly show a positive correlation between the
number of candidates and the final performance.

Across all configurations, a single iteration of TSAN
(T=1) provides a dramatic improvement over the baseline
(T=0), with performance continuing to climb in subsequent
iterations. Critically, increasing the number of candidate
samples consistently yields a higher reward score at every it-
eration step. The SFT-TSAN-k4-M4 configuration achieves
the best performance, followed by k3 and k2. This finding
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Figure 3: Experimental analysis results on MATH-500
dataset for candidate samples number.
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Figure 4: Experimental analysis results on MATH-500
dataset for attention heads number.

is significant and highlights a core advantage of our ap-
proach. In contrast to other methods that typically critique
one candidate response and then attempt to revise it, lacking
a principled mechanism to systematically analyze, weigh,
and synthesize the strengths of multiple promising candi-
dates, TSAN is explicitly designed to overcome this limita-
tion.

Attention Heads Number. Figure 4 shows the results
of varying the number of textual attention heads (M ∈
{4, 5, 6}) while holding the number of candidate samples
constant (k = 4).

The SFT-TSAN-k4-M6 configuration consistently outper-
forms the M5 and M4 settings. This finding is aligned with
the concept of multi-head attention in traditional transform-
ers. In our framework, a larger M allows the textual gradient
optimization step to produce a more diverse set of refined
answers based on the critique. This greater diversity in the
optimization trajectory prevents premature convergence and
enables the model to explore more promising avenues for
improvement, ultimately resulting in a higher-quality final
output as judged by the reward model.
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TSAN Computational Overhead Analysis
We analyze TSAN’s computational cost using a PyTorch-
based FLOPs counter1. The calculation setting is based on
the TPO (Li et al. 2025). A full optimization cycle requires
approximately 11.78 PFLOPs per query. This is exception-
ally efficient compared to training-time alignment, repre-
senting just 0.016% of the cost to train a Llama-3.1-70B-
DPO model (72,840 PFLOPs).

Crucially, this cost is only marginally higher than that of
simpler test-time methods like TPO (9.3 PFLOPs). This
near-equivalent efficiency is maintained despite TSAN’s
more sophisticated, multi-candidate synthesis mechanism.
As our results demonstrate, this minimal computational
overhead fuels a structured process that delivers substan-
tially greater performance gains. TSAN thus provides a su-
perior efficiency-to-performance profile, achieving SOTA
test-time results without a costly computational trade-off.

Conclusion
In this paper, we introduced the TSAN, a novel test-time
optimization framework designed to overcome the limita-
tions of static alignment and unstructured revision methods.
By emulating a query-key-value self-attention mechanism
in the textual domain, TSAN systematically analyzes multi-
ple candidate responses to synthesize a superior, preference-
aligned output without updating any model parameters. Ex-
tensive experiments demonstrate that this approach enables
a base model to outperform specially fine-tuned models and
surpass the current SOTA in test-time alignment mothods.
In summary, TSAN provides a structured new paradigm
for achieving more dynamic, interpretable, and effective AI
alignment, shifting the focus from simple response selection
to principled, compositional synthesis.
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