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Abstract

On news platforms, a user clicks on an ar-
ticle based on her subjective anticipation
of its content, inferred from the title using
her background knowledge. We introduce
SAND (Subjective Anticipation-Augmented
News Recommendation via Dual-pathway Dis-
tillation), the first framework to explicitly in-
corporate this user-specific anticipation that
drives click behavior, formalized as the antic-
ipated body, into news modeling. SAND (i)
generates personalized anticipated bodies via
an agent-based collaborative system, and (ii)
learns preferences from anticipated bodies us-
ing a candidate-aware attention network with
dual-pathway knowledge distillation. Experi-
ments on real-world news datasets (i.e., MIND
and Adressa) demonstrate that SAND signifi-
cantly outperforms eleven state-of-the-art base-
lines.

1 Introduction

Online news platforms (e.g., Google News, Bing
News) have become a major channel for access-
ing up-to-the-minute news. To accommodate the
diverse news preferences of individual users on
such platforms, personalized news recommender
systems have been actively studied (An et al., 2019;
Wu et al., 2019c,a; Hu et al., 2020; Mao et al., 2022;
Yang et al., 2023; Bae et al., 2023; Yang et al.,
2025; Ryu et al., 2025). In this line of research,
news recommendation has primarily been formu-
lated as a click prediction task: a user’s preference
is inferred from her click history (i.e., user model-
ing), while the characteristics of each news article
are inferred from its content such as title or body
text (i.e., news modeling); then, the news whose
characteristics best align with the user’s preference
is recommended to her. Throughout this paper, we
designate the set of news articles considered for
click prediction as candidate news articles.

* Equal contribution.

Typically, users rely solely on the title and cat-
egory of a news article to decide whether to click
it. The news title is a highly condensed expression
that highlights just a few aspects of the full article;
while the body provides comprehensive informa-
tion, the title offers only limited insight. To address
this gap, a user forms an expectation of the content
she is likely to encounter upon clicking, based on
cues in the title, before making a click decision.
For instance, a title such as “Apple Unveils New
Product” may lead technology enthusiasts to ex-
pect details on chipsets or cameras, while investors
might anticipate stock price movements or revenue
forecasts. Consequently, a user’s click decision
is made by filling in the title’s sparse information
with her own background knowledge or interests,
i.e., what she already knows about the topic. We
refer to this subjective anticipation for the news as
her “anticipated body” for that news article, i.e.,
the content expected by her to be read after a click.

As a first attempt to fully capture the click
mechanism described above, we propose a novel
SAND (Subjective-Anticipation-Augmented News
Recommendation via Dual-pathway Distillation)
framework that incorporates the notion of antici-
pated body into news modeling, rather than relying
solely on objective news content (i.e., title and body
text) as previous methods (An et al., 2019; Wu et al.,
2019c,b; Ge et al., 2020; Mao et al., 2022; Yang
et al., 2025). Specifically, our SAND consists of
two modules: (i) generating user-specific antici-
pated bodies for a candidate news article; and (ii)
learning user preferences from the result of news
modeling (i.e., news embedding) incorporated with
the anticipated body.

Module (i) generates a user’s subjective anticipa-
tion, reflecting her prior knowledge and interests,
by addressing two challenges:

• (C1) Because the quality of an anticipated body
is a qualitative attribute lacking explicit ground
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truth, relying on a single Large Language Model
(LLM) for generation does not reliably ensure its
quality.

• (C2) For the same candidate news article, differ-
ent subjective anticipations should be generated
depending on each user’s prior knowledge and
interests.

(Idea 1) Agentic Collaborative Generation. For
(C1), we design an agentic system, which con-
sists of the Summarizer, Generator, and Controller
LLMs; it determines the generation policy through
collaboration among these LLMs. For (C2), we
make users grouped by their characteristics, e.g.,
interests, with each group receiving a distinct gen-
eration policy.

Furthermore, module (ii) captures user prefer-
ences through candidate news embeddings built
from the anticipated body—i.e., rather than the ac-
tual body—since the click decision is made before
the actual content is observed. It addresses the
following two challenges:

• (C3) When modeling a user’s preference for a
candidate news, the clicked articles in her history
whose actual bodies align with the anticipated
body should carry a greater weight in forming
her user embedding: they provide the past evi-
dence supporting her current anticipation for the
candidate.

• (C4) LLM-generated text generally exhibits less
lexical diversity compared to human-written
text (Reviriego et al., 2024). Consequently, news
embeddings based on the anticipated body tend
to be misaligned with those based on the actual
body in the embedding space, thereby weakening
the alignment assessment described in (C3).

(Idea 2) Anticipated-body-aware Preference
Learning. For (C3), we employ a candidate-
aware attention network (Bahdanau, 2014; Ryu
et al., 2025) that derives the user embedding by
using the candidate news as a query, thereby pro-
ducing a user representation conditioned on the
candidate. For (C4), we propose a Knowledge Dis-
tillation (KD) (Hinton et al., 2015; Kang et al.,
2020; Bae et al., 2025b) scheme in which a model
pre-trained on actual bodies serves as the teacher
and a model trained on anticipated bodies serves
as the student. Notably, our KD distills align-
ment knowledge in both user and news embedding

spaces, forming a dual-pathway structure that sets
it apart from conventional single-pathway KD.

The main contributions of this paper are summa-
rized as follows:

• Observation: We define the notion of antici-
pated body as a user’s subjective expectation of a
candidate news before clicking, serving as a key
input for news modeling.

• Methodology: We introduce SAND, a frame-
work that (i) creates user-specific anticipated bod-
ies via an agentic collaborative system and learns
preferences through (ii) a candidate-aware atten-
tion network and (iii) a dual-pathway knowledge
distillation scheme.

• Evaluation: We test SAND on real-world
datasets, comparing it against eleven baselines
spanning DL-, GCN-, PLM-, and agent-based
news recommendation.

2 SAND: The Proposed Framework

2.1 Problem Definition

We formulate the news recommendation as a click
prediction task, following prior work (An et al.,
2019; Wu et al., 2019c,a; Hu et al., 2020; Mao
et al., 2022; Yang et al., 2023). Let U denote the
set of users and D the set of news articles. Each
news article d ∈ D is associated with a title td, a
category cd, and a body bd.

For a user u ∈ U , we denote her click history
as the chronologically ordered sequence Hu =
[du1 , d

u
2 , . . . , d

u
|Hu|] of articles she has previously

clicked. The recommender F(·) is presented with
a candidate news set Cu ⊆ D that the user has
not yet clicked, and predicts the preference score
p̂(u, dc) for each candidate dc ∈ Cu.

In this work, we depart from existing approaches
to candidate representation. Rather than encod-
ing dc solely from its objective textual content
(i.e., tdc , cdc , or bdc), we introduce the notion of
an anticipated body. Given u and dc, we define
the anticipated body as b̃u,dc ; for the same candi-
date, different users may obtain different antici-
pated bodies, reflecting their distinct background
knowledge and interests. Then, our SAND frame-
work produces the preference score as p̂(u, dc) =
F(Hu, {tdc , b̃u,dc}), so that the top-N articles
with highest predicted scores are recommended
to u. Notations are summarized in Appendix A.
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Figure 1: Overview of our SAND framework. (a) For each user cluster, a Summarizer LLM extracts users’ interests
from their click histories, a Generator LLM produces anticipated bodies under a group-wise policy, and a Controller
LLM iteratively refines the policy. (b) A student model trained on anticipated bodies is aligned with a frozen teacher
pre-trained on actual bodies, via KD on both user (Path 1) and news (Path 2) embeddings. The candidate-aware
attention network is omitted for clarity.

2.2 Overview

Figure 1 illustrates the overall architecture of
SAND: Figure 1-(a) shows (Idea 1), which gener-
ates user-specific anticipated bodies via an agen-
tic collaborative system of three LLMs; and Fig-
ure 1-(b) shows (Idea 2), which trains a student
model (i.e., the recommender F(·) in SAND) on
the generated anticipated bodies. A dual-pathway
knowledge distillation scheme aligns the student’s
user and news embeddings with those of a teacher
pre-trained on actual bodies. We detail (Idea 1),
(Idea 2), and the Training & Inference procedure
in Sections 2.3, 2.4, and 2.5, respectively.

2.3 (Idea 1) Agentic Collaborative Generation

To produce the anticipated body b̃u,dc for a user
u and a candidate dc, we design an agentic sys-
tem of three collaborating LLMs: a Summarizer
fsum, a Generator fgen, and a Controller fctrl. The
Summarizer fsum distills the user u’s preferences
from her click history, fgen produces the antici-
pated body conditioned on this summary under a
generation policy, and fctrl iteratively refines the
policy.

2.3.1 User Grouping and Preference
Summarization

User grouping. To generate distinct anticipated
bodies for users with varying preferences and back-
grounds, we assign a dedicated generation policy to
each group of similar users. First, we extract user

embeddings from a news recommender R1 pre-
trained on actual bodies. These embeddings are
then clustered into K groups via k-means cluster-
ing (Hartigan and Wong, 1979); we denote the clus-
ter assignment as ϕ(u) = k, with the k-th group
represented by Uk. Subsequent steps for (Idea 1)
are performed independently within each Uk.

Summarizer LLM. Before generating a user u’s
anticipated body for a specific candidate news dc,
we first understand her overall background knowl-
edge and interests from her click history Hu. For
u ∈ Uk, the Summarizer fsum produces a textual
summary su from her click history:

su = fsum({td : d ∈ Hu}), (1)

where su encapsulates u’s background knowledge,
interests, and likely perspective on news content.
The full prompt for fsum is provided in Appendix F.

2.3.2 Policy-controlled Anticipated Body
Generation

Generation policy. The Generator fgen produces
b̃u,dc according to a generation policy π, a struc-
tured specification that governs the stylistic axes
of the generated text. We define π as a 5-tuple
(πtone, πabs, πspec, πlen, πfmt), which controls the
tone, abstraction, speculation, length, and narrative
format of the generated text, respectively. Each

1Any existing news recommender based on actual bodies
can serve as R. In our experiments, we used NAML (Wu
et al., 2019a); see Section 3 for details.
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component adopts a value from a predefined dis-
crete set, grounded in the classical model of news
objectivity (Westerståhl, 1983) and recent compu-
tational studies of news language (Chuey et al.,
2024); leaving no axis unspecified, π thus limits
the unpredictable variations that free-form genera-
tion would admit. We do not claim these five axes
are exhaustive; we chose them for their ground-
ing in the literature and to keep the Controller’s
search space manageable. Appendix E shows the
full value sets.

Generator LLM. Given a candidate dc ∈ Cu
and the current policy πk

2 for group k = ϕ(u), the
Generator fgen produces:

b̃u,dc = fgen(su, tdc , πk). (2)

Conditioned on su, fgen produces the subjective
anticipation that u is likely to form upon reading
the title tdc ; the policy πk then shapes this antici-
pation into a news-like writing style, obtaining the
anticipated body b̃u,dc . The full prompt for fgen is
provided in Appendix F.

Controller LLM. The Controller fctrl refines
the policy πk through a sequence of user batches
sampled from Uk. At refinement step t, fctrl an-
alyzes the current batch B(t) ⊆ Uk, drawing on
two sources of evidence: (i) a batch-level loss ∆(t)

and (ii) diagnostic samples S(t), along with a mem-
ory M(t)

k that accumulates persistent observations
from prior iterations 1, . . . , t− 1. Based on these
inputs, fctrl updates the policy:

π
(t+1)
k = fctrl(π

(t)
k , ∆(t), S(t), M(t)

k ). (3)

To compute ∆(t), we examine each pair (u, dc)
where u ∈ B(t) and dc ∈ Cu.3 The frozen rec-
ommender R infers two preference scores by only
varying the candidate body: p̂ b(u, dc) with the ac-
tual body bdc , and p̂ b̃(u, dc) with the anticipated
body b̃u,dc . The difference δu,dc = p̂ b(u, dc) −
p̂ b̃(u, dc) quantifies the user-relevant signal lost in
the anticipated body. Taking the average over the
batch yields ∆(t) = 1

|B(t)|
∑︁

(u,dc)
δu,dc .

The diagnostic samples S(t) gather the antici-
pated bodies for the pairs exhibiting both the small-
est and largest values of δu,dc . It provides concrete

2The policy πk is iteratively refined by the Controller LLM
fctrl; π

(0)
k is initialized with random values.

3Each dc at this stage is selected from the clicked news of
u in the training set utilized to pre-train R.

examples of success and failure that ∆(t) alone fails
to convey. The resulting policy, denoted as π(t+1)

k ,
guides the generation process by fgen in the subse-
quent batch, while M(t)

k preserves cross-iteration
trends to avoid short-sighted adjustments.

Note that this feedback loop is strictly one-
directional: R is pre-trained on actual bodies and
remains frozen throughout, and b̃u,dc enters R only
as a scoring input at inference time.

Final policy determination. The refinement pro-
ceeds over a fixed number of batches, and the policy
from the last batch is designated as the final policy
π⋆
k, which will then be utilized by fgen throughout

(Idea 2).

2.4 (Idea 2) Anticipated-body-aware
Preference Learning

To capture user preferences from candidate news
embeddings built from the anticipated bodies, we
propose two components: a candidate-aware at-
tention network and a dual-pathway knowledge
distillation scheme.

2.4.1 Candidate-aware Attention Network

We follow the standard news recommender ar-
chitecture (Wu et al., 2019a,c; An et al., 2019;
Wu et al., 2019b) for the news encoder Enews,
which maps an article’s input tokens to pre-trained
word embeddings (Pennington et al., 2014) and
aggregates them via a Convolutional Neural Net-
work (CNN) followed by a word-level attention
layer, yielding an article embedding ed. For the
user encoder, however, the standard additive at-
tention (Bahdanau, 2014)—which assigns each
clicked article a weight from a learnable query
vector—produces a candidate-independent user
embedding uu, failing to reflect that the user’s
relevant interests shift with the candidate she is
currently facing.

We thus replace the learnable query vector with
the candidate news embedding itself. Then, the
candidate-aware user embedding uu,dc is obtained
by a weighted sum of clicked-article embeddings
ed, with weights αu,dc,d given by their dot products
with the candidate edc :

uu,dc =
∑︂

d∈Hu

αu,dc,d · ed,

where αu,dc,d =
exp(e⊤dced)∑︁

d′∈Hu
exp(e⊤dced′)

.

(4)
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Importantly, the candidate news embedding is
computed from its title and anticipated body as
edc = Enews(tdc , b̃u,dc), whereas each clicked ar-
ticle uses its actual body as ed = Enews(td, bd).
Through this mechanism, clicked articles whose ac-
tual bodies are more aligned with b̃u,dc contribute
more to uu,dc , capturing the candidate-specific por-
tion of the user’s preferences.

2.4.2 Dual-pathway Knowledge Distillation

The dot-product comparison in Eq. (4) implicitly
assumes that ed and edc reside in a coherent em-
bedding space. However, the LLM-generated b̃u,dc
tends to be inherently less lexically diverse than the
human-written bdc , according to prior studies (Re-
viriego et al., 2024; Shaib et al., 2025). Thus, a
single news encoder Enews trained from scratch
on both text types is prone to a restricted embed-
ding space biased toward the anticipated bodies,
weakening the very alignment that Eq. (4) relies
on.

To resolve this issue, we regard the news en-
coder and the user encoder constructed above as
the student, and introduce a teacher that shares the
same architecture but is pre-trained on the standard
click prediction task using actual bodies for both
the click history and the candidate news. Then, the
teacher remains fully frozen, whereas the student
is trained from scratch with actual bodies for the
click history and anticipated bodies for candidates.
During the distillation, the teacher is fed the same
inputs as the student, so that the alignment isolates
differences in their encoders rather than in inputs.
We denote their news encoders as Et

news (teacher)
and Es

news (student), and align the two embedding
spaces (i.e., user and news embedding spaces) via
two pathways.

KD Path 1: User-embedding alignment. This
pathway regularizes how the student aggregates
clicked articles into a user representation. Each
model computes its candidate-aware user embed-
ding via Eq. (4), yielding the student’s u s

u,dc
and

the teacher’s u t
u,dc

, and the KD loss is: Luser
KD =

1− cos (u s
u,dc

, u t
u,dc

).

KD Path 2: News-embedding alignment. This
pathway directly aligns the candidate news embed-
dings produced by the two encoders; we denote
the student’s by e s

dc
= Es

news(tdc , b̃u,dc) and the
teacher’s by e t

dc
= Et

news(tdc , b̃u,dc). The KD loss
is: Lnews

KD = 1− cos (e s
dc
, e t

dc
).

Training objective. The student is trained jointly
with the click prediction loss Lrec (i.e., negative
log-likelihood) and the two KD losses:

Ltotal = Lrec + λ1Luser
KD + λ2Lnews

KD , (5)

where λ1, λ2 ≥ 0 balance the two distillation path-
ways against Lrec.

2.5 Training and Inference
For each user u in the training set, we treat her
clicked articles as positive candidates and sample
J unclicked articles per positive as negative can-
didates. Before computing the loss, we produce
the anticipated body b̃u,dc = fgen(su, tdc , π

⋆
ϕ(u))

for every (user, candidate) pair. The student then
encodes each of the (1 + J) candidates from its
title and anticipated body, and is optimized so
that the positive receives a higher preference score
than the J negatives under Ltotal in Eq. (5). At
recommendation time, the recommender F , de-
fined in Section 2.1, operates as the trained student:
for each candidate dc presented to u, it computes
p̂(u, dc) = F(Hu, {tdc , b̃u,dc}) = (u s

u,dc
)⊤e s

dc
,

making the candidates with the highest scores rec-
ommended.

3 Experiments

We conduct extensive experiments to address the
following evaluation questions (EQs):

• (EQ1) How accurate is SAND compared to
state-of-the-art baselines?

• (EQ2) How effective are the design choices
to implement (Idea 1)?

• (EQ3) How effective are the design choices
to implement (Idea 2)?

• (EQ4) How sensitive is SAND to the distilla-
tion weights λ1 and λ2?

• (EQ5) Does the Controller LLM effectively
refine the policy over batches?

• (EQ6) How efficient is SAND at training and
inference time?

3.1 Experimental Setup
Datasets. We use two widely adopted bench-
marks: MIND-1W (Wu et al., 2020) and Adressa-
1W (Gulla et al., 2017). Since SAND requires
LLM API calls to generate anticipated bodies for
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Table 1: Overall accuracy comparison of SAND against eleven state-of-the-art baselines on MIND-1W and Adressa-
1W. The best result in each column is in bold, and the best baseline is underlined. Gain (%) reports the relative
improvement of SAND over the best-performing baseline.

MIND-1W Adressa-1W
Category Method MRR nDCG@5 HIT@1 MRR nDCG@5 HIT@1

DL-based
LSTUR (An et al., 2019) 0.5742 0.6800 0.3338 0.4753 0.6015 0.2702
NAML (Wu et al., 2019a) 0.5807 0.6845 0.3544 0.5571 0.6662 0.3314
FIM (Wang et al., 2020) 0.5348 0.6496 0.2932 0.4539 0.5854 0.2338

GCN-based CNE-SUE (Mao et al., 2021) 0.5767 0.6815 0.3490 0.5384 0.6501 0.3389
CROWN (Ko et al., 2025) 0.5762 0.6813 0.3428 0.5294 0.6432 0.3276
LIME (Ryu et al., 2025) 0.5561 0.6661 0.3118 0.5587 0.6665 0.3462

PLM-based NAML-BERT (Wu et al., 2021) 0.5907 0.6920 0.3673 0.4956 0.6171 0.2907

Agent-based

AgentCF (Zhang et al., 2024) 0.5323 0.6479 0.2791 0.4787 0.6047 0.2376
ToolRec (Zhao et al., 2024) 0.5205 0.6387 0.2701 0.4887 0.6137 0.2482
MACRec (Wang et al., 2024) 0.5705 0.6768 0.3376 0.5602 0.6671 0.3691
AFL (Cai et al., 2025) 0.5858 0.6882 0.3635 0.5495 0.6601 0.3291

Ours SAND 0.5981 0.6978 0.3790 0.5826 0.6854 0.3692

Gain (%) over best baseline +1.25 +0.84 +3.18 +4.00 +2.74 +0.03

every (user, candidate) pair, we randomly sample
2,000 users from each dataset to keep API costs
tractable, while retaining all of their click interac-
tions. This protocol follows the prior practice of
agentic LLM-based recommender systems (Zhang
et al., 2024; Zhao et al., 2024; Cai et al., 2025),
while operating at a substantially larger scale than
is typical in this line of work. We follow the chrono-
logical train/validation/test split adopted in prior
work (Ko et al., 2025; Ryu et al., 2025), with the
click logs partitioned in a 5:1:1 ratio. Detailed
dataset statistics are provided in Appendix B.

Baselines. We compare SAND against eleven
state-of-the-art baselines, spanning four cate-
gories: (i) DL-based—LSTUR (An et al., 2019),
NAML (Wu et al., 2019a), and FIM (Wang et al.,
2020); (ii) GCN-based—CNE-SUE (Mao et al.,
2021), CROWN (Ko et al., 2025) and LIME (Ryu
et al., 2025); (iii) PLM-based—NAML-BERT (Wu
et al., 2021), which replaces NAML’s text en-
coders with BERT (Devlin et al., 2019); and
(iv) agent-based—AgentCF (Zhang et al., 2024),
ToolRec (Zhao et al., 2024), MACRec (Wang et al.,
2024), and AFL (Cai et al., 2025). We use GPT-
4o-mini as the backbone LLM for all agent-based
baselines, as well as for SAND, to ensure a fair
comparison among methods. Detailed descriptions
of each baseline are provided in Appendix C.

Evaluation protocol. For both datasets, we ran-
domly sample four negatives from the pool of
unclicked articles (i.e., J = 4) (Kim et al., 2022;
Ahn et al., 2023). All hyperparameters are tuned

on the validation set, and we report the correspond-
ing results on the test set. Further implementation
details, such as batch size, are provided in Ap-
pendix D.

3.2 Main Results (EQ1)

Table 1 reports the overall accuracy of SAND
against eleven state-of-the-art baselines, which
makes the following observations.

(O1) SAND achieves the highest accuracy.
SAND outperforms all eleven baselines on five of
the six evaluation settings, with relative gains of up
to 3.18% in HIT@1 on MIND and 4.00% in MRR
on Adressa over the best competitor, confirming
the effectiveness of modeling a user’s subjective
anticipation as the anticipated body.

(O2) A language model brings consistent bene-
fits in news recommendation. The PLM-based
(NAML-BERT) and agent-based (AFL, MACRec)
baselines outperform most DL- and GCN-based
methods. Nonetheless, SAND outperforms the
best agent-based competitors by significant mar-
gins (e.g., +4.27% in HIT@1 on MIND over AFL),
demonstrating that it is more effective than directly
employing LLMs to rank candidates via prompts.

(O3) SAND surpasses its NAML backbone by
a large margin. SAND improves over NAML
by up to 6.94% (HIT@1) on MIND and 11.41%
(HIT@1) on Adressa, quantifying the net benefit
of the proposed two modules.
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Table 2: Ablation study on (Idea 1), evaluated on MIND.
Each row cumulatively adds one component on top
of the previous. All variants are trained without dual-
pathway knowledge distillation to isolate the contribu-
tion of (Idea 1).

Variant MRR nDCG@5 HIT@1

Base (One-Shot) 0.5645 0.6725 0.3276
(+) Controller 0.5675 0.6747 0.3331
(+) Clustering 0.5743 0.6798 0.3420
(+) Summarizer 0.5789 0.6832 0.3523

3.3 Ablation Study on (Idea 1) (EQ2)
On MIND, we start from a base variant that gener-
ates b̃u,dc via a single-shot prompt without any of
the proposed components.

(O1) All three components contribute positively
to recommendation accuracy. Each incremen-
tal addition consistently improves accuracy in all
three metrics. The full configuration achieves a cu-
mulative gain of +7.54% in HIT@1 over the base,
indicating that the three components are comple-
mentary.

(O2) User clustering shows the largest gain.
Adding clustering on top of policy refinement
yields the largest improvement in MRR, confirm-
ing the value of tailoring the generation policy to
group-specific patterns.

(O3) Summarization sharpens top-rank pre-
dictions. While adding the Summarizer (i.e.,
fsum(·)) yields moderate gains in MRR and
nDCG@5, its impact on HIT@1 is the largest
(+3.01%), suggesting that a candidate-agnostic
preference profile helps the Generator (i.e., fgen(·))
better pinpoint each user’s most preferred article.

3.4 Ablation Study on (Idea 2) (EQ3)
We evaluate seven variants of SAND on MIND,
where all variants use the full (Idea 1) configura-
tion. Table 3 reports the results.

(O1) Candidate-aware attention is essential.
Removing it (w/o CAA) drops MRR, showing that
conditioning the user representation on each candi-
date is important when it is represented by a user’s
anticipation.

(O2) Dual-pathway distillation is essential, and
single-pathway variants are insufficient. Re-
moving both KD pathways (w/o KD) significantly
decreases MRR. Interestingly, relying on only
one pathway—as in conventional single-pathway

Table 3: Ablation study on (Idea 2), evaluated on MIND,
where Teacher indicates NAML pre-trained on actual
bodies with candidate-aware attention and Fine-tuning
indicates the teacher fine-tuned on anticipated bodies.
SAND w/ Actual body denotes the full SAND configu-
ration in which the candidate is encoded from its actual
body instead of the anticipated body.

Variant MRR nDCG@5 HIT@1

Teacher 0.5805 0.6845 0.3489
Fine-tuning 0.5782 0.6828 0.3441

SAND w/o KD 0.5789 0.6832 0.3523
SAND w/o CAA 0.5895 0.6911 0.3674

SAND w/ Path 1 0.5607 0.6694 0.3215
SAND w/ Path 2 0.5714 0.6777 0.3352

SAND w/ Actual body 0.5875 0.6899 0.3571

SAND(full) 0.5981 0.6978 0.3790

KD—performs worse than the w/o KD baseline.
This is due to the structural coupling that the user
embedding is an aggregation of news embeddings
(Eq. (4)), preventing independent drift. It validates
our dual-pathway design as an effective adaptation
of KD to the structural characteristics of news rec-
ommendation.

(O3) The gain originates from the anticipated
body itself, not from the distillation scheme.
Replacing the candidate’s anticipated body with
its actual body, while keeping the candidate-aware
attention and the dual-pathway KD intact, drops
HIT@1 from 0.3790 to 0.3571. Notably, this
variant still improves over the Teacher (0.3489),
confirming that dual-pathway KD is beneficial on
its own; yet the remaining 6.13% margin is at-
tributable solely to representing the candidate by
what the user anticipates rather than by what the
article actually contains. This isolates the contribu-
tion of (Idea 1) under an identical architecture and
training setting.

(O4) Fine-tuning is not a viable alternative to dis-
tillation. Fine-tuning the teacher on anticipated
bodies underperforms even the w/o KD variant,
indicating that the distributional gap cannot be rec-
onciled by gradient-based adaptation alone.

3.5 Hyperparameter Sensitivity (EQ4)

We analyze the sensitivity of SAND to the two dis-
tillation weights λ1 (user-side KD) and λ2 (news-
side KD) on the validation set of MIND. In Fig-
ure 2, SAND achieves its best validation accuracy
at (λ1, λ2) = (0.5, 0.5) across all three metrics,
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Figure 2: Sensitivity of SAND to the weights λ1 and
λ2. The full 5× 5 grid is reported in Appendix G.
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Figure 3: Diagnostic signal used by the Controller,
measured on Cluster 0 of Adressa-1W. Top: per-batch
nDCG@5 of the frozen pre-trained recommender R
when the candidate is encoded from its actual versus
anticipated body. Bottom: the corresponding tone and
speculation_count policy parameters along the same
batch axis. Note that these curves are not final recom-
mendation accuracy: R is pre-trained solely on actual
bodies and therefore inherently favors actual-body in-
puts. The figure shows how the Controller narrows this
diagnostic gap while refining the policy.

which we adopt as the default configuration.

3.6 Case Study on Policy (EQ5)

We track the diagnostic signal that drives policy re-
finement, i.e., the per-batch nDCG@5 of the frozen
R under actual versus anticipated candidate bod-
ies, along with the current policy parameters, on
Cluster 0 of Adressa-1W. Since R is pre-trained
on actual bodies, the absolute level of these curves
reflects R’s own bias rather than the accuracy of
SAND; what matters here is the trend of their gap.

The gap between the nDCG@5 of actual and
anticipated bodies steadily narrows over batches,
indicating that the Controller (i.e., fctrl(·)) effec-
tively refines the generation policy based on the

Table 4: Efficiency comparison on MIND (wall-clock
time on a single RTX PRO 6000; LLM cost over the
full test set). MACRec is prompting-based and has
no training phase. SAND’s training time covers both
teacher pre-training and student training.

NAML AFL MACRec SAND

Training time (min) 9.4 10.5 – 23.3
Inference time (min) 1.2 61.0 611.2 37.7
Inference LLM cost ($) – 0.75 6.54 9.86

per-batch feedback. The bottom strips show the
evolution of the tone and speculation_count param-
eters: starting from expressive and speculative set-
tings (tone = mildly_expressive, speculation_count
= 2 at batch 0), fctrl progressively converges to a
more conservative regime (tone = mostly neutral
or very_neutral, speculation_count = 0).

Appendix I provides qualitative examples of the
resulting anticipated bodies across different user
clusters.

3.7 Efficiency Analysis (EQ6)

We measure SAND’s wall-clock time and mone-
tary cost on MIND against its backbone (NAML)
and the two strongest agent-based competitors.
MACRec is prompting-based and thus has no train-
ing phase (Wang et al., 2024).

(O1) SAND is substantially faster than agent-
based competitors at inference. It reduces in-
ference time by 38% relative to AFL and by more
than 16× relative to MACRec, since the LLM is in-
voked once per candidate to generate its anticipated
body, rather than repeatedly to rank candidates. In-
ference latency directly determines user-perceived
responsiveness in deployment, which makes this
margin practically meaningful. SAND incurs a
higher LLM cost than the baselines ($9.86) because
it generates a full anticipated body for every (user,
candidate) pair; we discuss amortization strategies
for this overhead in the Limitations section.

(O2) Training overhead is bounded by a con-
stant factor. Let n denote the number of training
impressions, J the negatives per positive, h the
history length, L the maximum text length, and d
the embedding dimension. NAML’s training cost is
TNAML = O(E · n · (h+1+J) · L · d), dominated
by encoding (h+1+J) articles per impression over
E epochs. SAND’s model training consists of
(i) teacher pre-training, identical to TNAML, and
(ii) student training, whose per-step cost adds one

36941



frozen teacher forward pass and O(d) KD losses,
i.e., at most 2× NAML’s per-step cost. The total is
thus bounded by 3 ·TNAML, and the measured ratio
(2.5×; 23.3 vs. 9.4 min) falls within this bound.
Beyond model training, determining the final pol-
icy π⋆

k requires 12,254 LLM calls ($9.91, 299.6
min) on MIND, but this procedure runs offline ex-
actly once and is never repeated during training
or inference. Neither term grows super-linearly
beyond NAML’s own complexity.

4 Related Work

4.1 News Recommendation

Early DL-based methods focus on richer text and
user encoding: LSTUR (An et al., 2019) cap-
tures long- and short-term interests using a GRU;
NAML (Wu et al., 2019a) jointly encodes ti-
tle, body, and category through multi-view atten-
tion; and FIM (Wang et al., 2020) performs fine-
grained matching via hierarchical dilated convo-
lutions. More recent work introduces structural
and semantic signals: GCN-based methods such as
CNE-SUE (Mao et al., 2021), CROWN (Ko et al.,
2025) represent user–news correlations through
graph structures, while PLM-based variants (Wu
et al., 2021) replace shallow text encoders with pre-
trained language models. Despite these advances,
all of the above methods represent each candidate
by its objective content (title and/or body), over-
looking the role of the user’s subjective anticipa-
tion.

4.2 Agent-based Recommendation

With the rise of LLMs, agent-based recommenders
have emerged as a new paradigm in which LLMs
participate in the recommendation process beyond
text encoding. One line of work casts the LLM
itself as a recommender or ranker through prompt-
ing: AgentCF (Zhang et al., 2024) models users
and items as interacting agents, ToolRec (Zhao
et al., 2024) treats the LLM as a tool-using agent
over candidate items, MACRec (Wang et al., 2024)
coordinates multiple specialized LLM agents, and
AFL (Cai et al., 2025) augments traditional rec-
ommenders with LLM-derived semantic features.
Despite these advances, they typically use LLMs
to rank or summarize existing content. In contrast,
SAND uses LLMs to generate user-specific con-
tent as a new input to a downstream recommender,
repositioning the role of the LLM in news recom-
mendation.

5 Conclusion

We presented SAND, the first news recommenda-
tion framework that explicitly models the user’s
subjective anticipation about a candidate article
as the anticipated body. SAND consists of two
modules: (i) an agentic collaborative generation
module, in which a Summarizer, Generator, and
Controller LLM jointly determine a group-wise
generation policy offline; and (ii) a candidate-
aware attention network coupled with a dual-
pathway knowledge distillation scheme that aligns
the anticipated-body representation with an actual-
body teacher. Extensive experiments on MIND and
Adressa demonstrate that SAND consistently out-
performs eleven state-of-the-art baselines spanning
DL-based, GCN-based, PLM-based, and agent-
based methods, and our ablation confirms that the
gain originates from the anticipated body itself
rather than from the distillation scheme.

We believe the notion of anticipated content
is not specific to news. The premise underlying
SAND is general: whenever a user decides to en-
gage with an item from a condensed cue, her de-
cision rests on what she anticipates rather than on
the item’s full content, which she has not yet ob-
served. This condition holds in point-of-interest
(POI) recommendation (Bae et al., 2024), where a
user judges a venue from its name and category be-
fore visiting, and in e-commerce (Bae et al., 2025a),
where a product is often selected from a title and
a thumbnail alone. Applying SAND to such do-
mains would require adapting the generation policy
to their respective conventions, which we leave to
future work.

Limitations

We discuss several limitations of this work that
suggest directions for future research.

Dataset scale. Since SAND relies on LLM API
calls to generate anticipated bodies for each (user,
candidate) pair, we evaluate it on 2,000 randomly
selected users per dataset rather than the entire
benchmark. Although this sample size is signifi-
cantly larger than previous agentic recommender
studies, testing SAND on the full datasets would
offer more robust proof of its scalability.

Dependence on a single LLM. All anticipated
bodies in our experiments are generated using GPT-
4o-mini. The behavior of SAND under other
LLMs—open-source models, larger proprietary
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models, or domain-adapted variants—remains to
be examined, and the optimal generation policy
may differ across LLMs.

Inference-time cost. During inference, SAND
invokes the Generator LLM to produce an antici-
pated body for each candidate, thereby requiring
higher latency and monetary cost compared with
conventional news recommenders. Reducing this
overhead, for instance, through caching, distillation
into a lightweight generator, or batched generation,
is an important direction for practical deployment.

Users without click history. Our study does not
address users with no interaction record, since
SAND infers a user’s background knowledge from
her click history. This reflects the nature of public
news benchmarks, which provide click logs and
news metadata but no user attributes, and it is a lim-
itation shared by all baselines we compare against.
If user attributes such as demographics become
available, our clustering-based design offers a nat-
ural remedy: we could assign a new user to an
appropriate cluster based on those attributes and
serve the corresponding policy π⋆

k without any in-
teraction history. We leave this extension to future
work.

Reproducibility under LLM stochasticity.
LLM generations are non-deterministic, and the
anticipated bodies produced by GPT-4o-mini may
vary across runs even with identical inputs. To
mitigate this, we set the decoding temperature
low and report results averaged over multiple
generations; nonetheless, exact reproducibility of
the anticipated body corpus is inherently limited.

Ethical Considerations

Use of AI tools. We disclose the use of gener-
ative AI tools in the preparation of this work, in
accordance with the ACL Policy on AI Writing
Assistance. We used Claude (Anthropic) for two
purposes: (i) language polishing of the manuscript
text—paraphrasing, proofreading, and improving
readability of drafts written by the authors; and (ii)
assistance with generating LATEX code for figures
and tables, including the TikZ/pgfplots code used
to render Figures 2, 3, 4, and 5. All research ideas,
experimental design, model architecture, and re-
sults analysis are the authors’ own. The authors
take full responsibility for the correctness of the
methods, results, and writing.

Use of LLM-generated content. SAND relies
on GPT-4o-mini to generate anticipated bodies,
user preference summaries, and policy updates. As
LLM-generated text may inherit biases from the
model’s pre-training data, the anticipated bodies
could reflect such biases in the content users are
exposed to. In deployment scenarios, this concern
would warrant additional content moderation and
bias auditing beyond the scope of this paper.

Privacy and user data. Our experiments use
the publicly released MIND (Wu et al., 2020) and
Adressa (Gulla et al., 2017) datasets, which con-
tain anonymized user click histories. We do not
collect new user data, and the user IDs in these
datasets are not linkable to real-world individuals.
The anticipated bodies generated by SAND are
based solely on titles of clicked articles and do not
expose user-identifiable information.

Reproducibility. We commit to releasing the
source code, prompt templates (Appendix F), and
processed datasets upon publication to support re-
producibility.
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A Notations

Table 5 summarizes the notations used throughout
this paper.

B Dataset Statistics

Table 6 reports the statistics of the sampled MIND-
1W and Adressa-1W datasets used in our experi-
ments. From each dataset, we randomly sample
2,000 users and retain all of their click interactions,
then split the resulting click logs chronologically
in a 5:1:1 ratio for training, validation, and testing.
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Table 5: Summary of notations used throughout this
paper.

Symbol Description

U , D Sets of users and news articles
u, d A user and a news article
td, cd, bd Title, category, actual body of d
Hu Click history of u
Cu Candidate news set for u
dc A candidate news (dc ∈ Cu)
b̃u,dc Anticipated body of dc for u

F(·) Recommender (the student)
p̂(u, dc) Predicted preference of u for dc
R Pre-trained recommender for (Idea 1)

fsum, fgen, fctrl Summarizer, Generator, Controller
su Preference summary of u from fsum
K, ϕ(u), Uk # clusters, assignment of u, k-th cluster
πk, π⋆

k Policy for cluster k and its final form
B(t) User batch at step t

∆(t), S(t) Batch-level loss and diagnostic samples
M(t)

k Controller’s memory at step t

δu,dc Per-sample gap, p̂ b − p̂ b̃

Enews News encoder (shared architecture)
E s

news, E
t
news Student and teacher encoders

ed, edc News embeddings of d and dc
uu,dc Candidate-aware user embedding
αu,dc,d Attention weight for d ∈ Hu

Lrec Click-prediction loss
Luser

KD ,Lnews
KD KD losses for Paths 1 and 2

λ1, λ2 Weights for Paths 1 and 2
J Negatives sampled per positive

Specifically, we order all users’ click logs on a
single global timeline and partition them chrono-
logically, so every interaction seen during training
strictly precedes every validation and test interac-
tion. This rules out temporal leakage across users,
which a user-disjoint split would otherwise admit.

Table 6: Statistics of the sampled datasets. Each con-
tains 2,000 randomly sampled users with all click inter-
actions retained.

Statistic MIND-1W Adressa-1W

# users 2,000 2,000
# news articles 24,060 17,983
# click interactions 78,294 95,809
Sparsity 99.73% 99.83%
Avg. history length 38.7 38.0
Avg. title #tokens 11.0 6.6
Avg. body #tokens 29.6 472.4

Moreover, the sampling scale of SAND (2,000
users per dataset) is substantially larger than that
adopted in prior agentic LLM-based recommender
studies (e.g., 100 users (Zhang et al., 2024)) and
400 users (Liu et al., 2024).

C Baseline Descriptions

We provide brief descriptions of the eleven base-
lines compared with SAND.

DL-based methods. LSTUR (An et al., 2019)
captures long-term user interests via ID embed-
dings and short-term interests via a GRU over re-
cent clicks. NAML (Wu et al., 2019a) encodes a
news article from multiple views (title, body, cat-
egory) and aggregates them through additive at-
tention; the user encoder applies additive attention
over clicked-article embeddings. FIM (Wang et al.,
2020) performs fine-grained matching between can-
didate and clicked news through hierarchical di-
lated convolutions, capturing multi-granularity se-
mantic interactions.

GCN-based methods. CNE-SUE (Mao et al.,
2021) introduces collaborative news encoding and
structural user encoding, modeling correlations
among news articles and across users via graph
structures. CROWN (Ko et al., 2025) addresses
cold-start users by augmenting the user represen-
tation with collaborative signals through a GNN-
enhanced hybrid encoder. LIME (Ryu et al., 2025)
incorporates the lifetime of news topics into news
and user modeling via candidate-aware lifetime
attention.

PLM-based method. NAML-BERT (Wu et al.,
2021) replaces NAML’s CNN-based text encoders
with BERT (Devlin et al., 2019), leveraging con-
textualized representations from a pre-trained lan-
guage model.

Agent-based methods. AgentCF (Zhang et al.,
2024) models users and items as autonomous
LLM agents that mutually refine their preferences
through simulated interactions. ToolRec (Zhao
et al., 2024) treats the LLM as a tool-using
agent that invokes external retrieval tools to find
candidate items aligned with user preferences.
MACRec (Wang et al., 2024) coordinates multiple
specialized LLM agents (e.g., user analyst, item
analyst, reflector) for recommendation. AFL (Cai
et al., 2025) leverages an LLM as a feature learner
that augments traditional recommenders with se-
mantic features distilled from user histories.

For all agent-based baselines, we use GPT-4o-
mini as the backbone LLM to ensure a fair compar-
ison with SAND, which also uses GPT-4o-mini for
anticipated body generation.
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D Implementation Details

NAML backbone. We adopt NAML (Wu et al.,
2019a) as the news encoder for both the teacher and
the student. Following the original NAML configu-
ration, we use 300-dimensional GloVe (Pennington
et al., 2014) word embeddings, a CNN with 300
filters and a kernel size of 2, and additive attention
to aggregate word-level representations. The max-
imum title length is set to 30, the maximum body
length to 300, and the history length to 50.

Training. The teacher is pre-trained on actual
bodies with the standard click-prediction objective
until convergence. The student is then trained from
scratch with the loss Ltotal = Lrec + λ1Luser

KD +
λ2Lnews

KD . Following the sensitivity analysis in Sec-
tion 3.5, we set λ1 = 0.5 and λ2 = 0.5 as the
default. We use Adam (Kingma and Ba, 2014)
with a learning rate of 0.001 and a batch size of 32,
training for at most 10 epochs with early stopping
on the validation set. The negative sampling ratio
is set to J = 4.

Agent-based generation (Idea 1). We use GPT-
4o-mini as the backbone LLM for fsum, fgen, and
fctrl. The number of user clusters is set to K = 3,
determined on the validation set. The Controller
refines the policy over batches of size 300. The full
set of policy values is reported in Appendix E, and
the prompt templates are provided in Appendix F.

Hardware. All experiments are conducted on a
single NVIDIA RTX PRO 6000 Blackwell GPU
with 96 GB of memory.

E Generation Policy: Value Sets

The generation policy π is a 5-tuple
(πtone, πabs, πspec, πlen, πfmt). Table 7 lists
the possible values of each dimension, and we
describe their semantics below.

Table 7: Value sets for each dimension of the generation
policy π.

Dimension Possible values

πtone (tone) very_neutral, neutral,
mildly_expressive

πabs (abstraction) high_level, mixed, specific
πspec (speculation) 0, 1, 2
πlen (length) short, medium, long
πfmt (format) narrative, bullet

Tone (πtone). This dimension controls how
evaluatively the anticipated body is written.
very_neutral enforces a strictly analytical
tone with no evaluative adjectives or subjective
expressions. neutral allows mild emphasis for
clarifying relevance, while disallowing emotional
or persuasive phrasing. mildly_expressive
permits limited expressions of interest or anticipa-
tion, while sensational language remains prohib-
ited.

Abstraction (πabs). This dimension deter-
mines the granularity of the generated content.
high_level focuses on overall themes or
general directions, avoiding concrete numbers or
fine-grained facts. mixed balances high-level
themes with a small number of concrete details
on aspects likely of interest. specific permits
relatively concrete details (e.g., product categories,
features, metrics), while still using speculative
phrasing.

Speculation (πspec). This dimension specifies
how many speculative hypotheses are included in
the anticipated body. A value of 0 excludes any
speculation, describing only what the user broadly
expects. 1 requires exactly one hypothesis, framed
with uncertainty markers (e.g., “may,” “could,” “is
likely to”). 2 requires two distinct hypotheses rep-
resenting alternative expectations of the article’s
content.

Length (πlen). This dimension controls the word
count of the anticipated body: short for approx-
imately 40–60 words, medium for 70–90 words,
and long for 110–140 words.

Format (πfmt). This dimension determines
the structural form of the anticipated body.
narrative produces a coherent paragraph in nat-
ural prose, while bullet produces a list of bullet
points, each covering a distinct aspect of the ex-
pected content.

The initial policy π
(0)
k is randomly initialized

over the Cartesian product of these value sets and
iteratively refined by the Controller LLM fctrl over
user batches.

F Prompt Templates

We provide the full prompt templates used for
the three LLMs (fsum, fgen, fctrl) of SAND.
Placeholders enclosed in curly braces (e.g.,
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{history_titles}) are replaced with the cor-
responding inputs at generation time. All three
LLMs use GPT-4o-mini as the backbone.

F.1 Summarizer LLM (fsum)

The Summarizer LLM takes a user’s click history
(titles only) and produces a textual profile of her
interests, information-seeking pattern, and likely
perspective. The output is used as the user sum-
mary su in Eq. (1) of the main text.

Given the following news titles that a
user has clicked,
infer the user’s primary interests,
information-seeking patterns,
and likely perspective when reading
news.

Output format:
Primary interests: (2-3 specific
domains)
Information-seeking pattern: (e.g.,
“focuses on financial impact”,

“interested in technical details”,
“follows political implications”)

Likely perspective: (e.g., “reads
news as an investor”,

“reads news as a tech enthusiast”)

[User Click History]
{history_titles}

F.2 Generator LLM (fgen)

The Generator LLM takes the user summary su,
candidate news title tdc , and the current group-
wise policy πk = (πtone, πabs, πspec, πlen, πfmt),
and produces the anticipated body b̃u,dc in Eq. (2)
of the main text. The prompt includes a one-shot
example to anchor the news-like writing style; the
example user summary su is itself an output of the
Summarizer LLM for a representative user.

You are a user-centric expectation
generator for news recommendation.
Your task is to generate an expected
news body that reflects what a
specific user is likely expecting
to read when seeing a news title.

---------------------------------
[One-shot Example: User-Conditioned
Expected News Body]

[User Preference Profile]
{example_s_u}

[Candidate News Title]
“Apple hints at a surprise
announcement next week”

Expected Body (news-style,
user-conditioned):

...
[End of Example]
---------------------------------

[User Click History - Titles Only]
{history_titles}

[Candidate News Title]
{candidate_title}

[OUTPUT]
Write the expected body in the SAME
STYLE as the example above, as if it
were the body of a news article (not a
meta description).

Use the following generation settings:

Tone: {pi_tone}
(Instruction corresponding to
{pi_tone}; see Appendix E.)
Abstraction: {pi_abs}
(Instruction corresponding to
{pi_abs}.)
SpeculationCount: {pi_spec}
(Instruction corresponding to
{pi_spec}.)
LengthBucket: {pi_len}
(Instruction corresponding to
{pi_len}.)
Format: {pi_fmt}
(Instruction corresponding to
{pi_fmt}.)

Generation rules:
Describe what this user is likely
expecting to read if they click the
article.
Write directly as article content; do
NOT use phrases such as “The article
is likely to...” or “Readers may
expect...”.
Do not assume access to the real
article body.
Avoid emotional or sensational
expressions.

Now generate the expected body.

F.3 Controller LLM (fctrl)

The Controller LLM analyzes the batch-level loss
∆(t), diagnostic samples S(t), and accumulated
memory M(t)

k , and produces an updated policy
π
(t+1)
k along with an updated memory in Eq. (3) of

the main text. All inputs and outputs are exchanged
as JSON. The batch size for policy refinement is
set to 300 interactions.

You are a coordinator LLM that updates
the generation policy used by an
executor LLM.

You do NOT generate any expected-body
text.
You ONLY (1) update the policy and (2)
update the running policy summary.
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You will receive a single JSON payload
containing:
- allowed_policy_space
- current_policy
- performance_feedback
- diagnostic_samples
- running_policy_summary

Output ONLY a valid JSON object with
exactly these two top-level keys:
- "updated_policy": an object with
keys {tone, abstraction_level,
speculation_count, length_bucket,
format}
- "updated_running_policy_summary": an
array of short bullet strings

Constraints:
- Each policy value must be chosen from
allowed_policy_space.
- The summary must be concise (5-10
bullets), reflect persistent trends,
and avoid batch-specific details.
- Do not include any extra keys,
comments, or explanations.
- Do not infer or reconstruct the real
article content.

The JSON payload supplied to the Controller
LLM at each refinement step is structured as fol-
lows.

{
"allowed_policy_space": {
"tone": ["very_neutral",

"neutral", "mildly_expressive"],
"abstraction_level":

["high_level", "mixed", "specific"],
"speculation_count": [0, 1, 2],
"length_bucket": ["short",

"medium", "long"],
"format": ["narrative", "bullet"]

},
"current_policy": { ... },
"performance_feedback": {
"loss_expected": <float>,
"loss_real": <float>,
"ndcg5_expected": <float>,
"ndcg5_real": <float>

},
"diagnostic_samples": [
{"type": "failure",

"user_click_history_titles": [...],
"candidate_news_title": "...",
"generated_expected_body":

"..."},
{"type": "success", ...}

],
"running_policy_summary": [...]

}

At the first refinement step, the
running_policy_summary field is
initialized with a brief seed instruction
(“Maintain 5–7 concise bullets summariz-
ing persistent policy trends across itera-

tions.”). From the second step onward, the
updated_running_policy_summary
from the previous step is fed in as the
running_policy_summary, serving as
a persistent memory M(t)

k .

G Full Hyperparameter Sensitivity
Analysis

Figure 4 reports the validation accuracy of SAND
on MIND across the full 5 × 5 grid of distilla-
tion weights, λ1 ∈ {0.1, 0.2, 0.3, 0.4, 0.5} and
λ2 ∈ {0.1, 0.2, 0.3, 0.4, 0.5}. The main paper
(Section 3.5) presents a subset of these results for
readability; we provide the complete grid here.

The best validation accuracy across all three met-
rics is achieved at (λ1, λ2) = (0.5, 0.5), which we
adopt as the default configuration of SAND. The
accuracy generally increases as both λ1 and λ2 be-
come larger, with a notable jump at the top-right
corner of the grid. A secondary peak is also visi-
ble at (λ1, λ2) = (0.1, 0.2), where the news-side
distillation appears to be particularly informative
for an otherwise weak user-side alignment. Across
the full grid, the variation in nDCG@5 stays within
[0.6846, 0.7168], confirming that SAND is robust
to the choice of distillation weights within the ex-
plored range.

H Policy Refinement Trajectories:
Additional Clusters

We provide the per-batch nDCG@5 and policy tra-
jectories for Clusters 1 and 2 of Adressa-1W in
Figure 5, complementing the Cluster 0 result re-
ported in Section 3.6. The number of batches dif-
fers across clusters, reflecting differences in cluster
size. Across both clusters, the gap between actual
and anticipated bodies generally narrows over the
early batches, consistent with the pattern observed
in Cluster 0. The specific refinement trajectories,
however, differ from cluster to cluster—suggesting
that fctrl adapts its policy updates to the character-
istics of each user group.

I Qualitative Examples of Anticipated
Bodies

To illustrate how SAND generates user-specific
anticipated bodies, we present a case study on a
single candidate news article shared by users from
three different clusters of MIND-1W. The candi-
date is N84137: “Why Do Cats Meow?” (cat-
egory: lifestyle/pets). For each cluster
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Figure 4: Validation accuracy of SAND on MIND across the full 5× 5 grid of λ1 (user-side KD weight) and λ2

(news-side KD weight). The best configuration (λ1, λ2) = (0.5, 0.5) is selected as the default.
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Figure 5: Per-batch nDCG@5 of the pre-trained NAML on Clusters 1 and 2 of Adressa-1W (top), and the
corresponding evolution of the tone and speculation_count policy parameters (bottom). Each policy parameter
has three ordinal levels (level 0/1/2), where higher levels indicate more expressive tone (very_neutral, neutral,
mildly_expressive) or more speculation. As in Figure 3, these curves report the diagnostic signal measured by R,
not final recommendation accuracy.

k ∈ {0, 1, 2}, we pick two users (u, u′ ∈ Uk) and
contrast their anticipated bodies b̃u,dc and b̃u′,dc for
the same dc. Tables 8–10 report the preference sum-
maries su (paraphrased for space; original phrasing
preserved on our public repository) and the cor-
responding anticipated bodies. We highlight two
observations.

Inter-cluster variation. The three clusters yield
distinctly different framings of the same article.
Cluster 0 users (politics- and social-issue-oriented)
receive anticipated bodies that foreground commu-
nication and human–animal interaction, Cluster 1
users (legal/celebrity vs. automotive/sports inter-
ests) receive bodies emphasizing behavioral inter-
pretation and breed-level variation, and Cluster 2
users (personal-narrative- and wellness-oriented)
receive bodies that incorporate emotional bonding

and practical owner advice. This pattern supports
(C2): the group-wise policy πk effectively steers
fgen toward cluster-specific stylistic regimes even
when the candidate topic lies outside the users’ pri-
mary interests.

Intra-cluster variation. Within each cluster, the
two users still receive subtly different anticipated
bodies, reflecting the per-user summary su that
fsum produces from Hu. For instance, in Cluster 2
the wellness-oriented User 173 receives an antici-
pated body that explicitly mentions “strengthening
bonds” between cats and owners, whereas User 27
(animal/family narratives) receives one centered
on “communicative functions” and breed-specific
patterns. This validates that su provides meaning-
ful per-user conditioning on top of the group-wise
policy.
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Table 8: Anticipated bodies for two users in Cluster 0 on the candidate N84137: “Why Do Cats Meow?”.

User 58 User 542

su Current events and political news, social justice and
human-interest stories, health and public-safety is-
sues; focuses on social implications and the impact
of political decisions on communities; reads news
with empathy and concern for broader societal im-
plications.

Politics, environmental issues, cooking and food; follows
public-opinion trends and political implications, while also
seeking practical cooking tips and food trends; reads news
as a politically engaged citizen and home cook.

b̃u,dc The article will explore the reasons behind cats’ vo-
calizations, focusing on the various types of meows
and their meanings in feline communication. It will
likely examine the evolutionary context of meow-
ing, considering how domestic cats have adapted
their vocalizations to interact with humans. The
piece may also include insights from animal behav-
iorists or veterinarians on how different meows can
signify specific needs or emotions, such as hunger,
distress, or attention-seeking. . . .

The article will explore the various reasons why cats meow,
focusing on communication methods between cats and hu-
mans, as well as among cats themselves. It is expected to
include insights into the different types of meows and what
they may signify in terms of a cat’s needs or emotional
state. Practical tips for cat owners on how to interpret their
cat’s meowing and respond appropriately could be included,
enhancing understanding and interaction. . . .

Table 9: Anticipated bodies for two users in Cluster 1 on the same candidate as in Table 8.

User 433 User 763

su Celebrity news, legal issues, social justice; inter-
ested in the societal implications of legal cases,
celebrity culture, and human-interest stories; reads
news as a socially conscious individual engaged
with the impact of legal and ethical matters.

Automotive industry and vehicle performance, sports (esp.
NFL), social issues and crime; follows product launches,
team-management dynamics, and the community impact of
crime; reads news as an automotive enthusiast, NFL fan,
and concerned citizen.

b̃u,dc The article explores the various reasons behind a
cat’s meowing, detailing how this vocalization dif-
fers from other forms of communication in feline
behavior. It examines the context in which cats
typically meow, such as during interactions with hu-
mans or in response to hunger and attention-seeking
behaviors. The discussion may also touch on varia-
tions in meowing patterns among different breeds
and individual personalities. . . .

Cats meow primarily as a form of communication with
humans, differing from their vocalizations with other cats,
which are often more varied and complex. The article out-
lines the various reasons behind a cat’s meowing, including
demands for attention, food, or companionship, as well as
expressing discomfort or distress. It may also delve into the
different types of meows and their meanings, highlighting
how owners can interpret their pets’ needs. . . .

Table 10: Anticipated bodies for two users in Cluster 2 on the same candidate as in Table 8.

User 27 User 173

su Human–animal relationships (esp. dogs), personal
and emotional narratives (family, health struggles),
lifestyle and wellness (health tips, food, fashion);
drawn to heartwarming stories involving animals
and family; reads news as a compassionate individ-
ual valuing family and well-being.

Health and nutrition, celebrity news and pop culture, cook-
ing and recipes; follows health-related recipes, celebrity
lifestyles, and practical cooking tips; reads news as a
health-conscious individual curious about celebrity influ-
ence on culture and trends.

b̃u,dc The article will provide an overview of the vari-
ous reasons why cats meow, detailing the different
contexts in which this vocalization occurs. It will
explain the communicative functions of meowing,
including how cats use this sound to interact with
humans and other animals. The piece may also
touch on the variations in meowing behavior among
different breeds or individual cats, highlighting any
notable patterns. . . .

An exploration of the reasons behind the various vocaliza-
tions that cats produce, particularly the meow, as a form of
communication. An overview of how different meows may
indicate specific needs or emotions, such as hunger, dis-
comfort, or a desire for attention. A look at the relationship
between cats and their human companions, emphasizing
how meowing may serve to strengthen bonds and facilitate
mutual understanding. . . .
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