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Abstract

Personalization is crucial for enhancing both the effectiveness and
user satisfaction of language technologies, particularly in information-
seeking tasks like question answering. Current approaches for per-
sonalizing large language models (LLMs) often rely on retrieval-
augmented generation (RAG), followed by reinforcement learning
with scalar reward signals to teach models how to use retrieved
personal context. We believe that these scalar rewards sometimes
provide weak, non-instructive feedback, limiting learning efficiency
and personalization quality. We introduce VAC, a novel framework
for personalized response generation that replaces scalar rewards
with natural language feedback (NLF) that are generated condi-
tioned on the user profiles and the question narratives. NLF serves
as a rich and actionable supervision signal, allowing the policy
model to iteratively refine its outputs and internalize effective per-
sonalization strategies. Training alternates between optimizing the
feedback model and fine-tuning the policy model on the improved
responses, resulting in a policy model that no longer requires feed-
back at inference. Evaluation on the LaMP-QA benchmark that
consists of three diverse domains demonstrates consistent and sig-
nificant improvements over the state-of-the-art results. Human
evaluations further confirm the superior quality of the generated
responses. These results demonstrate that NLF provides more ef-
fective signals for optimizing personalized question answering.
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1 Introduction

Personalization has become a critical component in human-centered
systems such as search [4, 6, 16, 36], recommendation [18, 19, 21],
and text generation [12, 25, 28, 30], as it enhances user satisfaction,
increases engagement, and improves overall system efficiency [35].
By tailoring outputs to individual user preferences and contexts,
personalized systems can deliver more relevant and effective in-
teractions [12, 27]. Previous work on personalized text generation
has primarily focused on content generation [12, 27-29], which
is fundamentally different from information seeking. In content
generation, the objective is to mimic the user’s writing style and
preferences, whereas in information seeking, the primary goal is to
deliver personalized relevant information to the user. In the context
of information seeking, e.g., question answering, personalization
is particularly valuable, as it enables generation of responses that
align with the user’s intent, background, and preferences, resulting
in more accurate, relevant, and user-specific responses [30].

Previous work on personalizing LLMs has mainly relied on
retrieval-augmented generation (RAG) [28, 30], where personalized
information is retrieved from a user profile and appended to the
prompt to guide the model’s output. To optimize this RAG pipeline
for personalization, various approaches have been explored. For
instance, when ground-truth outputs are available for a user, the
model can be trained to generate these outputs conditioned on the
retrieved personalized context [28]. However, such labeled data
is often unavailable across many users and tasks. To address this,
reinforcement learning has been employed to further enhance the
model’s ability to incorporate personalized information, typically
by using personalized scalar rewards—learned through a personal-
ized reward model or derived from user-provided explanations or
rubrics—that reflect the quality of generated responses [27].

These optimization methods face several limitations. First, the
ground-truth output provided for a user represents only one of
many potentially acceptable responses, making supervised train-
ing on a single target suboptimal and prone to local minima [27].
Additionally, in the case of reinforcement learning, scalar rewards
provide relatively weak supervision—they indicate whether an out-
put is good or bad but lack actionable feedback on how to improve.
Consequently, the model must infer effective adjustments without
explicit guidance. Moreover, optimizing with scalar rewards often
requires exploration across a wide range of outputs, leading to slow
convergence and increased training cost.

To address these challenges, we introduce VAC,! a framework
that replaces the scalar reward model with a feedback model that
generates natural language feedback (NLF) on the policy model’s

!In Sanskrit, Vic is the personified goddess of speech, language, and wisdom. VAC
also stands for Verbal-Alignment for Customization (or personalization).
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Figure 1: Overview of the training loop and inference process in the VAC framework, illustrating the interaction between the
feedback model and policy model during training, and the use of the policy model at inference time.

responses during training. The NLF is generated based on person-
alized user preferences derived from the user profile and a user-
authored question narrative. This feedback provides a richer and
more interpretable form of supervision, guiding the policy model
toward producing more personalized outputs. Training in VAC, as
depicted in Figure 1, follows an iterative process over several rounds.
In each iteration, the feedback model is first optimized to gener-
ate feedback that, when used to revise a response by the current
policy model, leads to measurable improvements according to a
task-specific evaluation metric. Once trained, the feedback model
generates feedback for the responses produced by the current pol-
icy model. This feedback is then used to guide the policy model in
editing its initial responses to improve them for the user. Finally, the
policy model is fine-tuned via supervised learning to generate the
improved responses directly from the input, eliminating the need
for feedback at inference time. Compared to scalar rewards, which
offer only coarse and indirect supervision signals, natural language
feedback provides explicit and actionable guidance. Training the
feedback model on outputs generated by the current policy model
allows it to adapt to the model’s evolving behavior and capabili-
ties, resulting in more targeted and effective feedback. Conversely,
training the policy model on feedback-refined responses enables
it to internalize effective personalization patterns, improving its
generation quality without relying on feedback at test time.

To evaluate VAC, we conduct experiments on the recent Language
Model Personalized Question Answering benchmark (LaMP-QA)

[30], which includes three diverse domains. Qur results demon-
strate that VAC consistently outperforms all baselines, achieving a
13.6% relative improvement over the non-personalized baseline, a
3.6% improvement over the best-performing personalized baseline
while being 1.9% more efficient in terms of inference time, and a
6.0% improvement over reinforcement learning with scalar rewards.
Additionally, human evaluation shows that VAC is preferred in 44%
of the cases, ties in 33%, and is less preferred in only 23% of compar-
isons against the state-of-the-art method. Furthermore, we provide
detailed ablation studies analyzing various aspects of the proposed
method, including the impact of different optimization strategies
and the size of the feedback model on overall performance. To
facilitate future research, we publicly release our code and data. 2

2 Related Work

Personalization. Personalization plays a central role in search,
recommendation, and text generation [5, 12, 21, 27, 28, 36], as it has
been shown to improve user satisfaction, efficiency, and long-term
engagement [26, 30]. Personalization is particularly beneficial for
question answering, as it enables models to generate responses that
are better aligned with the user’s preferences, background, and
prior knowledge, ultimately leading to more relevant and effective
answers [30]. In this work, we focus on personalized question an-
swering, a setting for which, to the best of our knowledge, LaMP-QA
[30] is the only publicly available benchmark.

2 Available at: https://github.com/alirezasalemi7/VAC
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To personalize an LIM, Salemi et al. [28] proposed a RAG frame-
work that retrieves information from the user profile and incorpo-
rates it into the prompt provided to the LLM. Furthermore, Salemi
et al. [27] extend this approach by optimizing the LLM with rein-
forcement learning to better incorporate retrieved personal context.
Beyond this line of work, existing methods for personalization span
a range of strategies, including training retrievers with personalized
relevance feedback [25], fine-tuning LLMs with user-specific su-
pervision [10], and designing prompts tailored to individual users
[13]. Parameter-efficient fine-tuning has also been explored for
personalized generation [33], with recent efforts integrating these
techniques into RAG pipelines [29]. In addition, reasoning and self-
training have shown promise in improving long-form personalized
generation [27]. Personalized assistants have been studied across
a variety of domains, including education and enterprise applica-
tions [14, 17, 20, 40]. Despite interest in personalized generation,
personalized question answering remains relatively underexplored.

Learning from Natural Language Feedback. Due to the ex-
pressive nature of language, NLF has been explored as a training
signal in tasks such as mathematical reasoning and code generation,
where ground truth answers are well-defined [2, 3]. These studies
demonstrate that human-written NLF can substantially improve
model performance, while feedback generated by other LLMs tends
to be less effective. At inference time, NLF has also been used in
collaborative setups, where two models jointly solve a task through
iterative feedback [15, 22, 34, 37, 38]. Another line of work leverages
NLF at inference to optimize prompts rather than model parameters
[39], though such methods typically introduce latency at test time.

This paper provides the first attempt on using NLF for person-
alization. Our work departs from priors in several key ways. First,
unlike domains such as math and code where answers are either
correct or incorrect, personalization requires learning subjective
user preferences, where a response may be suitable for one user
but not for another. Second, we automatically generate feedback
conditioned on the information about the user, removing the need
for human supervision during training. Third, our method operates
within a RAG framework, where both the retrieval and generation
components contribute to the policy and feedback models’ perfor-
mance. Finally, we propose a joint training procedure that alternates
between optimizing the feedback and policy model, allowing them
to co-adapt and resulting in more effective learning.

3 Problem Formulation
We consider a setting in which a user u is associated with a profile

P, = {d:’}!z‘l‘l, consisting of their previous questions and corre-
sponding detailed descriptions. Given a new query x,, an LLM g
generates a personalized response yx, = g (Pu, xu) by condition-
ing on both P, and x;. To evaluate the quality of the generated
response, we assume access to a set of ny, user-specific aspects
Ex, = {ei }: _1 » which are extracted from a personalized question
na.rratlve rx, provided by the user. These aspects are used exclu-
sively for evaluation and are not accessible to the policy model
during generation. A metric pi(xy, fu, Ex,, 'x, ) quantifies the qual-
ity of the response based on the extent to which the expected
aspects are addressed in the generated output. Since the aspects are
explicitly derived from user-provided requirements, this evaluation
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RAG-Personalization Prompt

‘fou are a helpful assistant designed to generate Your task is to
answer a user's question from a post in a personalized way bywnsldmng Ihrs use(s past post questions and
detadled descriptions of these questions.
# Your input:

- The user's current question from a post.

- The user's past post questions and detaled descriptions of these questions.

# Your task: Answer the usefs eunent question in a personalized way by considering this user’s past post
i and detailed of these to leam about the user's preferences.

# Your output: You should genemiz pe!snnalmed answer to the user's current question by considering this
user's past post of these: to leam about user’s preferences. Your
output should be a vﬁd]snﬂ nh]eetn “json ™ block that contains the following fields:

- personalized_answer: contains the persuniznd amer b the user's current question considering the
to leam about user's

this user's past post hons and detaded
preferences.

# Past post and detailed iptions of these

{profie}
# Current post question:
{question}

output ™™ json

Response Refinement] Frompt

Thanks for your response. The user has provided the following feedback on your response:
{Feedback}
i# Your task: Refine your response to the user's question based on the feedback provided by the user.
# Your output: You should generate a refined response to the user's question based on the feedback provided
by the user. Your output should be a valid json object in **“json ** block that contains the following fields:
- personalized_answer: contains the refined answer to the user's curment question by applying the
provided feedback_

tput- " json

Figure 2: Prompts used for response generation in RAG-
Personalization, Offline RL Personalization, and VAC (top),
and for response refinement in VAC (bottom).

framework enables a targeted assessment of how well the response
aligns with the user’s personalized information needs. Finally, we

assume the existence of a training dataset D = {(xi, Pi, Ex;, 'x; ) };o; ID|
that our method can learn from. In the test set, the structure 1s
identical, but the aspects and narratives are used exclusively for
evaluation and are never provided to the policy model.

4 The VAC Framework

As discussed in Section 1, optimizing the policy model mp with
scalar rewards is limited in effectiveness, as these rewards offer
only coarse feedback indicating overall output quality, without
specifying how the output should be improved. Consequently, the
model must explore and infer appropriate adjustments on its own,
which slows convergence and increases the cost of training.

To address these challenges, we proposes the VAC framework
which replaces the scalar reward model with a feedback model ¢,,
that generates natural language feedback (NLF) on the outputs of
the policy model to guide it toward more personalized responses
during training. The framework follows an iterative training pro-
cedure in which the feedback and policy models are alternately
optimized over multiple rounds. This enables the feedback model
to improve its ability to generate effective, personalization-oriented
feedback to guide the policy model to generate more personalized
responses, while the policy model progressively learns to produce
more personalized responses without relying on feedback during in-
ference. The remainder of this section details our proposed method.

Overview of the Training Pipeline: The overview of the VAC’s
iterative training loop is illustrated in Figure 1 and Algorithm 1.
Over T iterations, each iteration t begins by optimizing the feedback
model ¢+ using offline reinforcement learning to learn an effective
feedback strategy that improves the personalized responses of the
policy model mge-1, based on the response distribution generated
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by mge-1. This optimization process can be formalized as:
o' = argméﬂf—i Z Uteedback ($w; d; 7ge-1) &)
o Dl &
where D is the training dataset and Up.edhack 15 2 objective function
that measures the utilization of the feedback generated by the
feedback model for the policy model my:—1 based on the how it
improves the evaluation metric p, as will be described in Section 4.2.
Once the feedback model trained, in the same iteration, the feed-
back model ¢,,¢ is used to produce feedback for outputs generated
by mgt-1, and the policy model is asked to revise its responses ac-
cordingly. The updated responses are then used to fine-tune a new
policy model 7yt using supervised learning, allowing it to better
personalize its responses for users in subsequent iterations without
relying on feedback at inference time. This is formalized as:

1

b

g = a.rgmax—|D| Z UpDﬁq’(ﬂg;d;¢mf) (2)
e deD

where D is the training dataset and Upglicy is a objective function
for the policy model that encourages the model using supervised
learning to generated the updated response after applying feed-
back from feedback model ¢,,+ without relying on feedback during
inference, as will be described in Section 4.2.

The details of the feedback generation and response refinement
process are provided in Section 4.1 and the optimization procedures
for both the policy and feedback models are described in Section 4.2.

Overview of the Inference Pipeline: For inference, as shown
in Figure 1 (Inference w/ policy model), we adopt the same RAG
pipeline as Salemi and Zamani [30], where for a question x,, from
user u with profile P,,, a retriever R selects K relevant documents
from Py. These retrieved documents are then appended to the ques-
tion to form the prompt and fed into the trained policy model myr
to generate the response using the prompt shown in Figure 2 (top),
formalized as y = mgr (x4 R(xy, Pu, K)).

4.1 Feedback Generation & Output Refinement
Given an initial personalized response y;_1 = mge—1 (xy; R(xy, Py, K))
to a question x;, for user u in iteration t generated by the previous
iteration policy model g¢-1, this section outlines the procedure for
generating NLF and refining the response accordingly.

Feedback Generation. To generate feedback for the initial per-
sonalized response y;_; in iteration t, we first retrieve K docu-
ments from the user profile P, using the retriever R, conditioned
on the question x;. Then, given the question, the retrieved doc-
uments, the initial response, and the question narrative ry, for
the user u, we prompt the feedback model ¢+ to analyze the re-
sponse and produce NLF aimed at improving personalization of
the response, guided by the narrative. The prompt used for this
process is illustrated in Figure 3. Formally, the feedback is defined

as: f = Pyt (X33 R(xy, Py, K); Fxys yt—l)-

Output Refinement. To refine the initial output of iteration t
denoted as y;_ using feedback f, we append the initially retrieved
documents from the user profile with the initial response y;_; in
iteration t and the feedback, and prompt the policy model mge-1
to revise its response based on this information. This process is

Salemi and Zamani

Feedback Model Prompt

‘fou are a helpful assistant designed to generate feedback for the generated response o a user's question,
considering the user's detaded information need and the aspects that the user expects to see in the response
to their question. Your task is to provide actionable feedback on how to improve the generated response based
on the user's detailed information need and the aspects that the user expects to see in the response to their

question.
# Your input:
- The user's cumrent question_
- The user's past post and detailed iptions of thes
- The generated response to the user's question.
- The detailed information need that the user provided in the post for this question.
i# Your task: Provide actionable feedback on how to improve the generated response based on the user's
detadled information need and the aspects that the user expects to see in the response to their question.
# Your output: Your output should be a valid json object in **json *** block that contains the following fields:
- feedback: contains the feedback on how to improve the generated response based on the user's
detailed information need and the aspects that the user expects to see in the response to their question.

# Past post and detaded iptions of these

{profie} )
i# Current post question:

i }
i# Generated response:

# Detailed information need:
{question_narrative}

tput- " json

Figure 3: Prompt used with the feedback model in the VAC
framework to generate NLF on the initial output.

illustrated in the prompt shown in Figure 2 (bottom) and is formally
defined as: yr = mge-1 (xy; R(xy, Pu, K)s ye—1; f)-

4.2 Feedback & Policy Model Optimization

This section describes training objectives for the feedback and pol-
icy model, which are optimized iteratively as shown in Algorithm 1.

Optimizing the Feedback Model. This section defines the Ugeedback
objective function. The primary goal of the feedback model ¢,,¢ at
iteration f is to generate feedback that effectively improves the per-
sonalized responses produced by the previous policy model mg:-1,
so that the improved responses can provide useful supervision for
training the next policy model mg:. Accordingly, the optimization
objective of the feedback model should be designed to encourage
the generation of feedback that, when used by the policy model to
revise its initial output, leads to a measurable improvement in the
quality and personalization of the response.

To optimize the feedback model ¢,,¢, we follow a self-training
approach as outlined in Algorithm 1 (lines 2-12). For each input
example in the dataset, we first generate an initial personalized
response using the policy model from the previous iteration, mgs-1.
Then, using the previous iteration feedback model ¢,,¢1, we gen-
erate N diverse feedback candidates by sampling at a high temper-
ature (temperature = 1). Each candidate feedback is then applied
independently to the response y;_; using mg:-1 to produce a re-
vised response. These revised responses are subsequently evaluated
using the personalized rubrics provided in the dataset, based on the
downstream task-specific metric (as explained in Section 5.1). The
feedback that leads to the highest evaluation score is selected as the
most effective one (line 10 in Algorithm 1). This selected feedback
is then used as a supervision signal to train the current feedback
model ¢,,+ using supervised fine-tuning with a cross-entropy loss
[32] (line 12 in Algorithm 1). The model is trained to generate this
effective feedback given the question, the initial response, the re-
trieved documents, and the question narrative. This optimization
encourages ¢+ to generate feedback that, when used to revise the
policy model’s output, results in measurable improvements accord-
ing to the task-specific evaluation metric. In this way, the objective
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Algorithm 1 Implementation of the training loop in the VAC framework.

Input: policy model mgo, feedback model ¢, 0, retriever R, dataset D, metric y, number of training iterations T, number of retrieved

documents K, number of generated feedback N
Output: trained policy model 7gr, trained feedback model ¢, 7
1: fort =1until T do
2 // training the feedback model ¢+ for round t

3 Dy .= {} » This round’s training data for feedback model
4: for (xy, Py, Ex,.Tx,) € Dirain do » For each input in training dataset
5: Yr—1 = Tgt-1(xy; R(xy, Py, K)) > Generate initial output
6: F={} » Set of feedbacks for this specific output
7: for j=1until N do > For N times
8: F = FU {¢,,e-1(xy; R(xy, Py, K);rx;ys—1)} > Generate a feedback using feedback model with a high temperature for the
generated output

9 end for

10: Dy =Dy U {(xus Ye—1, Pu, rxu,f)|arjgr‘n;axp{xu, mgt-1 (x5 R(Xy, Py, K)3 y—15 ), Exyps 1) } » Find the feedback that

€

maximizes the metric when applied to the previous generated output and add it to the training set

11: end for

12: ' = argmax Z(xwyr—l’rxu’f)ED¢ , log peo (flxu; R(xy, Pu. K);rx,;ys—1) »Maximize the probability of generating feedback given
[N} [

the generated output, input, and personalized aspects
13: // training the policy model mg+ for round ¢
14: Dxye =1}

15: for (xy, Py, Ex,.Tx,) € Dirain do

16: Yi—1 = Tge—1 (xXy; R(xy, Py, K))

17: = ¢ut (xu; R(xy, Pu,K); e, s Ye—1)
18: Y = mgt-1 (xy; R(xy, Pu. K); ye—13 f)
19: D”gf = D,rer U {(xu, Pu, yt)}

20: end for

21 ot = arg;nax Z(xu,Pu,yt)EDxer log pg(y¢ |xu; R(xy, Py, K))

inputs and retrieved personal documents
2z: end for
23: return myr, §,,7

> This round’s training data for policy model

» For each input in training dataset

> Generate initial output

> Generate a feedback using the optimized feedback model

> Apply the generated feedback to the previous generated output
> Add the updated output to the training set

» Maximize the probability of generating the updated output given the

> Return the fully trained policy and feedback model

function Ugeedhack 1 formulated such that optimizing it results in
feedback that is effective in improving the policy model’s outputs.

Optimizing the Policy Model. This section defines the Upjicy
objective function. As shown in Algorithm 1 (lines 13-21), the opti-
mization of the policy model proceeds as follows: For each input in
the training dataset, the policy model from the previous iteration,
mgt-1, first generates an initial response y;_; to the input query.
Next, the feedback model ¢,,¢, trained in the current iteration to
align itself with the policy model mg¢-1, produces a feedback signal
for each initial response. This feedback is then used by mg:-1 to
revise its initial output, producing an improved response (line 18 in
Algorithm 1). Finally, the updated policy model my¢ is trained using
supervised fine-tuning with a cross-entropy loss [32], learning to
generate the improved response directly from the input query (line
21 in Algorithm 1). This design of the objective function Upolicy
assumes that the policy model’s updated response after applying
feedback is a better personalized response for the user. Conse-
quently, the model is trained to reproduce this response directly,
without requiring feedback. This training procedure helps the pol-
icy model learn to produce higher-quality, personalized responses
without relying on feedback at inference time.

5 Experiments
5.1 Experimental Setup

Datasets & Evaluation: We conduct our experiments on the only
publicly available dataset for personalized question answering, the
LaMP-QA benchmark [30], which comprises three diverse domains:
(1) Art & Entertainment, (2) Lifestyle & Personal Development, and
(3) Society & Culture. > Each example in these datasets includes a
user query, the user’s question history serving as their profile, a
question narrative that reflects the user’s perspective and intent,
and a set of personalized rubrics that specify the aspects that an
ideal response should address. The statistics of the datasets used in
our experiments are shown in Table 1. To evaluate responses, fol-
lowing Salemi and Zamani [30], we employ the instruction-tuned

3LaMP [28] and LongLaMP [12] are other available datasets for personalized text
generation; however, they are not well-suited for our setting for two main reasons.
First, their primary focus is on content generation tasks, which differs fundamentally
from our focus on question answering as explained in Section 1. Second, unlike LaMP-
QA—which provides explicit annotations of user expectations as ground-truth—they
include only a single reference response. This design limits their ability to represent
the diversity of valid personalized outputs and risks misalignment with real user
expectations, as noted by Salemi and Zamani [30]. Such limitations are especially
restrictive for our feedback-provision method, where converging to a single response
is both infeasible and suboptimal for robust training and fair evaluation.
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Table 1: Dataset statistics of the each dataset in the LaMP-QA benchmark.

Arts & Lifestyle & Personal Society &
Attribute Entertainment Development Culture
| train validation test | train validation test | train validation test
#Questions (users) | 9349 801 767 | 7370 892 989 | 7614 810 1074
#Evaluation Aspects | 2709 47+1.2 4.6x1.2 | 3.1+£1.0 51+1.1 51+1.2 | 29+09 48+1.1 48+1.0

Profile Size

| 106.7 £127.3  129.0 + 183.7 159.1 £ 203.0 | 116.6 + 162.0

98.2 £198.6 1116+ 220.3 | 1413 £194.7 1105+ 210.6 115.8 + 203.6

Qwen 2.5 model with 32 billion parameters? [23]. For each question,
the LLM assesses whether each personalized aspect is addressed in
the response, assigning a score in the range [0, 2]. The scores are
then normalized to the range [0, 1]. The final score for a generated
response is computed as the average normalized score across all
personalized aspects. For more information about this we refer the
reader to Salemi and Zamani [30]. Additionally, in one experiment,
we confirm our main experimental result through side-by-side hu-
man evaluation between VAC and the best baseline.

Training Configuration: We use the instruction-tuned Qwen 2.5
model with 7 billion parameters® [23] as the policy LLM. Extending
our approach to larger or alternative LLMs would require over 750
GPU hours, which is beyond our computational budget; thus, we
limit our experiments to a single LLM, which constitutes a limitation
of this work. Unless otherwise specified, the feedback model uses
the same backbone LLM (instruction-tuned Qwen 2.5 model with 7
billion parameters). We conduct training for T = 3 iterations. For
training feedback provider, we generate N = 16 feedback per output.
Each iteration uses the best checkpoint from the previous iteration
to initialize the models’ weights. Training is performed using the
Adam optimizer [11] with a learning rate of 5 X 10~3, a batch size
of 32, and gradient clipping with a maximum norm of 1 for stability.
Models are trained for up to 5000 steps with a warmup phase over
the first 10% of steps, followed by linear learning rate decay. We
fine-tune the models using Low-Rank Adaptation (LoRA) [8], with
rank r = 16, scaling factor &« = 16, and a dropout rate of 0.05,
applied without modifying bias parameters. LoRA is implemented
using the PEFT library.® Model checkpoints are evaluated every
250 steps on the validation set, and the best-performing checkpoint
is selected for evaluation. All experiments are conducted using
4 NVIDIA A100 GPUs with 80GB of VRAM and 128GB of RAM,
completed in around 750 GPU hours.

Inference Configuration: All models are configured with a maxi-
mum input-output token limit of 8192 tokens. Response generation
is performed using nucleus sampling [7] with a temperature of 0.1.
To enable efficient inference and deployment of LLMs, we utilize
the VLLM library.” For retrieval, we employ Contriever [9], a dense
retriever fine-tuned on the MS MARCO dataset [1], to retrieve
k = 10 relevant documents from the user profile.

4Available at: https://hf.co/Qwen/Qwen2.5-32B-Instruct
5 Available at: https://hf.co/Qwen/Qwen2.5-7B-Instruct
6 Available at: https://github.com/huggingface/peft

7 Available at: https://github.com/vllm-project/vilm

Planning Prompt
‘fou are a helpful assistant designed to generate the topics that user might expect to see in a response to their
question. Your task is to extract the important aspects that the user expects to see in a response to their
question considering the previous questions asked by the same user and the detailed information need they
provided in the post.

# Your input:
- The user's cumrent question_
- The user's past post questions and detaled descriptions of these questions.

# Your task: Extract the important aspects that the user expects to see in a response to their question
considering the previous questions asked by the same user and the detailed information need they provided

in the post.
# Your output: You should generate a list of aspects that are important for the user to be included in the
response to their question.
# Past post and detailed iptions of these
{profie}
# Current post question:
{question}
output:
Generation with Plan

‘fou are a helpful assistant desigr user i Your task is to
answer a user's question from a pust |r|ape1'sunizaed way bywmdmng this user's past post questions and
detaded iptions of these you are provided with the aspects that the user expects
to see in the response to their question, Muchynucan use to generate a personalized answer.

# Your input:
- The user's current question from a post.
- The user's past post questions and detaled descriptions of these questions.
- The aspects that the user expects to see in the response to their question.

# Your task: Answer the user's eunent meshnﬂ in a personalized way by considering this user’s past post
and detailed to leam about the user's preferences. Additionally, you
should ounsldelheaspedslhatﬂne userex.pedstnsee in the response to their question.

# Your output: You should generate pe!snnalmed answer to the user's current question by considering this
user's past post and detailed i of these: ions to leam about user's preferences.
‘Additionally, you should consider the aspects that the user expects to see in the response to their question.
‘our output should be a valid json object in **“json ™ block that contains the following fields:
- personalized_answer: contains the persuniznd answer to the user's current question considering the
this user's past post hons and detaded of th to leam about user's
preferences.

# Past post and detailed iptions of these

{profie}
# Current post question:
{question}

# Aspects expected in the response:
{plan}

tput- " json

Figure 4: Prompt used for PlanPers [30] baseline.

Baselines: We compare VAC against a set of personalized and non-
personalized baselines. For the non-personalized baseline, we di-
rectly provide the question to the LLM without any user context.
For personalized baselines, we include the following:

o RAG-Personalization [28, 30]: The question is used to retrieve
relevant documents from the user profile, which then the LLM
generates a response using both the query and the retrieved
personal context with the prompt shown in Figure 2 (top).

o RAG with Random User Profiles [30]: Similar to the previous
method, but retrieval is performed on randomly sampled user
profiles instead of the actual user profile. This baseline assesses
the impact of using mismatched user information.
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Table 2: Performance on the test set of the LaMP-QA benchmark. The superscript T shows a statistically significant difference
between the best-performing baseline and our method using t-test (p < 0.05).

Method Runtime Arts & Lifestyle & Personal Society & | Average
(second / query) | Entertainment Development Culture | (macro)
No-Personalization 0.78 0.3129 0.4582 0.4769 0.416
RAG-Personalization (Random P) 1.65 0.2547 0.3829 0.4037 0.3471
RAG-Personalization 1.71 0.3397 0.4481 0.4967 0.4281
PlanPers 3.12 0.3518 0.4818 0.5240 0.4525
Offline RL RAG-Personalization 1.67 0.3579 0.4621 0.5070 0.4423
VAC 1.63 0.3454 0.5288" 053317 | 0.46917
Arts & Entertainment Lifestyle & Personal Development Society & Culture Average
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Figure 5: Performance of VAC in different training iterations with trained and untrained feedback model.

o PlanPers [30]: This method first retrieves information from the
user profile using the question, then generates a high-level re-
sponse plan based on the documents and the question. Condi-
tioned on the plan, the retrieved documents, and the question, the
LLM generates the final personalized response. This method uses
the prompts shown in Figure 4 for plan and response generation.
We refer the reader to Salemi and Zamani [30] for details.

o Offline RL RAG-Personalization: To compare with an approach
that leverages scalar reward signals for training personalized
LLMs, we implement Expectation-Maximization Offline Rein-
forcement Learning [27, 31], using the downstream evaluation
metric as the scalar reward. This algorithm is used for training
due to the similarity of its training loop to that of our proposed
method, making it a fair basis for comparison between learning
from NLF and scalar reward. Similar to RAG-Personalization
baseline, this method begins by retrieving a set of documents
from the user profile. Based on the retrieved content, a set of
16 candidate responses is generated for each question using the
prompt shown in Figure 2 (top). The downstream task metric
that scores outputs based on the question narrative and personal-
ized rubrics is then applied to these responses, and the one with
the highest score is selected to supervise the next iteration of
training. The model is trained for three iterations under the same
configuration as our method, with the best checkpoint from all
iterations used for evaluation. This comparison enables an empir-
ical assessment of the efficiency and effectiveness of NLF-based
optimization versus scalar reward-based optimization.

All baselines are evaluated under the same setup and conditions
as VAC, including identical configurations for maximum input and

output lengths, training budget, number of retrieved documents,
retrieval model, and generation temperature.

5.2 Empirical Results

Comparison with the Baselines: The results of our method and
the baselines on the LaMP-QA benchmark datasets are presented
in Table 2. As shown, VAC statistically significantly outperforms all
baselines in terms of average performance across the benchmark.
More specifically, VAC achieves statistically significant improve-
ments over all baselines in 2 out of the 3 personalized question
answering tasks. The only task where VAC does not outperform the
baselines is Art & Entertainment. These results highlight the effec-
tiveness of learning from natural language feedback for improving
personalization in response generation based on user preferences.
Table 2 reports the runtime for each method. Among them, the
non-personalized LLM yields the lowest runtime, primarily because
it processes shorter inputs and incurs no retrieval overhead. In
contrast, all RAG-based personalization methods—including VAC—
have higher runtime due to the added cost of retrieving relevant user
profile documents. The highest runtime is observed for the PlanPers
baseline [30], which is nearly twice as slow as VAC due to two step
generation method used in this method, yet yields significantly
lower performance. Overall, these results demonstrate that VAC
provides superior personalization performance with runtime costs
comparable to the most efficient personalized baselines.

Effect of Optimizing Feedback Model: To examine the effect
of training the feedback model on the performance of VAC, we con-
duct two sets of experiments: one in which both the policy and
feedback models are updated after each iteration, and another in
which the feedback model remains frozen while only the policy



SIGIR "26, July 20-24, 2026, Melbourne, VIC, Australia

Salemi and Zamani
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Figure 7: Effect of optimization method for policy model in VAC in different training iterations.

model is trained. The results are reported in Figure 5. As shown,
jointly training the feedback model to align with the evolving policy
model consistently outperforms the frozen-feedback setup across
all datasets. These findings highlight the importance of optimizing
the feedback model in each iteration to match the updated capabili-
ties of the policy model, thereby enabling the generation of more
effective and informative feedback.

Effect of Number of Training Iterations (T): To investigate the
impact of the number of training iterations (T) on the performance
of VAC, we train the model for up to three iterations and evaluate it
after each iteration. The results in Figure 5 show that the perfor-
mance improves during the first two iterations but plateaus in the
third. It also indicates that this plateau effect is more pronounced
when the feedback model is untrained, highlighting the importance
of optimizing the feedback model on the performance. These obser-
vations suggest that continued training with VAC yields diminishing
returns after a few iterations, and that joint optimization of both the
policy and feedback models is crucial for maximizing effectiveness.

Effect of Feedback Model Size: To examine how the size and
capabilities of the feedback model—which plays a central role in
guiding the policy model during training—affect its effectiveness
in helping the policy model to learn user preferences, we conduct
experiments using instruction-tuned Qwen 2.5 of different parame-
ter sizes: 1.5 billion, 3 billion, and 7 billion. These experiments are
carried out over a single training iteration, and the results are pre-
sented in Figure 6. As shown, larger feedback models consistently
lead to better performance of the policy model, suggesting that
increased capacity enables the feedback model to generate more
informative and actionable feedback. These findings underscore the

importance of using strong feedback providers to more effectively
supervise and guide the learning process of the policy model.

Effect of Optimization Method for Policy Model: As described
in Section 4.2, once the updated output is generated using feedback,
we train the policy model to reproduce this updated output via
supervised fine-tuning (SFT) using a cross-entropy loss. An alter-
native approach is to optimize the model using methods such as
Direct Preference Optimization (DPO) [24], which maximizes the
likelihood of the updated output while minimizing the likelihood
of the initial output. To investigate the effectiveness of this alterna-
tive, we perform a comparative experiment and report the results
in Figure 7. The results show that, with the exception of the first
iteration on the Art & Entertainment dataset, SFT performs on par
with or significantly better than DPO. We hypothesize that this
outcome stems from a key assumption in DPO: it treats the initial
and updated outputs as distinctly contrasting pairs. However, as
training progresses, the policy model begins to generate outputs
that are already close to the updated ones. In such cases, enforcing
a strong separation between the two—as DPO does—may unneces-
sarily distort the model’s output distribution. In contrast, SFT more
naturally accommodates these subtler improvements, allowing the
model to refine its outputs without overcorrecting.

Human Evaluation: We conduct a human evaluation to compare
VAC with the best-performing baseline, PlanPers [30], from human
perspective. We randomly sampled 100 examples from the LaMP-
QA benchmark. Each example was independently evaluated by
two human annotators, who were asked to compare the responses
based on the rubric aspects and question narrative, and to determine
which response better addressed the question—or if the responses
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Question Narrative

I'm making stock from turkey bones and all of the other leftovers hanging around the refrigerator. Since the cooking time varies quite a bit depending on cooking
method (I'm doing a slow simmer on the stovetop) and bone type, how can | know when my stock is done cooking so that | can begin to chill it?

SIGIR 26, July 20-24, 2026, Melbourne, VIC, Australia

Initial Response

When cooking stock, especially turkey
stock, you can tell it's done when it has a
rich, deep flavor and a gelatinous
consistency. The stock should be
simmered slowly for several hours,
allowing the flavors to meld and the
bones to release their collagen, which
thickens the stock. For turkey stock, you
might simmer it for about 6 to 8 hours.

Feedback

Updated
Response

content_improvement: The response should
include specific indicators for when the stock
is done cooking, especially for a slow simmer
on the stovetop. It should also mention the
importance of monitoring the stock’s clarity
and flavor development, as well as the
potential need to adjust the cooking time
based on bone type.

structure_suggestions: The response could

When cooking turkey stock on the stovetop, there are several
indicators to help you determine when it's done. First, monitor
the stock's clarity; it should be clear and free of any sediment.
The flavor should be rich and savory, with no raw or metallic
tastes. Simmer the stock slowly for about 6 to 8 hours, but the
exact time can vary depending on the bone type. For example,
turkey bones typically require a longer cooking time compared
to chicken or beef bones. To ensure the stock is done, you can
test its consistency by letting a small amount cool slightly and

savory, umami flavor without

How do | know when my stock is done cooking?

SOUpS, SalUces, of even as a
your next batch of couscous!

You can also check for doneness by
tasting a small amount; it should have a

metallic tastes. Additionally, you can test
the consistency by letting a small amount
of stock cool slightly and then gently
stirring it; if it forms a slight skin on the
surface, it's likely done. Enjoy your
homemade stock in various recipes like

be structured into clear sections: indicators of
doneness, monitoring the stock, and adjusting
for different bone types. This will help the user
understand the process better and apply it to
their specific situation.

Additional information: It would be helpful to/
include a timeline for different bone types
(e.g., chicken, beef, turkey) and how they
might affect the cooking time. This will provide
more context and ensure the user can apply
the information accurately.

any raw or

base for

gently stirring it. If it forms a slight skin on the surface, it's
likely done. Additionally, taste a small amount to check for a
balanced, deep flavor. Here's a breakdown of the process:-
**Indicators of Doneness**: Clear, rich flavor, no raw or
metallic tastes, slight skin forms when cooled .- **Monitoring
the Stock™: Regularly check the clarity and taste_ - **Adjusting
for Different Bone Types™: Turkey bones generally require 6
to 8 hours, while chicken bones might take 4 to 6 hours, and
beef bones could take up to 12 hours.Enjoy your homemade
turkey stock in various recipes like soups, sauces, orasa
base for your next batch of couscous!

Rubrics

Our Method

PlanPers

Surface Preparation:
Do | need to sand all of
the previous paint off?
Do | need to prime?

Material Compatibility:
not wood, it might be
some kind of composite
material.

Paint
Durability/Longevity:
but by the next season
the paint is chipping and
peeling off.

Paint Recommendation
[ Suitability:

Is the emerald line of
Sherwin Williams
exterior paint good
enough to finish?

Any tips for refinishing the exterior trim around my front door?

Certainly! Refinishing the exterior tim around your front door can enhance both
the aesthetic and protective qualities of your home. Here are some detailed
steps and tips to help you achieve the best results:1. **Preparation**: -
**Remove Old Paint**: Use a scraper or a putty knife to remove any old paint or
debris from the trim. This will ensure a smooth surface for the new paint. -
**Sand the Surface™: Lightly sand the trim with a fine-grit sandpaper (around
220 grit) to remove any rough spots and create a smooth surface. Wipe down
the trim with a damp cloth to remove any dust or debris.2. **Cleaning**: -
**Wash the Trim**: Clean the trim with a solution of mild soap and water to
remove any dirt or grime. Rinse thoroughly with a hose or a bucket of clean
water.3. *Sealing™: - **Apply a Sealer**: Before painting, apply a clear sealer
to protect the wood and enhance its natural beauty. This step is crucial for
maintaining the trim’s longevity. Use a high-quality exterior sealer, such as a
'water-based or oil-based sealer, depending on your preference and the type of
wood.4. *Painting**: - **Choose the Right Paint**: Select a high-quality
exterior paint that is resistant to UV rays, moisture, and weather. Consider using
a semi-gloss or gloss finish for better durability and easier cleaning. - **Apply
the Paint**: Start by applying a primer if necessary, especially if the trim is in
poor condition. Then, apply the paint in thin, even coats. Use a high-quality
paintbrush or a roller for the best results. Allow each coat to dry completely
before applying the next.5. **Finishing Touches**: - **Touch-Ups**: After the
paint has dried, check for any touch-ups needed. This is especially important if
the trim has any scratches or imperfections. - **Protective Coating™: Consider
applying a clear protective coating to the finished trim to enhance its durability
and protect it from the elements.6. **Specific Tips for Your Situation**: -
**Weather Considerations™*: Given the high humidity and heat in New Jersey,
it's important to work in the cooler parts of the day to avoid the heat. Apply the
sealer and paint when the temperature is below 80\Ww00bOF (27\w00b0C) and the|
humidity is below 70%. - **Product Recommendations*: For a durable and
long-lasting finish, consider using a high-quality exterior paint like Sherwin-
Williams Duration or Benjamin Moore Aura. These paints are known for their
resistance to UV rays and moisture By following these steps and tips, you can
ensure that your front door trim looks great and lasts for years to come. If you

have any specific concerns or questions, feel free to ask!

For refinishing the exterior trim around
your front door, it's important to consider
the type of wood you have. Given that your
deck has been treated with Behr DeckPlus
Solid Color Waterproofing Woodstain, it's
likely that the trim is also made of a similar
wood type, such as cedar or redwood.
Since the trim is already in a weathered
state, you should start by cleaning it
thoroughly to remove any dirt, grime, and
old finish. Power washing might be
necessary to ensure a clean surface. Once’
the trim is dry, you can sand it down to
remove any loose or damaged areas. If the
wood is in good condition, you can apply a
new coat of exterior paint or stain,
depending on your desired finish. For a
more durable and long-lasting finish,
consider using a high-quality exterior paint
or a penetrating sealer. If you're looking for
a more natural look, a clear or semi-
transparent stain might be a good choice.
Given your budget, you might want to look
for products from reputable brands like
Behr, Sherwin-Williams, or Benjamin
Moore. These brands offer a range of
options that can provide both protection
and aesthetic appeal. If you're not
comfortable doing the work yourself, you
might consider hiring a professional painter|
or trim specialist to ensure the job is done
correctly and lasts for many years.

Figure 8: Case study illustrating the initial response, feedback, and updated response (top row), and a comparison between VAC

and the best-performing baseline, PlanPers [30] (bottom row).

were equally good. The inter-annotator agreement, measured using
Cohen’s kappa, is 0.7832, indicating a high level of consistency
between annotators. The results of this evaluation are presented in
Figure 9. In 44% of the cases, VAC was preferred by the annotators

for better addressing the rubric aspects. In 23% of the cases, the
PlanPers baseline was favored. The remaining 33% were judged as
ties. These demonstrate that VAC produces responses that are more
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Tie

33%
Our Method

44%

Baseline
23%

Figure 9: Results of human evaluation between VAC and the
best performing baseline, PlanPers [30].

aligned with user-specific rubric aspects from human perspective,
indicating its effectiveness in personalized question answering.

5.3 Case Study

This section presents case studies of initial responses, feedback, and
updates during training, along with post-training outputs from the
policy model compared to the top baseline.

Initial response, feedback, and updated response during
training: As shown in Figure 8 (top row), the initial response
to the user’s question about determining when turkey stock is done
cooking was generally informative but lacked structure and omitted
key contextual details from the user’s narrative—particularly the
focus on slow stovetop simmering and the influence of different
bone types on cooking duration. The feedback addressed these
shortcomings by recommending the inclusion of concrete done-
ness indicators (e.g., flavor, consistency, clarity), specific advice for
stovetop cooking, and considerations for bone variability. It also
suggested organizing the response into clear, distinct sections to en-
hance clarity. The updated response effectively incorporates these
recommendations by outlining clear signs of doneness, offering
practical monitoring strategies, and providing estimated cooking
times based on bone type. Presented in a well-structured format,
the revised response better reflects the user’s context and yields a
more personalized, informative, and user-aligned response.

Comparing VAC and the best-performing baseline after train-
ing: As shown in Figure 8 (bottom row), VAC delivers a more tai-
lored response than PlanPers by directly addressing the user’s
specific context and aligning more closely with the personalized
evaluation rubrics. While PlanPers provides general guidance on
refinishing exterior trim, VAC goes further by incorporating details
that reflect the user’s concerns—such as previous issues with paint
durability, uncertainty about the trim material, and questions about
the suitability of Sherwin-Williams Emerald paint. The response
includes specific advice on surface preparation, compatibility with

Salemi and Zamani

composite materials, and environmental factors like local climate.
This leads to higher scores across rubric dimensions including
Material Compatibility, Paint Recommendation, and Durability/-
Longevity, demonstrating that VAC more effectively captures user
intent and provides context-aware, actionable guidance.

6 Conclusions and Future Work

We introduced VAC, a new framework for personalized response
generation that replaces scalar rewards with natural language feed-
back as the primary supervision signal. By leveraging user-specific
feedback grounded in both the user profile and question narra-
tive, VAC provides informative and actionable guidance for training
personalized LLMs. In contrast to conventional reward modeling
pipelines that compress rich user preferences into a single scalar sig-
nal, our approach preserves the structure and semantics of feedback,
enabling more fine-grained alignment between model behavior and
user intent. Qur iterative training loop—alternating between feed-
back generation and policy refinement—enables the policy model to
internalize personalization strategies without requiring feedback at
inference time, effectively amortizing the cost of feedback into the
training phase. This design not only improves sample efficiency but
also allows the model to generalize personalization patterns across
users and contexts. Experimental results on LaMP-QA showed
that VAC consistently outperforms existing personalized and non-
personalized baselines and is also preferred by human evaluators,
indicating that natural language feedback can serve as a scalable
and expressive alternative to traditional supervision signals.

For future work, we plan to extend this feedback-based frame-
work beyond response-level generation to include feedback over
reasoning traces, enabling more personalized and transparent multi-
step reasoning. Such an extension could allow the model to align
not only its final outputs but also its intermediate decision-making
process with user-specific preferences, potentially improving both
interpretability and controllability. Additionally, we aim to apply
this method to a broader range of personalization tasks beyond
question answering, including dialogue systems, recommendation-
oriented generation, and long-form content creation, where user
intent is often more diffuse and evolving. We also plan to investigate
its effectiveness on different classes of LLMs, including reasoning-
focused models, as well as its interaction with emerging training
paradigms such as tool use and agentic workflows. Finally, ex-
ploring the robustness of natural language feedback under noisy
or partially observed user profiles, and understanding its role in
mitigating biases in personalized systems, remain important open
directions. These efforts will help assess the generality and adapt-
ability of natural language feedback as a supervision mechanism
for personalized text generation.
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