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Abstract

Document summarization becomes more chal-
lenging when summaries must reflect a user’s
subjective interests in addition to document
salience. =~ SOTA Large Language Models
(LLMs) show strong in-context summariza-
tion capabilities. Prior works report that sim-
ply prepending long and dynamically evolv-
ing user histories leads to unstable, inconsis-
tent personalization. To address this, we intro-
duce PerDucer, a personalization inducer for
frozen language models. Given a user inter-
action sequence (trajectory) and a query doc-
ument, PerDucer first predicts the next likely
preference signal. It then maps the latent sig-
nal to a small set of personalized keyphrases
for the query document. These keyphrases
serve as the control cues that steer the frozen
summarizers (both LLMs and SLMs) towards
user-aligned summaries. Across PENS and
a reconstructed temporal version of OpenAl-
Reddit, PerDucer-boosted LLMs outperform
the strongest history-prompting baselines,
yielding an average +0.18 improvement across
personalization metrics (PerSEval). Two
PerDucer-augmented SLMs approach the top-
performing evaluated LLM, with SmolLM2-
1.7B reaching ~97% of the best-performing
DeepSeek-R1-14B score. These results sug-
gest that short keyphrase cues can induce per-
sonalization in frozen summarizers without
modifying their parameters. The codes are
available at https://github.com/KDM-LAB/
PerDucer-ACL_2026_Findings.git.

1 Introduction

Modern summarizers reduce the cost of consuming
frequent updates. Yet personalized summarization
is challenging because summaries must reflect user-
specific interests in addition to document salience,

especially for multi-aspect documents (Dasgupta
et al., 2024). Most prior work models personaliza-
tion through static attributes or coarse topical inter-
ests (Dou et al., 2021a; He et al., 2022a; Li et al.,
2023). In temporal settings, preferences evolve
at subtopic granularity, as reflected in MS/CAS
PENS (Ao et al., 2021). Appending long interac-
tion histories to LLM prompts does not yield stable
personalization, and performance can decline even
under fixed prompt length (Chen et al., 2025; Gao
et al., 2024; Patel et al., 2024).

We reformulate history-injected personalization as
keyphrase-guided personalization, and introduce
PerDucer, a keyphrase-driven Personalization In-
ducer. Rather than forcing LLMs to process entire
user histories, PerDucer distills a user’s evolving
reading behavior into a compact, interpretable set
of personalized keyphrases tailored to the query
document. These keyphrases act as lightweight
control cues for frozen summarizers without param-
eter updates. PerDucer operates over a temporal
user-interaction representation that captures docu-
ments, summaries, and user actions such as click,
skip, or summary-read. Its encoder predicts the
user’s next latent preference signal conditioned on
the query document. A decoder then maps this sig-
nal to a ranked keyphrase list, which is inserted into
simplified ICL prompts for LLMs or prepended to
the input for non-LLM summarizers.

We evaluate PerDucer through three research ques-
tions: RQ-1: Can PerDucer boost personalization
in strong LLMs? RQ-2: Can it elevate small lan-
guage models (SLMs) to near-LLM personalization
performance? and RQ-3: Can it enable vanilla
summarizers to outperform specialized personal-
ized summarizers that condition on user history?

We evaluate PerDucer on PENS (Ao et al,
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2021) and a synthetic trajectory reconstruction of
OpenAl-Reddit, using PerSEval variants PSE-JSD,
PSE-SU4, and PSE-METEOR (Dasgupta et al.,
2024). Across four frozen LLMs, PerDucer im-
proves PSE metrics by 0.1, 0.05, and 0.23 over
history-prompting baselines (Jiang et al., 2023;
Tunstall et al., 2023; DeepSeek-Al et al., 2025;
Touvron et al., 2023). Two SLMs, SmolLM2-1.7B
(Allal et al., 2025) and Qwen2.5-0.5B (Qwen et al.,
2025), reach near-LLM behavior. We observe
that SmolLM2 achieves 97.02% of DeepSeek-
14B’s personalization score. Finally, when injected
into vanilla summarizers such as BigBird-Pegasus
(Zaheer et al., 2020) and SimCLS (Liu and Liu,
2021), PerDucer surpasses the strongest special-
ized personalized system, GTP (Song et al., 2023),
with gains of 0.18/0.09/0.111. These findings sug-
gest that reframing personalization as keyphrase-
guided induction is both effective and model-
agnostic, enabling any frozen summarizers (large
or small) to adapt finely to evolving user interests.

2 Background

Personalized Summarization. Personalized sum-
marization aims to generate document summaries
that align with a reader’s evolving preferences
rather than global salience. Standard summariza-
tion metrics like Rouge (Lin, 2004), METEOR
(Banerjee and Lavie, 2005), or BertScore (Zhang
et al., 2020) measure specifically the content selec-
tion fidelity, but fails to evaluate how well a system
captures user-specific expectations inferred from
temporal behaviors like click, skip, or summarize.

Training and Evaluation Datasets. Temporal
personalization datasets require (i) an ordered in-
teraction history, (ii) user-specific references for
shared documents, and (iii) sufficient topical diver-
sity to capture preference shifts. Large summariza-
tion datasets such as CNN/DM (Hermann et al.,
2015) or MultiNews (Fabbri et al., 2019) lack user-
specific references. In contrast, OpenAl-Reddit
(Volske et al., 2017) lacks time-stamped interac-
tion histories. Only PENS (Ao et al., 2021) and
PersonalSum (Zhang et al., 2024) satisfy all criteria.
PENS training data contains impression logs rather
than user-specific summary nodes in training. We
therefore augment PENS trajectories with surrogate
summary nodes so that click/skip histories can be
converted into trajectory-level supervision, follow-
ing (Chatterjee et al., 2025). OpenAl-Reddit lacks
native temporal histories. Thus, we reconstruct user

trajectories from confidence-filtered ratings and
selected summaries, again following (Chatterjee
et al., 2025). We further apply trajectory-level aug-
mentation during training to diversify these recon-
structed sequences. This augmentation increases
the topical diversity on PENS, with an average
13.6 topics per trajectory and a topic-change rate of
0.77. We also derive synthetic temporal orders for
OpenAl-Reddit following (Chatterjee et al., 2025).
Personalized Guided Summarization. Most per-
sonalized summarization approaches rely on ei-
ther static user persona or document-only control
signals. GSUM injects user-provided keyphrases
extracted from the document and does not condi-
tion the extracted control signals on interaction
histories (Dou et al., 2021b), CTRLSum, TMWIN,
and Tri-Agent apply static control codes, topic
markers, or fixed editing preferences rather than
trajectory-conditioned control codes (He et al.,
2022b; Kirstein et al., 2024; Xiao et al., 2024).
PENS introduced user-encoder-based personalized
summarizer which injects a user embedding de-
rived from clicked-history encoders into a decoder
(Ao et al., 2021). The GTP model (Song et al.,
2023) extracts latent editing operators from user tra-
jectories, while Signature-Phrase (Cai et al., 2023)
compresses trajectories into keyphrases.

Thus, existing approaches assume static personas,
ignore action-level heterogeneity, or compress be-
havior without capturing temporal evolution. To
our knowledge, prior personalized summarization
systems do not explicitly induce query-conditioned
keyphrase controls from dynamic interaction tra-
jectories. This gap motivates keyphrase-driven per-
sonalization inducer, PerDucer.

3 Personalized Summarization:
Formulation

A crucial distinction in personalized summariza-
tion is between a static user persona and a dynamic
user-preference history. Static persona attributes.
such as nationality or coarse topical interests, are
approximately time-invariant. By contrast, pref-
erence histories reflect user behavior as a tempo-
ral sequence over multiple documents and interac-
tions that evolve at subtopic granularity. Methods
that condition only on static personas cannot rep-
resent the fine-grained temporal shifts observed in
realistic datasets such as PENS (Ao et al., 2021).
Following Chatterjee et al. (2025), we adopt the
User—Interaction Graph (UIG) formalism as a rep-
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Figure 1: PerDucer Pipeline. The PerDucer encoder encodes the user trajectory and predicts the next-step user
behavior embedding, which is decoded by an MLP-based key-phrase extractor. The top-k predicted key phrases are

injected as control cues into frozen summarization models.

resentation of dynamic user histories. In this rep-
resentation, UIG is a DAG G = (N, E) with three
disjoint node types: u-nodes u(%0) representing
users at the initial time point ¢y, d-nodes d(tv)
representing documents the user interacted with
at time ¢,, and s-nodes sgtq) representing user-
specific summaries (either user-written or model-
generated) at time ¢, associated with a previously
viewed document at ¢,_;. Edges in £ encode
user actions, which are document-level interactions
{click, skip, summarize} on d-nodes, and follow-
up summary generation on s-nodes —i.e. a summ-
Gen edge connecting a d-node to its correspond-
ing s-node. We apply cross-trajectory shuffling
and summary-node perturbation operations on this
graph to increase training trajectory diversity while
maintaining local coherence (see Appendix D).

Trajectory. A trajectory T is a time-ordered
path in the UIG for user u;. It begins at the user’s
u-node, followed by alternating interactions over
d-nodes (documents viewed via clicks/skips) and
s-nodes (summaries for documents that were sum-
marized). The path ends in either a d- or s-node.
We denote the set of all trajectories by 7T, with
train/test splits Ttrain / Ttest-

Behavior Triple. We represent each transition as
a behavior triple bgj) = (hd®i=1), q(t) (1))
where hd(*i-1) is the head node (prior d-node or
s-node), 1) is the tail node (resulting d-node
or s-node), and a(t) is the action transition from
hd(ti-1) to () (click/skip/summarize/summGen).
This structured representation yields a tempo-
ral knowledge graph of behavior, enabling fine-

grained modeling of preference evolution.

Preference Abstraction via Hierarchical UIG.
Although the UIG captures rich temporal behavior,
long sequences of fine-grained actions can burden
sequence encoders. Prior work on sequential mod-
eling shows that adding a hierarchical abstraction
helps models capture both short- and long-range
dependencies more effectively (Xia et al., 2022; Ou
et al., 2025; Xue et al., 2022; Zhang et al., 2022).
Following this insight, we use a bi-level view of
the adopted UIG where each behavior triple bq(f] i)
becomes a b-node forming a higher-level trajec-
tory T; 71, This b-tier preserves the temporal or-
der and compresses interactions into interpretable
behavior units, making it easier for the model to
track preference evolution. Because summaries
(s-nodes) are part of the underlying u-tier, strong
signals from user-written or model-generated sum-
maries naturally propagate upward into the b-tier,
helping the model capture how reading or produc-
ing summaries influences future interests—an aspect
not addressed in previous work. We construct u-
and b-tier graphs from PENS and OpenAI-Reddit.
Details are in Appendix C.

Challenges in LLLM-based In-Context Person-
alization. A baseline approach concatenates a
user trajectory 7%/ with the query document and
prompts an LLM to generate a personalized sum-
mary, which is called In-Context Personalization
Learning (ICPL) (Patel et al., 2024). However,
ICPL suffers from major limitations. First, as user

!The original fine-grained sequence is the u-tier. See
Table 9.
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history grows, this approach is constrained by con-
text length, and performance can still degrade even
when the history is compressed to fit within the
limit.Empirically, in long contexts, model perfor-
mance can be sensitive to the position of relevant
information; when key evidence appears in the
middle of the prompt, performance degrades, a
phenomenon often termed the “lost-in-the-middle”
effect (Chen et al., 2025; Liu et al., 2024; Gao et al.,
2024). Adding richer user history can therefore de-
grade personalization quality rather than improve
it Patel et al. (2024). Thus, history-injection in ICL
is insufficient for robust, evolving personalization.
Problem Reformulation. To overcome these lim-
itations, we reformulate personalized summariza-
tion into three tasks. Task-1 predicts the next
behavior triple b(, ;) for a query document d,
given 7%, Task-2 maps b(, ;) and d; to a top-k
keyphrase set. Task-3 conditions a frozen sum-
marizer on these keyphrases to produce a user-
conditioned summary without parameter updates.

4 PerDucer: Personalization Inducer for
Summarizers

PerDucer is a personalized keyphrase inducer de-
signed to guide frozen summarizers. It operates
in two stages —Task 1 encodes a user’s interaction
trajectory and predicts the next b-node embedding,
and Task 2 decodes this embedding into top-k per-
sonalized keyphrases. We evaluate the keyphrases
through downstream summarization rather than as
a standalone prediction target. Thus, Task 3 condi-
tions an external LLM or SLM on the keyphrases
to generate the personalized summary. The full
workflow is illustrated in Figure 1.

4.1 Next b-Node Prediction (PerDucer
Encoder)

Initialization of u-Tier. We first initialize the u-
tier trajectory 7% by embedding each document
(d) and summary (s) node using PromptRank KPE
instantiated with a T5-base backbone (220M pa-
rameters, 768 hidden size) (Kong et al., 2023). For

each behavior triple bl(fj), the head and tail nodes

are seeded as e and eg"). KPE seeding aligns
the node embeddings with central themes relevant

for keyphrase extraction (see Appendix H.1). The

(ti—1)
hd

initial user node e&t;}) uses the title embedding of
the first document to mitigate cold start, and actions
(click, skip, summarize, summGen) are seeded with
4-d one-hot encoding.

Local b-Node Representation (B-RNN). On the
b-tier, PerDucer processes the behavior trajectory
T;L 7 using a stack of b-cells. Each b-cell com-
)

poses the bgj triplet into a local embedding as

t

function gy(-) is TransH-inspired (Wang et al.,
2014), that learns composition of hd(ti-1), q(t)
and ¢(*) embeddings (see Appendix E.1). While
e, captures fine-grained behavioral semantics, it
remains a local representation sensitive to current
behavior and near-past historical spans (Figure 2).
History-Aware Encoding via Decay-EMA. Lo-
cal b-node embeddings reflect only the immedi-
ate interactions, but real users exhibit slow prefer-
ence drift — repeated interest in certain themes and
brief detours into others. To capture such longer-
range preferences, PerDucer maintains a cumula-
tive, smoothed preference state using a content-
aware Decay-based Exponential Moving Average
(D-EMA) inspired from MEGA (Ma et al., 2023).
At each step t;, the running snapshot updates as:

ez(;ti) _ gb(egfé’l), egi)7 e(ti)). The composition
uj

Zl(jitz) — Oé(ti) @el()il) + <]_ _ d(tz)) @Zl()il.:ifl) (1)
J J J

where the gate a(*) is a content-aware learnable
decay and &%) is a dampening gate acting on past
cumulative snapshots z(1:i-1) (see Appendix E).

Contextualizing Snapshots with FM-Attention
(c-MEGA). While D-EMA captures gradual pref-
erence drift, users often cyclically return to earlier
themes after long gaps. To model such non-local,
periodic dependencies, we first contextualize the D-
EMA snapshots Zz()iw using forward-masked self-

attention (FM-Attn) as cét") = FM—Attn(zl()M")).
uj uj

We then fuse this contextual signal with the cur-

(ti)

rent local behavior embedding e, *” using a gated

residual connection to obtain the content-aware
MEGA (c-MEGA) state:

hl(jf;) — 7(zti) o) cl()fjj) + (1 _ ,y(ti)) 0 eéiij 2)

where (%) is a learned input gate (full formula-
tion in Appendix E). FM-Attn therefore captures
the cyclical preference — a hallmark of real-world
behavior where themes re—e{n?rge after gaps, while
t;
b

the residual connection of e, *" recounts the current

J
time-step b-node information. This contextualized
state hl()ti)

b-node in the trajectory.

serves as the input for predicting the next

W
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local b-node embedding and then applies progressive history enrichment via D-EMA and FM-attention to form the
c-MEGA state. The final state encodes the behavior history and is mapped to the next b-node embedding.

Predicting the Next b-Node. After processing
t)

T;L 7 of length [, we use hlg as the final encoder
wj

state. A prediction head maps this state to the

query b-node embedding: h(tl“) = MLP(h(t’)

2

q uj j

The predicted embedding conditions the keyphrase
decoder in Task 2 (See Figure 3 for encoder).

4.2 Personalized Key-Phrase Decoder

Given the predicted query b-node embedding

hl()i”l)) from the PerDucer encoder, the decoder
qQuj

predijcts a set of personalized key phrases. We

compute a multi-label score over a keyphrase

MLPMH ) =

(a,uy)
o(Wgp ¢(h, tl“ ))), where Pxp € [0,1)Verl,
We construct VKp by running YAKE (Campos
et al., 2020) on PENS and OpenAl-Reddit cor-
pora (size: 176K). The top-k key phrases are se-
lected as {kp}, = argsort,(Pxp) and provide
them as conditioning cues to the frozen summarizer

2

vocabulary Vg p: 75Kp

in Task 3, enabling PerDucer to act as a behavior-
conditioned controller for guiding the summarizer
models.

4.3 Guided Personalized Summarization

With Task 2, PerDucer completes its role of gen-
erating personalized key phrases that character-
ize the user’s topical intent. In task 3, these
key phrases condition frozen summarizers, both
LLMs(or SLMs) and vanilla, to produce a user-
conditioned summary for the query document d,;.
Guiding LLMs/SLMs. For generative summa-
rizers, we provide the predicted key phrases as
structured prompt signals in the form:

Task: generate a summary using key phrases
kpy for the query document d,. Conditions:
No hallucinations; keyphrases mandatory.

This prompt-based injection allows frozen LLMs
and SLMs to adapt generation toward the user’s
inferred preferences without modifying their pa-
rameters. We keep the temperature at 0.2, top p
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as 0.9, and max tokens as 25 throughout. The full
prompt template is reported in Appendix J.

Guiding Vanilla Summarizers. Following Vansh
et al. (2023), we adapt standard vanilla summa-
rizers by using the predicted keyphrases as the-
matic cues. We score each sentence in d; by
its coverage of kp,. We select the top-m sen-
tences and provide them as an auxiliary input:
[Document Body, ; Theme Sentences].

5 Evaluation

5.1 Training Setup

Training Data. We construct augmented
user—interaction graphs (UIGs) from PENS
(TPENS-DY and OpenAI-Reddit (7°AT) following
the procedure in Appendix C. From these, we sam-
ple 60K PENS trajectories (|d| = 123, |s| = 15)
and 35K OAI trajectories (|d| = 37, |s| = 12)
for training. Each training instance is formed by
slicing a user’s interaction sequence immediately
before a (d, s) pair, so the prefix becomes the user
history 7.7 and the next (d, s) serves as (dg, s%).

4 °q
Test Data. For PENS evaluation, we create
T.PENS-D ysing each user’s stage-1 clicked history
and the first 50 stage-2 (d, s) pairs as the fixed pre-
fix 7,7. We then evaluate on a sequence of 150
query documents d, per user in temporal order. At
each step, PerDucer predicts keyphrases kp;, for
the current query document d,;. A frozen summa-
rizer generates a summary 5, conditioned on dg,
and kp;,. We append the pair (dg, $4) to the history,
and use the updated T;: 7 for the next query step.

Training PerDucer. We train PerDucer with a
decoder-side key-phrase prediction loss Lxpg and
an encoder-side temporal alignment loss Lgnc.
For Lkpg, we extract gold keyphrases (via YAKE)
kp*i1.) from the reference summary s; to form
a multi-hot target over the vocabulary Vg p, and
apply BCE loss on the predicted relevance distri-
bution Pxp as Lxpg = —)_;(yjlogp; + (1 —
yj)log(l — p;)). For the encoder, we predict
the timestep index of each b-node representa-

tion hl()ti). A learnable position head W,s maps
g

each b-node to a temporal distribution 75pOS =
SoftMax(WpOShl()ii)), and we optimize with mean

j
NLL loss as Lgnc = — 22:1 log p(t;). The final

objective is Lperpucer = 0.5 - Lkpg + 0.5 - Lenc.

5.2 Baseline Summarization Models

LLMs. For RQ-1, we evaluate four frozen LLMs—
Mistral-7B-Instruct (Jiang et al., 2023), DeepSeek-
R1-Distill-Qwen-14B, LLaMA-2-13B-Chat, and
Zephyr-7B-3. We use the 2-shot prompts from
Patel et al. (2024), and prompt chaining where ap-
plicable. Our goal is not to identify the “best” LLM,
but to demonstrate that PerDucer consistently im-
proves personalization keeping the underlying sum-
marizer frozen. This makes PerDucer a model-
agnostic and resource-efficient (see Table 10).
Non-personalized Summarizers with Cue Injec-
tion (Oracle). To estimate an upper bound for
cue-driven personalization (RQ-1b), we include
two strong generic summarizers: BigBird-Pegasus
(Zaheer et al., 2020) and SimCLS (Liu and Liu,
2021). Following Vansh et al. (2023), we augment
the input with gold keyphrase cues, yielding an
oracle-style reference for how much personaliza-
tion can be induced in non-personalized systems.
Small Language Models. For RQ-2, we as-
sess two frozen SOTA SLMs—-Qwen2.5-0.5B-
Instruct (Qwen et al., 2025) and SmolLM2-1.7B-
Instruct (Allal et al., 2025) for examining whether
PerDucer can lift smaller models toward LLM-
level personalization quality.

Personalized Summarizer Baselines. For RQ-
3, we benchmark three personalized frameworks:
PENS (Ao et al., 2021), GTP (Song et al., 2023),
and Signature-Phrase (Cai et al., 2023). PENS in-
corporates external user encoders such as NRMS
(Wu et al., 2019b), NAML (Wu et al., 2019a), and
EBNR (Okura et al., 2017). GTP integrates its
Transformer-based TrRMIo encoder. Signature-
Phrase models user-specific keyphrases. The di-
verse architectures make them relevant for compar-
ison. All personalized baselines are finetuned for 2
epochs under their reported training regimes.

5.3 Evaluation Metrics

Personalization Quality. To evaluate how effec-
tively PerDucer improves personalization, we use
PerSEval (PSE), the metric proposed by Dasgupta
et al. (2024). PerSEval jointly measures (i) align-
ment with user-specific expected summaries and
(i1) preservation of factual accuracy. We report
PSE-JSD, PSE-SU4, and PSE-METEOR as pri-
mary personalization metrics.

Content Accuracy. For completeness and con-
tent fidelity assessment, we also report standard
content-overlap metrics, ROUGE-SU4 (Lin, 2004),

20656



Model 2-shot B-RNN D-EMA c-EMA ¢-MEGA (PerDucer)
JSD Su4 METEOR JSD Su4 METEOR JSD Su4 METEOR JSD Su4 METEOR JSD Su4 METEOR
Mistral-7B 0.226  0.086 0.083 0.211 0.089 0.097 0.313 0.103 0.307 0.317 0.118 0.311 0342 0.129 0.316
DeepSeek-R1 0.238 0.087 0.102 0.215 0.092 0.108 0.321 0.114 0311 0.325 0.124 0.316 0.348 0.134 0.324
Zephyr-7B-53 0.231 0.078 0.079 0.205 0.088 0.103 0319  0.111 0.309 0.326  0.118 0314 0.344  0.131 0319
LLaMA-I3B 0217 0071 _ 0078 _ _0206_ 0093 _ 0105 0321 0113 _ 0306 0329 0117 __0313_ 0337 0128 03l
Qwen2.5-0.5B NA* NA* NA* 0202 0.089 0.101 0.296  0.107 0.284 0.325 0.114 0.307 0.327  0.124 0.315
smolLM2-1.7B NA* NA* NA* 0.211 0.093 0.198 0.305 0.113 0.297 0.326  0.116 0.314 0.343 0.128 0.322
Table 1: RQ-1/2: Personalization boost consistency across LLMs & SLMs via PerDucer. Obs-1: While D-EMA

& c-EMA show consistent gains, c-MEGA yields the strongest gains overall; Obs-2: SLMs remain competitive
under constrained personalization (p < 0.05; NA*: SLMs are not prompted with histories due to limited context).

ROUGE-L (Lin and Och, 2004), and BLEU (Pa-
pineni et al., 2002), computed against gold sum-
maries. We additionally report the semantic similar-
ity—based metric BERTScore (Zhang et al., 2020).
Human-Preference Alignment. We employ a
survey-based human evaluation and a proxy hu-
man judgment (HJ) measure. In the survey-based
setting, annotators rate the semantic closeness of
model outputs to gold references (scale 1-6, higher
is better) without model identity disclosure (Fig-
ure 5). For pseudo HJ, we use the multi-domain
OpenAl-Reddit dataset containing human ratings
for summaries from nine models, selecting each
user’s highest-rated summary (rating 7) as a surro-
gate human reference. We compute RMSD diver-
gence between model outputs and this reference,
and interpolate approximate HJ scores using the
empirical rating—RMSD mapping (Table 16).

6 Results & Observations

6.1 RQ-1: Boosting LLM Personalization

We evaluate whether PerDucer improves the per-
sonalization for frozen LLM summarizers relative
to strong prompt-based baselines (Section 5.2). All
LLMs are evaluated under consistent prompt set-
tings, as reported in Section 4.3.

Across all four LLMs, PerDucer yields con-
sistent and substantial gains in personalization.
PerDucer-boosted LLMs improve over 2-shot
prompting by +0.115/+0.051/+0.235 on PSE-
JSD/SU4/METEOR, respectively (Table 1). Rel-
ative to prompt chaining, DeepSeek improves by
+0.27/40.106/+0.297. These improvements sup-
port keyphrase-guided conditioning as an effective
alternative to history prompting (Table 12).
Importantly, personalization gains do not
come at the expense of content fidelity.
PerDucer+DeepSeek improves over the strongest
baseline LLM, DeepSeek-14B, by +23.9 (SU4),
+14.5 (RL), +4.96 (BLEU), and +1.83 (BScore)
(Table 2), indicating alignment with user

Model Su4 RL BLEU  BScore HJ (survey/interpolated)

PENS-NRMS-T2
GTP-TrRMIo
SP-Individual

13.64
21.91
19.54

21.03
28.31
25.18

4.48
10.31
8.90

86.13
88.53
86.61

3.04/2
2922
2.68/3

DeepSeek-14B (2-shot)
LLaMA-2 (2-shot)

19.57
18.31

29.72
29.54

12.68
11.85

89.43
88.76

3.12/5
3.36/5

34.05
32.55

53.83
51.46

17.64
16.48

91.16
90.84

3.47/7
3.38/7

PerDucer+DeepSeck14B
PerDucer+Zephyr-3

Table 2: Personalized Summarization Performance
(Accuracy & Human Judgment). Standard accuracy
metrics & Average human ratings w.r.t. gold-references
(Higher is better across all metrics (p < 0.05)).

preferences rather than metric artifacts. PerDucer-
boosted LLMs also achieve the maximum proxy
human rating (7/7) under the RMSD-based
human-judgment interpolation scheme (Table 16).

Inducing Personalization in Vanilla Summariz-
ers (Oracle Approximation). To isolate the ef-
fectiveness of PerDucer’s personalized keyphrase
induction (Task 2), we evaluate non-personalized
summarizers augmented with PerDucer-generated
cues. We compare them against oracle versions that
use gold-reference summaries as cues (Section 5.2).
This comparison measures how closely PerDucer-
generated keyphrases can approximate oracle cue
injection under the same summarization setup.
PerDucer consistently lifts the baseline vanilla
summarizers towards their oracle performance.
BigBird-Pegasus achieves 80.4%/77.6 %/78.7 %
of oracle performance on PSE-JSD, PSE-SU4, and
PSE-METEOR, respectively (Table 5). These re-
sults indicate that PerDucer learns highly effective
personalized keyphrases that capture most of the
user-specific signal available in gold cues.

6.2 RQ-2: Boosting Small Language Models

Recent studies show that small language models
(SLMs) can approach LLM performance on well-
structured tasks (Fu et al., 2024; Xu et al., 2025).
Since PerDucer reframes personalized summariza-
tion as keyphrase-guided conditioning, we evaluate
whether SLMs benefit from the same mechanism.
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We observe that PerDucer substantially improves
both SLMs (see Table 1). SmolLM2-1.7B-
Instruct differs from DeepSeek by a marginal
0.004 on average across PSE-JSD, PSE-SU4,
and PSE-METEOR. Qwen2.5-0.5B-Instruct also
benefits from PerDucer, trailing LLMs by
only 0.01/0.007/0.005 on PSE-JSD/SU4/METEOR.
This validates that keyphrase-guided conditioning
enables compact models to approximate LLM-level
personalization despite their limited context win-
dows and lack of effective in-context learning.
Ablation: Effectiveness of c-MEGA. We ablate
the encoder variants: (i) vanilla b-tier, (ii) b-tier +
D-EMA, (iii) D-EMA + FM-Attn (c-EMA), and
(iv) full c-MEGA. As shown in Table 1, c-MEGA
consistently outperforms the strongest baseline (c-
EMA) by 0.015/0.011/0.0071 on PSE-JSD, PSE-
SU4, and PSE-METEOR, respectively. This high-
lights the benefit of jointly modeling long-term
preference drift and non-local dependencies.
Ablation: Number of Keyphrases and Tempera-
ture. We vary the number of extracted keyphrases
k € {5,10,15} (gold average: 20.23). Perfor-
mance peaks at k = 10 (Table 3). Averaged across
PSE-JSD, PSE-SU4, and PSE-METEOR, k = 10
improves over k = 5 by 0.2091 and over k = 15
by 0.02371. Token-level analysis reports 66% cov-
erage and ROUGE-1 recall of 0.65. We examine
the faithfulness of the default temperature (T'=0.2)
relative to higher temperatures. Increasing T con-
sistently degrades personalization quality across
PSE metrics, with an average degradation of 0.038
at T=0.5 and 0.086 at T=0.8 (Table 13).
Cross-Domain Generalization. We train
PerDucer on OpenAl-Reddit 722! (29
non-news domains) and evaluate on T2QAL
c-MEGA consistently improves personalization
across LL.Ms (best Zephyr-3: 0.102/0.036/0.1011
on PSE-JSD/SU4/METEOR). Without retraining,
the same model also improves performance on
TFENS-D by 0.025/0.007/0.0521, demonstrating
robustness under cross-domain shift (Table 4).
Ablation: History Rollout-Length Stability. We
evaluate the first n, € {50, 100,150} query d,
which increases 7, ° with (dg, 3,) pairs. DeepSeek
2-shot shows an average drop of 12.1% from
ng = 50 to ny = 150, and Mistral 2-shot drops
by 13.6% (PSE-JSD/SU4/METEOR averaged).
PerDucer+DeepSeek remains stable with a 1.9%
average drop from ng = 50 to ny = 150, while
PerDucer+Mistral remains stable with a 0.6% av-
erage increase (see Table 14).

Stress Test: Sparse Click-only Histories. We
project each PENS test trajectory to a click-only
history by removing skip and summarize interac-
tions. Under this projection, 2-shot baselines de-
grade sharply, with DeepSeek (2-shot baseline)
dropping by 40.7/31.9/26.8% from actual perfor-
mance. PerDucer+DeepSeek shows much lesser
degradation (16.7/20.2/15.2%), indicating the ro-
bustness of PerDucer as a personalized keyphrase
extractor and personalization inducer (Table 15).

Ablation: Oracle Rollout as Upperbound. We
replace the history update 5, by s; when appending
s-nodes into Tff 7 to remove self-conditioning error
accumulation. Relative to autoregressive rollout,
rolling out s; improves PSE-JSD/SU4/METEOR
by +0.36/+0.37/+0.18 (Table 12).

6.3 RQ-3: Boosted Vanilla vs. Specialized
Personalized Summarizers

We further evaluate PerDucer as a personalization
booster by comparing PerDucer-augmented frozen
vanilla summarizers against state-of-the-art spe-
cialized personalized models. Despite not being
fine-tuned for personalization, PerDucer-boosted
BigBird-Pegasus exceeds GTP by 0.18/0.094/0.113
on PSE-JSD, PSE-SU4, and PSE-METEOR (Ta-
ble 5). These results indicate that inducing per-
sonalization via keyphrase-guided control is more
effective than directly modeling long user histories
with self-attention or RNN-based architectures, as
adopted by GTP and PENS.

7 Conclusion

Personalized summarization remains challenging
due to long, mixed user histories that combine posi-
tive and negative signals and are difficult for LLMs
to encode in-context. We introduce PerDucer
that reframes personalization as keyphrase-guided
summarization where user interaction histories
are compressed into personalized keyphrases that
guide frozen summarizers. Across models and set-
tings, PerDucer delivers consistent personalization
gains (averaging 0.187), including strong improve-
ments for LLMs and compact models that struggle
with direct history injection. Across our evaluated
settings, these results suggest that personalization
via lightweight control signals can be an effective
and efficient alternative to direct history injection.
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k = 5 Keyphrases

k = 10 Keyphrases

k = 15 Keyphrases

LLM
PSE-JSD PSE-SU4 PSE-MET PSE-JSD PSE-SU4 PSE-MET PSE-JSD PSE-SU4 PSE-MET
Mistral-7B 0.075 0.045 0.052 0.342 0.129 0.316 0.312 0.118 0.287
DeepSeek-R1 0.077 0.048 0.055 0.348 0.134 0.324 0318 0.123 0.295
Zephyr-7B-3 0.066 0.044 0.051 0.344 0.131 0.319 0314 0.120 0.291
LLaMA-13B 0.065 0.043 0.039 0.337 0.128 0.321 0.308 0.117 0.292
“Qwen25-05B 0063 0037 0039 0327 0124 0315 0300  O.I14 0287
smolLM2-1.7B 0.068 0.047 0.054 0.343 0.128 0.322 0.313 0.118 0.294

Table 3: Top-k keyphrase ablation. Using k=10 keyphrases consistently yields the best PSE performance across

LLMs (p < 0.05).

Model w/ history PENS Test OpenAl Test
JSD SU4 METEOR JSD SU4 METEOR JSD SU4 METEOR
DeepSeek-R1 0.243  0.095 0.109 0.262  0.099 0.244 0.320 0.126 0.292
Zephyr-7B-3 0.214  0.087 0.104 0.245 0.092 0.208 0316 0.123 0.289
LLaMA-13B 0.232 0.093 0.107 0.257  0.100 0.252 0319 0.124 0.291
Miswal 75 0226 0088 0.103__ 0246 0091 0235 0309 0114 0284

smolLM2-1.7B  NA*  NA* NA* 0.262  0.096 0.239 0321 0.121 0.289
Qwen2.5-0.5B NA*  NA* NA* 0.242  0.085 0.228 0297 0.108 0.257

Table 4: Cross-domain generalizability under do-
main shift. PerDucer trained on OpenAl-Reddit and
evaluated on PENS and OpenAlI (All reported metrics
are PSE variants). Obs-1: Consistent improvement over
2-shot baselines via PerDucer on OpenAl-Reddit indi-
cates strong generalizability. Obs-2: Scores on PENS
remain competitive with respect to PerDucer trained on
PENS, demonstrating effective transferability.

Type Model PSE-JSD PSE-SU4 PSE-METEOR
PENS-NAML-T1 0.021 0.014 0.016
PENS-EBNR-T1 0.015 0.010 0.011
Specialized PENS-EBNR-T2 0.011 0.008 0.009
Models PENS-NRMS-T1 0.015 0.011 0.011
odels PENS-NRMS-T2 0.008 0.007 0.007
GTP 0.024 0.017 0.019
SP-Individual 0.017 0.015 0.014
Generic BigBirdPegasus 0.253 0.143 0.168
(+ Title Oracle) SimCLS 0.157 0.032 0.016
Generic BigBirdPegasus 0.204 0.111 0.132
(+ PerDucer KP) SimCLS 0.085 0.023 0.013

Table 5: RQ-3: Performance of vanilla summarizers
compared against specialized personalized models
on PENS. Obs-1: Boosted vanilla models outperform
all specialized SOTA personalized summarizers. Obs-
2: PerDucer-guided keyphrases boost vanilla models
toward oracle-level personalization. (p < 0.05).

8 Limitations & Future Scope

We propose PerDucer as a lightweight framework
that infers keyphrases as preference signals and
injects them into frozen summarization models.
This design enables efficient personalization with-
out modifying the backbone model and represents
preferences at an abstract level. We are actively
extending this abstraction toward more explicit
action-level and structured control representations.
Incorporating mechanisms for modeling preference
evolution, intervention, and controllable adaptation
over time is a promising direction for future work.
We instantiate PerDucer for text summarization

in this paper. Extending the framework to broader
domains and generation settings, such as multi-turn
dialogue and sequential recommendation, remains
an important step toward assessing the generality
of the proposed control mechanism.
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A Measuring Degree-of-Personalization

A.1 Motivation

Vansh et al. (2023) proposed EGISES to quantify a
model’s insensitivity to subjectivity, i.e., lack of per-
sonalization, via relative deviation rather than abso-
lute quality. Building on this, Dasgupta et al. (2024)
defined the Degree-of-Responsiveness (DEGRESS),
which measures how closely a model’s inter-user
variation aligns with variation in user expectations.

A.2 DEGRESS Formulation

Summary-level DEGRESS. Given document d;
and user profile u;;, the summary-level responsive-
ness of model Mg ,, is:

min( X, Yijx) + €
max( Xk, Yijk) + €’
3

1
i k

where X1, = o (uij, wir) - w%k,
Yijk = U(Suij? Suik) : wfjk'

Here, o (-, -) denotes a summary distance metric,
and w", w? are softmax-normalized weights based
on divergence from the source document d;. Lower
DEGRESS(sy|(d, u)) indicates weaker responsive-
ness.
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System-level DEGRESS.

1 1
DEGRESS(Meg ) = — —_— DEGRESS(5u; ; | (di, wij

(C)]
A.3 PerSEval: Accuracy-Aware
Responsiveness

While DEGRESS ignores accuracy degradation,
PerSEval introduces an Effective DEGRESS Penalty
(EDP) to penalize poor faithfulness without over-
whelming responsiveness.

Summary-level PerSEval.

PerSEval(su“ |(dz, u”)) = DEGRESS(SuU |(dz, uij))-EDPij,

5)
with
EDP;; =1 — ! (6)
v 1+ 10% exp(—107 - dp,;)’
where dpij = ADP; + ACP;;.
Accuracy penalties. The Accuracy Drop

Penalty (ADP) captures worst-case accuracy:

1

o* (sui U

ADP; =

)|d

7

1+ 107 exp(—lO , (1)
l1—0o* (sui 7’u,i)|d+€)

where 0% (sy,_, u,)[d = min; o (su,;, wij)|d;.
The Accuracy Consistency Penalty (ACP) pe-
nalizes inconsistency across users:

1

PSE-Meteor. Uses METEOR similarity con-
verted to distance: oOMeteor(G,R) = 1 —

. METEOR(G, R), where METEOR aligns uni-

grams with stemming, synonymy, and fragmen-
tation penalties (Banerjee and Lavie, 2005).

B Datasets

B.1 PENS Dataset

The PENS dataset (Ao et al., 2021) includes
113,762 news articles across 15 topics. Each ar-
ticle contains an ID, title (avg. 10.5 words), body
(avg. 549 words), and category, with titles linked
to WikiData entities. The dataset also includes user
interaction data, such as impressions and click be-
haviors, combined with news bodies and headlines
from the MIND dataset (Wu et al., 2020)

PENS training set. For training, 500k user-
news impressions were sampled from June 13 to
July 3, 2019. Each log records user interaction as
[ulD, tmp, clkNews, uclkNews, clkedHis], where
‘clkNews’ and ‘uclkNews’ represent clicked and
unclicked news, and ‘clkedHis’ refers to the user’s
prior clicked articles, sorted by click time. The
training data for PerDucer, as discussed in Sec-
tion 5.1, shows high preference shift. This inher-
ently supports that personalizing UX is strongly
dependent on the temporal dynamics of the user.
The stats are in the table 8.

PENS test set. To create an offline testbed, 103
English-speaking students reviewed 1,000 head-
lines in stage-1, and then selected 50 articles, and
created preferred headlines (i.e., expected gold-

ACP;j =

U(Suij sig)|di—o* (su, su,)ld

1+ 107 exp<—10

with 7°(sy,, u,)|d = ﬁ > 0 (Suyys wij)|di.

System-level PerSEval.

(50, ;) d—0 (50, 1;) \d+e)

reference summaries) for 200 unseen articles in

®stage-2 (see Figure 4). Each article was reviewed

by four participants. Editors checked for factual
accuracy, discarding incorrect headlines. The high-
quality remaining headlines serve as personalized
gold-standard references in the PENS dataset.

1 1
PerSEval(Meg,.) = ] Z 0| Z PerSEval(su,;|(di, uij))B.2 OpenAl (Reddit) Dataset
i il

)

A.4 PSE Metric Variants

PSE-SU4. Uses ROUGE-SU4 F1 as similarity,
i.e., ogua(G, R) = 1 — ROUGE-SU4 to correlate
well with human judgment (Dasgupta et al., 2024).

PSE-JSD. Uses JSD (Menéndez et al., 1997) as
divergence metric as:

o3sp(G, R) = 1 DxL(Pa||M) + 3 Dk (Pr||M),

10
M = 3 (Pc + Pr). 1o

The OpenAl (Reddit) dataset (Volske et al., 2017)
comprises 123,169 Reddit posts collected from
29 distinct subreddits. This dataset provides both
OpenAl-generated and human-written summaries
and is organized into two splits: Comparisons, used
for training and validation, and Axis, designated for
validation and testing. A curated subset of 1,038
posts was processed by 13 different summariza-
tion policies, resulting in the generation of 7,713
summaries. These summaries underwent evalua-
tion by 64 annotators who rated paired summaries
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Category Dimension Value
Article Statistics

General Stats # Topics 15
# Articles 113,762
Avg. Title Length 10.5 words
Avg. Body Length 549 words

Training Dataset Statistics

Interaction Data  # User—News Impressions (anon.) 500,000

# Users (anon.) 445,000

Time Period
Interaction Fields

June 13-July 3, 2019
[uID, tmp, clkNews, uclkNews, clkedHis]

Test Dataset Statistics

Participants # Participants 103
Participant Category English-speaking college students
# Articles 3,940
Browsed Headlines (Click + Skip) 1,000 / participant
Min. Interested (Click) Headlines 50 / participant
Gold Reference ~ Summarized Article Bodies 200 / participant
Avg. Summaries per Article 4

Table 6: MS/CAS PENS dataset statistics. Summary of article corpus, user interaction logs, and human-written

personalized headline annotations.
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Figure 4: PENS test data creation (Ao et al., 2021).

based on selection preferences, confidence in their
ratings, and dimensions such as accuracy, coher-
ence, coverage, and overall quality. Notably, unlike
datasets like PENS, these summaries are not linked
to individual annotators or their reading histories,
which means they lack elements of personalization
and contextual user information.

C UIG Construction from Preference
Datasets

In the parlance of UIG, preference datasets suit-
able for personalized summarization training and
evaluation are of two categories— (i) those which
can be directly modeled into a trajectory pool T
(e.g., PENS dataset (Ao et al., 2021)) and (ii) those
which lack user trajectories but contain discrete
d-nodes, model-generated s-nodes (in contrast to
user-generated s-nodes as per UIG definition), and
subjective user feedback in the form of rating and
the associated confidence score for that rating (e.g.
OpenAl-Reddit dataset (Volske et al., 2017)). We
describe the UIG (i.e., the base u-tier) construction

method for both types as follows:

PENS-styled Datasets. The construction of
UIG is straightforward in the first case and is done
in two steps. In the first step, click and skip interac-
tions in the train dataset are mapped to document
nodes (d-nodes) as incoming edges, forming the
corresponding u-tier pool 7. As an example, for
the PENS dataset, the clkNews interaction corre-
sponds to a click edge and uclkNews to a skip edge,
forming 7PENS | However, PENS dataset lacks user-
specific s-nodes (i.e., true interest evolution over
time), rendering 7TENS an incomplete representa-
tion of the user dynamic preference®. We address
this issue in the second step, where we incorporate
surrogate summaries (a chosen sentence from the
corresponding d-node) as s-nodes into 7 with the
addition of genSumm and summGen edges.

OpenAl-styled Datasets. For the second cat-
egory of datasets, we first do a pre-construction

1t is important to note that despite this, most recent frame-
works train on 775 using history or document titles as
"pseudo-targets" or via unsupervised learning (Ao et al., 2021;
Song et al., 2023; Yang et al., 2023; Lian et al., 2025).
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Category Dimension Value
Dataset Overview

General Stats # Reddit Posts 123,169
# Subreddits (Domains) 29
Policy-Generated Summaries 115,579
Human-Written Summaries Available

Train + Validation Statistics

Article Stats # Reddit Posts 21,111
# Policies 81
# Generated Summaries 107,866
# Annotators 76
# Summary Pairs Rated 64,832

Validation Subset

Subset Details  # Reddit Posts 1,038
# Policies 13
# Generated Summaries 7,713
# Annotators 32
Test Dataset (RLHF-Tuned Policies)

Evaluation # Evaluated Policies 4
# Evaluated Reddit Posts 57 (of 1,038)
Evaluation Method Indirect benchmarking

Annotation and Feedback

Feedback Rating Scale 1-7
Confidence Scale 1-9
Avg. Ratings per Annotator 1,176

Annotation Format

Summary-pair selection

Table 7: OpenAl TL;DR (Reddit) dataset statistics. Overview of policy-conditioned summarization data,

annotations, and evaluation setup.

classification of clicked and skipped d-nodes for
every human rater u;. This is done based on
a simple heuristic of selecting those d-nodes as
clicked which has at least one corresponding model-
generated summary (note that there can be multiple
models) that received a confidence score above a
chosen threshold (in the case of OpenAl-Reddit,
we chose that to be 6 out of 9). We then select
the best model-generated summary (i.e., one with
the highest rating given by u;) as the surrogate ex-
pected s-node for u;. We then randomly sequence
all such (d — s)-node pairs along with the skipped
d-nodes to form 7% (thereby TOAD) This method
makes UIG-modeling compatible with most sum-
marization datasets that are not PENS-styled.

D UIG Augmentation

After inserting surrogate s-nodes with genSumm
and summGen interactions in the base trajecto-
ries, we follow PerAugy-style (Chatterjee et al.,
2025) augmentation to (i) increase the diversity of
user trajectories while preserving realistic temporal
structure, and (ii) reduce incoherence in summaries.
This augmentation is applied to the u-tier trajecto-

ries 7% prior to training, yielding a more diverse
pool of trajectories used to form 7PENSD (and its
perturbed variants).

Double Shuffling. Given m sampled training
trajectories Sg’?nple C Tiain, We select a target
T%itarget and uses the remaining m—1 trajectories
as sources. This forms a synthetic trajectory T;L I
by (i) preserving an early prefix of the target via
an offset O, and (ii) stitching contiguous source
segments into later positions. A gap hyperparam-
eter (G enforces that between two substitutions, G
consecutive target steps remain intact, preserving
local temporal realism.

Stochastic Markovian Perturbation. While tra-
jectory shuffling improves diversity, it does not
modify incompatible summary nodes (s-nodes) that
disrupt temporal coherence. We apply a local con-
text aware summary content perturbation by replac-
ing an s-node with a sentence that better matches
the recent context of the targer user. Consider a
substituted summary node s*) in 757, Let 7,
be a backward context window of the previous k
nodes {cq}]q“:1 (most recent first), and let d(*-1)
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Characteristic

# u-nodes (trajectories)
# d-nodes per trajectory
# s-nodes per trajectory

Avg. trajectory length
Max. trajectory length
Min. trajectory length

Rate of Topic Shift

JPENS-D  7OAI
train train
60,000 35,000
123.7 36.92
15.10 11.44
129.8 48.37
200 50
5 25
0.77 0.48

Table 8: User-Interaction Graph (UIG) statistics. Structural properties of training trajectories derived from

augmented PENS and OpenAl TL;DR datasets.

denote the preceding d-node. We split d*i-1) into

n e,y candidate sentences {stp},¢ d( i . Using
SBERT embeddings, we compute an influence-
weighted distance between each candidate sen-
tence and the context window. Temporal rele-
vance is enforced via an exponential decay weight
wq = exp(—A - pos(cq)) with pos(ci) = 0.

The distance matrix is defined o € R"a%-0 "
as o(pq) = 0(€st,,€c,), where o(-,-) is RMSD.
We select:

k
3" = arg min Z exp(—)\-pos(cq)) o(esty,e€c,). (11)
q=1
Equivalently, the per-sentence scores are given by
sigma w where w, = exp(—A\ - pos(cy)).

Thus, we obtain 73 without leakage of sum-
maries from any testbed. For PENS dataset, TgLMP
becomes 7PENSP and for OpenAl-Reddit, we get
7OAL for training. The perturbed s-nodes enable
richer supervision for personalized summarization
tasks.

E Detailed Formulation of the PerDucer
Encoder

This appendix provides complete mathematical
details of the PerDucer encoder used for Task—
1 (Next b-Node Prediction). We expand the b-
cell formulation, the Decay-EMA (D-EMA), the
contextualization layer (FM-Attn), and the final
content-aware MEGA (c-MEGA) state introduced
in Section 4.1.

E.1 b-Cell RNN

Each behavioral step b( ) = (hdlti-1), (), 11(t)
is encoded using a three stage recurrent b- cell. Let
the inputs be:

(t)  olt:)

(t:)
€hds ©€a’r ©y -

The b-cell maintains a content state cgi) flowing
across time.

Head-Cell. The head-cell fuses the previous tail
content with the head-node embedding:

cgfd) = tanh (th(t’ v + bh)+tanh (the%) + bhd) .
(12)

Action-Cell with Hyperplane Projection. Fol-
lowing the projection idea of TransH (Wang et al.,
2014), we embed the action type and project c%)

onto the action hyperplane:

e’,(lti) = tanh(W,el") +b,),  (13)
/(ti)
proj, o (x) = x — <4 X /) (14

t;
lerS 2

The action-cell content is:

¢! = tanh (Wh proj_, t; )(Chd ) + bhdm> e/,
(15)

Tail-Cell. Finally the tail-cell projects the action
content onto the tail-node hyperplane:

1) = tanh(Wyell) + by) (16)

c(f i) = tanh(Wh pI‘OJ (, )( ) + b, Ltl) —|—e/,(§t ).
("

Local b-Node Embedding. The b-cell emits:
(t:)
€

g

— tanh (Wicff! +b,) . (18)
This yields the local behavioral semantics used
in Sec. 4.1.

E.2 Decay-based Exponential Moving
Average (D-EMA)

To capture slow preference drift across a user’s
timeline, PerDucer maintains a cumulative snap-

shot z( _ i) updated as:

Zélt) (t)®e( ) (

“i

_a(ti)®5(ti)> ®Zl()1 7 1)
(19)
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Algorithm 1 UIG Construction

Algorithm 2 Double Shuffling

0:

e

e

e

e

PSPPI

SRR

function

Initialize Tppns < 0, Toar < 0
for each user u in train_data do
Initialize 7 < 0, 744, < 0
for each interaction in user «’s data do
if dataset_type is PENS then
if interaction is c/kNews then
Map to d-node with a click edge
else if interaction is uclkNews then
Map to d-node with a skip edge
end if
Append mapped d-node to 75
else
if model-generated summary rating
< 6 then
Map to d-node with a skip edge
else if model-generated summary
rating > 6 then

Map to d-node with a click edge
end if
if confidence for rating = max then
Map to d-node with a gensum
edge
Map to s-node with a sumgen
edge
end if
Append mapped d-node to 75 4;
end if
end for
if dataset_type is PENS then
Add 7 ;;L. to TpENS
else
Add TgAI to ToAl
end if
end for
if dataset_type is PENS then
for each trajectory 7 in Tppns do
Retrieve corresponding s-nodes from

test_data at associated time-steps
Insert s-nodes into 75 using genSumm
and sumgen edges
end for
TPENS-D oo o
return 7 PENS-D
else
return 7oap
end if

end function=0

CON-
STRUCT_UIG(train_data, test_data, dataset_type)

Require: Target trajectory T:jrget, source trajecto-

ries {78 z—l ; offset distribution Pp; gap
G

Ensure: Synthetic trajectory 75’

0:

Sample O ~ Pp; 7.d + thﬁget[le]

0: t < O
0:
0

fori =1tom — 1do

Sample a contiguous segment T,

Teource With length [ge.

Substitute: replace Tyige[t+1:t+lseg,] With
T;g?g

Append G intact steps from target (if avail-
able): Tyiue[t+seq, + 111+ seg, +G]

Lttt lseg, + G
end for
Append the remaining suffix of TtZgth (if any)

sy from

uj _
and return 7,5 =0

Algorithm 3 Summary Perturbation

Require: Trajectory ng; window size k; decay A;

perturb prob. psmp

Ensure Perturbed trajectory TP

0:

0:
0:

0:
0:

22

0:
0:

o' i
for each substituted s-node s() in 7'1? 7 do
Sample z ~ Bernoulli(pp)
if z =1 then
Build context window {c,} ’;:1 and candi-
date sentences {st,}

Compute %) via Eq. equation 11
Replace st) « §(ti)
end if
end for
return 7’ =0

The two gates combine as alt) = ot @ §t),

and are content-aware, which are computed as:

Decay Gate.

alt) = tanh(Wa [ 1(71 tie 1)791(7 )} + b,
uj

(20)

Damping Gate.

§) = tanh <W5 [Zél i 1)

olli )} +b5> @

This full version corresponds to the abbreviated

formula in Sec. 4.1.
20667



E.3 Forward-Masked Self-Attention
(FM-Attn)

To capture non-local recurrences and thematic cy-
cles, we compute contextualized snapshots using
forward-masked attention. Let:

bu: 7%y
b R

We first obtain queries, keys, and values:

Qi = Z1.,Wg, (22)
K. =721.:Wk, (23)
Vii=21.;Wy. (24)

The forward mask ensures that position ¢ attends
only to 1:4:

%(Qi'KI), Jj<i,

A= o (25)
—00, J >
The contextualized snapshot is:
cl()ff_) = softmax(A; «) V1. (26)

J

This corresponds to the shorthand -(-) in
Sec. 4.1.

E.4 Content-Aware MEGA Fusion (c-MEGA)

The contextualized state from FM-Attn is fused
with the current local embedding to produce the
c-MEGA representation.

Input Gate.

) = 0<Wizz()i:.ti) + bi) : 27)
J

Final Fusion.

by =" ol + (1-9") o). (28)

J

This recovers the full expression summarized in
Sec. 4.1.

E.5 Prediction Head

The final contextualized embedding at the last step
t; is used to predict the next b-node:

h(tHl) = Wpred hl(,il]) + bpred~

b(‘lyuj) N

(29)

F Baselines

F.1 Baseline LLMs

1. Zephyr 7B 5. Zephyr(Tunstall et al., 2023) is
a 7B-parameter transformer model fine-tuned from
Mistral-7B using Direct Preference Optimization
(DPO) on publicly available and synthetic data. It
removes some traditional alignment constraints to
improve raw performance, achieving strong results
on benchmarks like MT-Bench (7.34 vs. 6.86 for
LLaMAZ2-70B-Chat). Zephyr is optimized for help-
ful dialogue and is openly available under an MIT
license. Its design focuses on efficiency and high-
quality responses without relying on reinforcement
learning from human feedback.

Mistral 7B. Mistral-Instruct(Jiang et al., 2023) is
a dense transformer model using grouped-query at-
tention (GQA) and sliding window attention (SWA)
to efficiently scale with long context inputs. Pre-
trained on around 2 trillion tokens, it delivers strong
performance across NLP and coding benchmarks
and surpasses larger models like LLaMA?2-13B in
many areas. It is fully open-source (Apache 2.0)
and includes an instruction-tuned variant, making
it widely adopted for fine-tuning and deployment.

LLaMA 2 13B. LLaMA-2(Touvron et al., 2023)
LLaMA 2 13B by Meta is a 13B-parameter au-
toregressive transformer trained on 2 trillion to-
kens of public data, with a context length of 4096.
It supports chat via instruction tuning and RLHF.
Though once state-of-the-art among open models,
newer models like Mistral 7B now outperform it
in many tasks. LLaMA 2 remains a strong, widely
used foundation model with full documentation
and open access under Meta’s license.

DeepSeek-R1 14B. DeepSeek-R1(DeepSeek-Al
et al., 2025) is a 14.8B-parameter model distilled
from Qwen 2.5-14B, specifically optimized for
math, code, and reasoning tasks. It was fine-tuned
on 800K examples generated by a larger DeepSeek
R1 model and is released under an MIT license.
Despite being smaller, it rivals much larger models
on benchmarks like AIME and MATH, offering
strong step-by-step reasoning while remaining effi-
cient and open for further customization.

F.2 Baseline SLMs

SmolLM2-1.7B. SmolLM2 (Allal et al., 2025)
is a lightweight language model with 1.7B param-
eters, designed for efficient performance on de-
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vices with limited resources. It offers fast inference
and handles common NLP tasks well, making it a
strong baseline for compact models. SmolLM2 was
trained primarily on a mix of general-domain text
tasks, including language modeling, next-word pre-
diction, and basic text classification. The training
involved supervised learning on curated datasets
combined with unsupervised pretraining on large
text corpora to build foundational language under-
standing while keeping the model compact.

Qwen2.5-0.5B Qwen2.5 (Qwen et al., 2025) is
a smaller language model of 0.5B parameters, that
balances scale and performance. It delivers better
accuracy and versatility across NLP tasks, serv-
ing as a solid baseline for research and develop-
ment without requiring massive computing power.
Qwen2.5 was trained on a broader and more diverse
set of tasks such as language modeling, question an-
swering, summarization, and dialogue generation.
It used a combination of large-scale unsupervised
pretraining on extensive text data followed by su-
pervised fine-tuning on specific downstream tasks
to improve accuracy and contextual comprehen-
sion.

F.3 Baseline Generic Summarizers

1. BigBirdPegasus. BigbirdPegasus, proposed
by (Zaheer et al., 2020) is an extension of Trans-
former based models designed specifically for pro-
cessing longer sequences. It utilizes sparse atten-
tion, global attention, and random attention mecha-
nisms to approximate full attention. This enables
BigBird to handle longer contexts more efficiently
and, therefore, can be suitable for summarization.

2. SimCLS. A Simple Framework for Con-
trastive Learning of Abstractive Summarization
(Liu and Liu, 2021) uses a two-stage training pro-
cedure. In the first stage, a Seq2Seq model (Lewis
et al., 2020) is trained to generate candidate sum-
maries with MLE loss. Next, the evaluation model,
initiated with ROBERTa is trained to rank the gen-
erated candidates with contrastive learning.

F.4 Baseline Personalized Models

PENS-NRMS Injection-Type 1. The PENS
framework (Ao et al., 2021) generates personal-
ized summaries by incorporating user embeddings
along with the input news article. For this variant,
user embeddings are derived using NRMS (Neu-
ral News Recommendation with Multi-Head Self-
Attention) (Wu et al., 2019b), which includes a

multi-head self-attention based news encoder to
represent news titles, and a user encoder that cap-
tures browsing behavior through multi-head self-
attention over clicked articles. Additive attention
mechanisms are employed to highlight important
words and articles. In Injection-Type 1, the NRMS
user embedding is injected by initializing the de-
coder’s hidden state, thereby directly influencing
the summary generation process from the start.

PENS-NRMS Injection-Type 2. This variant
also uses NRMS for user embedding, but personal-
ization is introduced differently. Instead of initializ-
ing the decoder, the user embedding is injected into
the attention mechanism of the PENS model. This
modulates the attention weights over the news body,
enabling the model to focus on content aligned with
the user’s preferences.

PENS-NAML Injection-Type 1. NAML (Neu-
ral News Recommendation with Attentive Multi-
View Learning) (Wu et al., 2019a) generates news
representations by attending over multiple views,
including titles, bodies, and topic categories. The
user encoder learns from interacted news and se-
lects the most informative content for personaliza-
tion. The resulting user embedding is integrated
into the PENS decoder using Injection-Type 1, i.e.,
by initializing the decoder’s hidden state.

PENS-EBNR  Injection-Type 1. EBNR
(Embedding-based News Recommendation)
(Okura et al., 2017) models user preferences using
an RNN over browsing histories to produce user
embeddings. These embeddings are injected into
the PENS model via Injection-Type 1 by initial-
izing the decoder, thereby influencing the initial
decoding steps with user-specific information.

PENS-EBNR Injection-Type 2. This configura-
tion uses the same user encoder from EBNR but
applies Injection-Type 2. Here, the user embed-
ding is incorporated into the decoder’s attention
layers, allowing the model to personalize attention
distributions over the news body during decoding.

General Then Personal (GTP). General Then
Personal (GTP) (Song et al., 2023) is a two-stage
framework for personalized headline generation.
In stage-1, a Transformer-based encoder—decoder
model is pre-trained on large-scale news arti-
cle-headline pairs to learn robust, content-focused
headline generation without personalization. In
stage-2, a separate “headline customizer” refines
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the general headline by incorporating user-specific
preferences, which are encoded as a control code
by the user encoder TrRMIo. To bridge the gap
between general generation and personalized re-
finement, GTP introduces two mechanisms: (i)
Information Self-Boosting (ISB), which reintro-
duces relevant content details from the article to
prevent information loss during customization; and
(ii) Masked User Modeling (MUM), which ran-
domly masks parts of the user embedding dur-
ing training and reconstructs them, reducing the
model’s over-reliance on its general parameters.

Signature Phrase. Another line of personaliza-
tion focuses on condensing a user’s reading history
into a collection of signature phrases (Cai et al.,
2023). These phrases, derived through contrastive
learning over news articles without annotated data,
act as dynamic user profiles that adapt as interests
evolve. Such phrases need not appear verbatim in
the user’s history but instead encode higher-level
signals. Using these phrases, the model learns to
generate personalized headlines that connect new
articles with the user’s inferred interests, yielding
outputs that are engaging, relevant, and grounded in
article content rather than drifting toward clickbait.

G Training Details

G.1 Compute Resources

All preprocessing and embedding tasks were run
on CPU-only machines, while model training uti-
lized cloud-based GPUs. We utilized 16GB CPU
cores for seeding embeddings with PromptRank-T5
on each node, for extracting keyphrase vocabulary
with YAKE across all d-nodes, and for generating
keyphrase ground-truth (distribution of keyphrases)
for s-nodes using spaCy3.7. The training of each
version of PerDucer, inferencing, and computing
results were run with mixed-precision (FP16) train-
ing on NVIDIA L40 and L40S GPUs?, alongside
CPU-based preprocessing and data loading.

G.2 Training

PerDucer was trained end-to-end for 6 epochs. A
batch size of 128 was used throughout, and opti-
mization employed PyTorch’s AdamW* with learn-
ing rate 3x 10~4, betas (0.9, 0.999), epsilon x 1078,
weight decay 0.01, a fixed learning rate policy, and

3We gratefully acknowledge Lightning.ai for providing
virtual compute resources using L40 and L40S GPUs.

4AdamW implementation: torch.optim.AdamW (version
1.13.1)

dropout probability 0.1 on all self-attention and
feed-forward layers. Total training steps were com-
puted as (Niqin/128) x 6, where Nyip is the size
of the training set. The vocabulary of keyphrases
from training data is approximately 176K, and the
average number of keyphrases extracted from each
s-node is 20. The total number of behaviors in the
training data is 547K.

H Detailed Results

H.1 Personalization Boosting in LL.Ms
(MS/CAS PENS)

On MS/CAS PENS, the B-tier Vanilla models
achieve near parity with the strongest prompt-only
baselines, despite relying on a structured RNN-
style behavioral encoder. Across LLMs, B-tier
Vanilla yields PSE-JSD values in the range of
0.202—-0.211, compared to 0.217-0.238 for the
2-shot History setting. Similarly, B-tier Vanilla
achieves PSE-SU4 scores of 0.088-0.093 and PSE-
METEOR scores of 0.098-0.105, closely match-
ing or exceeding the corresponding 2-shot His-
tory ranges of 0.071-0.087 (SU4) and 0.078-0.102
(METEOR). This indicates that lightweight behav-
ioral encoding can substitute for carefully engi-
neered prompt-based history injection, while re-
maining model-agnostic and more stable.

Introducing explicit temporal behavior model-
ing via D-EMA leads to a clear and consistent im-
provement over B-tier Vanilla across all LLM back-
bones on PENS. D-EMA reduces PSE-JSD further
t0 0.296-0.321 and improves PSE-SU4 to 0.103—
0.114, with corresponding PSE-METEOR scores
in the range of 0.284—0.311. This confirms that
temporally aligned memory is critical for capturing
evolving user preferences beyond static interaction
summaries.

Augmenting D-EMA with FM-Attn (c-EMA)
produces additional but modest gains. Across mod-
els, D-EMA + FM-Attn achieves PSE-JSD val-
ues of 0.317-0.329, SU4 values of 0.114-0.124,
and METEOR scores of 0.307-0.316, consistently
matching or slightly improving upon D-EMA.
These results suggest that controlled feature mixing
refines personalization signals without destabiliz-
ing temporal representations.

Finally, the full c-MEGA model delivers the
strongest personalization performance on MS/CAS
PENS. c-MEGA achieves the best PSE-JSD scores
across all LLMs (0.327-0.348), along with the
highest SU4 (0.124-0.134) and METEOR (0.315-
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I Evaluation Metric Correlation Survey l

Figure 5: Survey Template form for human-based quali-
tative assessment of model-generated summaries. An-
notators were mostly students(50), and Faculties (4).

0.324) values among all evaluated settings. This
establishes c-MEGA as the most effective config-
uration, benefiting jointly from temporal memory,
feature-level aggregation, and cross-context behav-
ioral fusion.

Detailed per-model MS/CAS PENS results are
reported in Table 12.

Ablation: Influence of LLM Temperature. We
ablate and observe the effect of varying the LLM
decoding temperature (I € {0.2,0.5,0.8}) on
personalization performance. Across all eval-
uated models, increasing temperature leads to
a consistent trade-off across PSE metrics (Ta-
ble 13). Specifically, higher temperatures sys-
tematically reduce PSE-JSD (e.g., from 0.342-
0.348 at 7'=0.2 to 0.236-0.266 at 7=0.8), indi-
cating greater lexical diversity relative to the ref-
erence. This also results in degraded semantic
alignment, with PSE-SU4 dropping from 0.128-
0.134 to 0.075-0.080, and PSE-METEOR decreas-
ing from 0.316-0.324 to 0.187-0.213 as tempera-
ture increases. Overall, higher temperatures dilute
keyphrase-conditioned semantic fidelity, confirm-
ing that lower-temperature decoding is preferable
for stable personalized summarization.

Ablation: Influence of Number of Keyphrases.
We analyze the effect of varying the number of

injected keyphrases (k € {5,10,15}) on per-
sonalization performance. Using a small num-
ber of keyphrases (k=5) results in consistently
weak personalization signals across all LLMs, with
PSE-JSD confined to 0.063-0.077, PSE-SU4 to
0.037—-0.048, and PSE-METEOR to 0.039-0.055
(Table 3). This indicates insufficient behavioral
grounding when too few keyphrases are provided.
Increasing the keyphrase budget to k=10 yields
a substantial improvement across all metrics and
models. At this setting, PSE-JSD rises sharply to
0.327-0.348, accompanied by corresponding gains
in PSE-SU4 (0.124-0.134) and PSE-METEOR
(0.315-0.324). These results suggest that k=10
keyphrases provide an effective balance between
personalization signal strength and semantic coher-
ence. Further increasing the number of keyphrases
to k=15 leads to a consistent but modest degrada-
tion in performance. Across LLMs, PSE-JSD de-
creases to 0.300-0.318, PSE-SU4 to 0.114-0.123,
and PSE-METEOR to 0.287-0.295. This drop sug-
gests diminishing returns and mild noise injection
when the prompt becomes overly saturated with
keyphrases. Overall, the results indicate a clear
non-monotonic trend, with k=10 emerging as the
optimal operating point for keyphrase-guided per-
sonalization in PerDucer.

Ablation: Seed Embedding via SBERT. We
study the effect of seed embedding quality by
initializing c-MEGA with SBERT embeddings
(Reimers and Gurevych, 2019) instead of learned
PromptRank-based representations. Across all eval-
uated LLMs and both datasets, SBERT-seeded
c-MEGA consistently underperforms the fully
learned c-MEGA variant on all PSE metrics. On
MS/CAS PENS, SBERT seeding results in lower
PSE-JSD scores in the range of 0.214-0.244, com-
pared to 0.327-0.348 achieved by c-MEGA. Cor-
respondingly, PSE-SU4 drops from 0.124-0.134
(c-MEGA) to 0.079-0.093, and PSE-METEOR de-
creases from 0.315-0.324 to 0.221-0.241. Sim-
ilar degradation trends are observed on the Ope-
nAl Reddit test set across all backbone models.
These results confirm that while SBERT provides
a reasonable semantic initialization, it is subopti-
mal for PerDucer, whose downstream objective
is keyphrase extraction and behavioral alignment.
PromptRank-based seed embeddings, being explic-
itly trained for ranking and phrase salience, pro-
duce representations that are substantially better
aligned with the personalization objective, lead-
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ing to consistently stronger performance. Detailed
per-model comparisons are reported in Table 12.

I Human Judgement

Survey-based Direct Human Evaluation. We
conducted a human-based qualitative evaluation to
assess the quality of model-generated summaries
with respect to gold reference summaries. The eval-
uation involved 54 annotators, comprising 50 grad-
uate students and 4 faculty members, all proficient
in English and experienced in reading technical or
news-style content. For each test instance, annota-
tors were shown the source document, the gold ref-
erence summary, and seven predicted summaries
generated by different models. To mitigate bias,
model identities were anonymized and the order
of predicted summaries was randomized for each
instance. Annotators were asked to independently
rate each predicted summary relative to the gold ref-
erence along multiple dimensions, including rele-
vance (coverage of salient information), coherence
(logical flow and readability), faithfulness (absence
of hallucinations or contradictions with the source),
and overall quality. Ratings were collected using
a fixed Likert scale, and no time constraints were
imposed during the annotation process.

Human-Judgment Interpolation from
OpenAl-Reddit dataset. The interpolation
of human judgment scores is performed by
leveraging the OpenAl-Reddit dataset, which
provides multiple human-rated summaries for
each article. For every article, the highest-rated
human summaries which are 7 are designated as
the benchmark reference. All candidate summaries,
including the benchmark, are first embedded
into a high-dimensional semantic space using a
SentenceTransformer (Reimers and Gurevych,
2019) model. The semantic deviation between the
benchmark embedding Vj, and any other summary
embedding V, is quantified via the Root Mean
Square Deviation (RMSD), which in this context
is equivalent to the Euclidean distance:

RMSD(V3, Vo) =

In practice, this computation is implemented ef-
ficiently using NumPy’s linear algebra module,
np.linalg.norm. The resulting RMSD values are
then grouped according to the original human rat-
ing of each summary (e.g., 7/7, 6/7). By averag-
ing the RMSD values within each rating group, we

obtain a mapping between human-judged quality
scores and embedding-space distances. Notably,
the RMSD for summaries rated 7/7 is not always
zero, as there may exist multiple distinct summaries
with a top score for the same article; while all such
summaries are judged as equally high-quality by
humans, their semantic embeddings can still differ
due to variations in phrasing, emphasis, or lexi-
cal choices. These aggregated averages form the
scoring thresholds used for interpolating human
judgment in our evaluation framework.

J Prompt Template

As discussed in Section 4.3, we contrast our
PerDucer-guided summarization with 0/2-shot
user-history prompting and prompt-chaining ap-
proaches that condition LLMs directly on past in-
teractions. In our setting, we provide a structured
user context by leveraging 7,FENS-D and T.OA! as
user histories for preference induction. In contrast,
for PerDucer-guided generation, we supply the
LLM only with the main article and the extracted
keyphrases predicted by PerDucer, which act as
explicit preference cues for controlled summariza-
tion. To ensure consistent and faithful comparisons
across prompting strategies, all LLM-based gen-
erations use a fixed decoding configuration, with
temperature set to 0.2, nucleus sampling with top-
p set to 0.9, and a maximum output length of 25
tokens. This configuration prioritizes faithfulness
and reduces variability introduced by stochastic
decoding, allowing differences in output quality
to be attributed primarily to the conditioning strat-
egy rather than decoding randomness. The detailed
prompt structures for all compared methods are
illustrated in Figure 6.

K License and Usage Statement

In this work, we utilize the following pre-trained
large language models (PLMs) and small language
models (SLMs):

* LL.Ms: DeepSeek-R1 14B (MIT License),
Mistral-7B-Instruct (Apache 2.0), LLaMA2-
13B (Llama 2 Community License), and
Zephyr 7B (8) (MIT License).

e SLMs: SmolLM2 1.7B (Apache 2.0) and
Qwen2.5 0.5B (Apache 2.0).

All models are used according to their respective
licenses and terms provided by their original cre-
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[ 2-shot w/ history ]

User History

List of Articles clicked/Skipped/Summarized by
user:

<Doc1: click>, <Doc2: click>, <Doc3: skip>,
<Doc4: Summarized as Sum1>.

-

[ Prompt-Chaining w/ history ]

User History

List of Articles clicked/Skipped/Summarized by]

user one by one
<Doct: click>

[ 0-shot w/ history, ]

User History

List of Articles clicked/Skipped/Summarized by
user:

<Doc1: click>, <Doc2: click>, <Doc3: skip>,
<Doc4: Summarized as Sum1>.

Task

| 2 shot examples

[doc_content]

[Personalized Headline]: Rewritten_Titles by
User

[Doc Content]

[Personalized Headline]: Rewritten_Titles by

User
(S

Task

J Task

Given doc and action performed <doc1_content,
click>

Generate a list of interested keyphrases, topics,
and preferences for the user.

Output

[Inlerest <topic1, topic2, topic3>

Keyphrases: <phrase1, phrase2, phrase3>

User History

]_

Given Query Doc <doc_content>

Generate a Headline by considering the user's
history as the indicator to their interests, where
click denotes positive interest, skip denotes
negative interest and summarized indicates focus
on that topic. Return the headline in this format:

Gven Query Doc <doc_content>

Generate a Headline by considering the user's
history as the indicator to their interests, where
click denotes positive interest, skip denotes

negative interest and summarized indicates focus

on that topic. Return the headline in this format:

user one by one

List of Articles clicked/Skipped/Summarized by
<Doc2: skip>

Task

[PerDucer Extracted Key_phrase]

Keyphrases
-

~
List of Keyphrases:
[phrase1,phrase2..., phrase-k]
- J
Zero-Shot
4 N
No input examples given
. )

Task

Given Query Doc <doc_content>

Generate a Headline by focusing on the
given keyphrases,

that captures the point of the document.
Return the headline in this format:
Headline: {output}

Given doc and action performed <doc1_content,
click>, and the user preference output
e - Update a list of interested keyphrases, topics, and
Headline: {output} Qeadlme. {output} preferences for the user.

Figure 6: Comparison of prompting strategies for personalized summarization. From left to right: (a) 0-shot
prompting, (b) 2-shot prompting (Patel et al., 2024), (¢) chain-based prompting with intermediate reasoning cues,
and (d) PerDucer top-k key-phrase guidance, where predicted personalized key phrases are injected as explicit
control signals into frozen LLM/SLM summarizers.

ators. Proper attribution is given to each model’s
developers as cited in our references.
We also use the following datasets:

* MS/CAS PENS dataset: We comply
with the dataset’s terms of use, which is
derived from the Microsoft Research License
(https://github.com/msnews/MIND/
blob/master/MSR%20License_Data.pdf).

* OpenAl Reddit dataset: We comply with
the MIT License specifications as set by
OpenAl  (https://github.com/openai/
summarize-from-feedback/blob/master/
LICENSE)

We have ensured that all datasets and models
are used responsibly, respecting privacy, consent,
and ethical guidelines. When applicable, data is
anonymized and handled according to the ethical
standards of ACL.
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Symbol

Description

User—Interaction Graph (u-tier) and trajectories

UIG G = (N, E)

User—Interaction Graph modeled as a DAG with nodes N and edges E

u(.to> j-th user node (u-node) at initial time to

dgtl’) Document/news node (d-node) interacted at time-step ¢,

s;tq) User-specific expected summary/headline node (s-node) at time-step ¢4 (gold or model-generated)
a%ﬁp ) Document-level interaction edge into a d-node at t,, (e.g., click/skip/genSumm)
astq) Follow-up edge from a d-node to its s-node at t, (e.g., summGen)

T4 u-tier interaction trajectory (time-ordered path) of user u;

T Set (pool) of all user trajectories in the UIG

Tirains Trest Training/test splits of the trajectory pool

TPENS Trajectory pool derived from the PENS dataset

TPENSD PENS-derived trajectories augmented with inserted test s-nodes

TOM UIG-modeled trajectory pool from OpenAI-Reddit-style datasets

Behavior triples and b-tier abstraction

bit) = (halti=1), a(t), 41(t4))
hd(ti—1)

Behavior triple at time ¢; (head node, action, tail node)
Head node of the behavior triple (previous d-/s-node)

(%) Tail node of the behavior triple (resulting d-/s-node)

atd) Action type connecting head and tail at step ¢;

7—:] b-tier trajectory of user u; (sequence of behavior triples / b-nodes)

b(q,uj ) Query behavior triple (next-step target) for user u; and query document d

Seeding and local b-node composition (b-cell)

e,(fJQ) Initial user embedding (title embedding of the first document; cold-start mitigation)
;t; -1 Embedding of the head node at time ¢; _ 1 (PromptRank-KPE seeded)

e%fi) Embedding of the tail node at time ¢; (PromptRank-KPE seeded)

eati) Action-edge embedding at time ¢; (seeded as 4-d one-hot)

gu(+) TransH-inspired learned composition mapping (€pq, €q, €11) — eétj_)

c;tj) Head-cell content at time ¢;

cgi) Action-cell content at time t;

c(;i) Tail-cell content at time ¢; (recurrent content flowing across time)

t
PFOJe;(ti) )
e;“i)) eiiti)
Wh Wha, Wa, Wy, Wy
by, brda;ba, b, by

Hyperplane projection operator used in b-cell (z € {a, tl})

Projected action embedding and projected tail embedding
Learnable weight matrices in the b-cell (Appendix C)
Bias vectors associated with b-cell projections

History-aware encoding (D-EMA, FM-Attn, c-MEGA)

e}()ij_) Local b-node embedding at step ¢; (b-cell output)
‘3
zéi”f‘i) D-EMA cumulative snapshot up to step ¢;
J
alti) Content-aware decay gate for updating D-EMA
&) Content-aware damping gate (controls carryover of past snapshot)
alti) = o) @ §ti) Effective past gate used in the D-EMA recursion
FM-Attn(-) Forward-masked self-attention over {z(***)} (non-local/cyclical dependencies)
citi ) Contextualized snapshot from FM-Attn
i
'y(t” Input gate for fusing contextual signal and local embedding
hl()ti) c-MEGA state (gated fusion of c,(:i) and egf’i))
uj uj uj
héll:r_l) Predicted next (query) b-node embedding from the prediction head/MLP
'3

Keyphrase decoder and training objective

Pxp Predicted keyphrase relevance distribution over the global keyphrase vocabulary
Wkp, ¢(+) Keyphrase scoring head and projection into a keyphrase latent space

{kpi}t1.k, k Top-k predicted keyphrases used as control cues for guided summarization
LKpE Keyphrase prediction loss (BCE over multi-hot keyphrase labels)

151D057 Wos Position distribution and position head for temporal alignment

LENC Temporal alignment loss (NLL over step index)

Lperpucer Final training objective (paper uses 0.5 Lxpg + 0.5 Lgnc)

Dataset-specific edge labels

clkNews, uclkNews
genSumm, summGen

Clicked and unclicked news items in PENS logs
Summary-generation edge types used to insert/link s-nodes in augmented UIGs

Table 9: Notation summary. Symbols used for UIG construction, behavior trajectories, PerDucer encoder states
(D-EMA/FM-Attn/c-MEGA), and the keyphrase decoder/training objectives.
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Metric PerDucer (Ours)

DeepSeek-R1 (2-shot) Relative Gain

Trainable parameters 520M 14B 32.6x fewer
Deployable parameters 590M 14B 24.6x fewer
Avg. output length 8-12 keyphrases 20 tokens -
FLOPs / output (est.) 6.1 x 1010 1.6 x 1012 ~26x lower
Inference time / sample (est.) 0.4-3s 15-160 s 10-50x faster
GPU cost (training) 22 GPU-hours 42 GPU-hours ~2x lower
VRAM footprint (deploy) ~1.2 GB >28 GB edge-deployable
LLM finetuning required No Yes, for better results avoids LLM retraining
Prompt tokens injected 20-40 130 minimal overhead

Table 10: Training and deployment resource comparison between PerDucer and the strongest LLM baseline
(DeepSeek-R1). PerDucer separates lightweight keyphrase generation from frozen LLM inference.

Component / Parameter

Shape / Value

Embedding and state dimensions

Seed embedding dimension
Hidden / memory dimension
Action encoding

d = 768 (PromptRank KPE)
768 (shared across encoder)
4-d one-hot vector

b-cell projection matrices

Wiy, Wha, Wa, Wy 768 X 768
W, 768 x 4
D-EMA gating (paper: D-EMA)

Wea, Ws 1536 x 768
c-MEGA contextual attention

Wq, Wk, Wy, W; 768 x 768
Prediction and alignment heads

Behavior prediction head Wpyea |VB| x 768

Position alignment MLP W

768 — 768 — 768

Global keyphrase decoder (Task-3)

Fusion projection Wy
Keyphrase scorer Wip
Loss

768 x 512
|VKP| X 512
Multi-label BCE over Vkp

Note: Vkp (global keyphrase vocabulary) and Vg (behavior vocabulary) are explicitly defined in the paper. All listed
shapes follow directly from the paper’s stated 768-d seeding and shared hidden state assumption. No additional dimensions

are introduced.

Table 11: PerDucer: architecture parameters and learned weight dimensions.
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MS/CAS PENS Test OpenAl Reddit Test

Context Source Model

PSE-JSD PSE-SU4 PSE-MET PSE-JSD PSE-SU4 PSE-MET

Mistral-7B 0.072 0.026 0.023 0.045 0.014 0.017

DeepSeek-R1 0.078 0.028 0.027 0.051 0.019 0.022

. . Zephyr-7B-43 NA* NA* NA* NA* NA* NA*

History Prompt-Chaining LLaMA-13B NA* NA* NA* NA* NA* NA*

Qwen2.5-0.5B  NA* NA* NA* NA* NA* NA*

smolLM2-1.7B  NA* NA* NA* NA* NA* NA*

Mistral-7B 0.226 0.086 0.083 0.226 0.088 0.103

DeepSeek-R1 0.238 0.087 0.102 0.243 0.095 0.109

) Zephyr-7B-4 0.231 0.078 0.079 0214 0.087 0.104

2-shot History LLaMA-13B 0217 0.071 0.078 0.232 0.093 0.107

Qwen2.5-05B  NA* NA* NA* NA* NA* NA*

smolLM2-1.7B  NA* NA* NA* NA* NA* NA*

Mistral-7B 0211 0.089 0.097 0.174 0.082 0.089

DeepSeck-R1 0215 0.092 0.108 0.177 0.089 0.101

. Zephyr-7B-f 0.205 0.088 0.103 0.171 0.081 0.096

B-tier RNN LLaMA-13B 0.206 0.093 0.105 0.161 0.079 0.093

Qwen2.5-05B  0.202 0.089 0.101 0.168 0.081 0.095

smolLM2-1.7B 0211 0.093 0.098 0.169 0.085 0.096

Mistral-7B 0313 0.103 0.307 0.229 0.082 0.244

DeepSeck-R1 0321 0.114 0311 0.241 0.078 0.200

D-EMA Zephyr-7B-8 0.319 0.111 0.309 0.238 0.077 0.399

LLaMA-13B 0321 0.113 0.306 0.297 0.092 0.269

Qwen2.5-05B  0.296 0.107 0.284 0.220 0.072 0.198

smolLM2-1.7B 0305 0.113 0.297 0.226 0.075 0.201

Mistral-7B 0317 0.118 0311 0.262 0.097 0.270

DeepSeek-R1 0.325 0.124 0316 0.277 0.101 0.228

Zephyr-7B-43 0326 0.118 0314 0.274 0.091 0.242

D-EMA + FM-Attn (c-EMA) LLaMA-13B 0.329 0.117 0313 0.291 0.104 0.269

Qwen2.5-0.5B 0325 0.114 0.307 0.270 0.086 0217

smolLM2-1.7B  0.326 0.116 0314 0.278 0.096 0.244

Mistral-7B 0.342 0.129 0316 0.309 0.114 0.284

DeepSeek-R1 0.348 0.134 0.324 0.320 0.126 0.292

C.MEGA Zephyr-7B-43 0.344 0.131 0319 0316 0.123 0.289

LLaMA-13B 0.337 0.128 0.321 0.319 0.124 0.291

Qwen2.5-05B 0327 0.124 0.315 0.297 0.108 0.257
L smolLM2-1.7B 0343 0128 0322 0321 0121 028

Mistral-7B 0.238 0.088 0.234 0.241 0.091 0.205

DeepSeek-R1 0.244 0.093 0.241 0.251 0.098 0.212

Zephyr-7B-43 0.232 0.087 0.236 0.236 0.081 0.198

C-MEGA (SBERT Seed) LLaMA-13B 0.219 0.083 0.228 0.241 0.089 0.206

Qwen2.5-0.5B 0214 0.079 0.221 0.224 0.078 0.193
L smolLM2-1.7B 0229 0085 0232 0238 0093 0201

Mistral-7B 0.676 0.524 0.604 0.612 0.452 0.503

DeepSeek-R1 0.710 0.543 0.627 0.632 0.473 0.524

Zephyr-7B-f 0.695 0.530 0.607 0.624 0471 0.518

C-MEGA (Gold Summary Rollout) | " v/, 135 0.685 0533 0.614 0.627 0473 0.521

Qwen2.5-05B  0.652 0.467 0.585 0.584 0.434 0.458

smolLM2-1.7B  0.700 0.536 0.615 0.628 0.470 0.521

Table 12: Performance comparison of LLMs and SLMs under 2-shot prompting and different PerDucer
encoder variants. *SLMs are not evaluated with user-history prompting due to limited context length.
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PSE Scores

Temperature  Model
PSE-JSD PSE-SU4 PSE-MET

Mistral-7B 0.342 0.129 0.316
02 DeepSeek-R1 0.348 0.134 0.324
. Zephyr-7B-3 0.344 0.131 0.319
LLaMA-13B 0.337 0.128 0.321
Mistral-7B 0.295 0.103 0.267
05 DeepSeek-R1 0.318 0.117 0.304
: Zephyr-7B-j3 0.302 0.095 0.256
LLaMA-13B 0.289 0.113 0.260
Mistral-7B 0.255 0.078 0.187
08 DeepSeek-R1 0.266 0.080 0.210
’ Zephyr-7B-53 0.236 0.075 0.209
LLaMA-13B 0.250 0.079 0.213

Table 13: Effect of decoding temperature on performance across LLMs. Lower temperatures consistently yield
higher PSE scores across models.

Rollout length [ DeepSeek 2-shot PerDucer+DeepSeek Mistral 2-shot PerDucer+Mistral
JSD sus MET! Jsb sus MET! JSD Sus MET!| JSD sus MET
50 0.273 0.101 0.112 0.354 0.137 0.331 0.251 0.098 0.108 0.341 0.127 0.314
100 0.241 0.093 0.108 0.343 0.132 0.317 0.239 0.094 0.097 0.337 0.124 0.314
150 0.238 0.087 0.102 0.348 0.134 0.324 0.226 0.086 0.083 0.342 0.129 0.316

Table 14: Rollout-length stability on PENS. We report PSE-JSD (JSD), PSE-SU4 (SU4), and PSE-METEOR
(MET) for 2-shot baselines and PerDucer-augmented LLMs over the first n, € {50,100, 150} queries.

Model (Sparse Click-only Test)

PSE-JSD

PSE-SU4

PSE-METEOR

DeepSeek (2-shot)
PerDucer+DeepSeek

0.248/0.147 (-40.7%)
0.348/0.292 (-16.1%)

0.094/0.064 (-31.9%)
0.134/0.108 (-19.4%)

0.097/0.071 (-26.8%)
0.324/0.285 (-12.0%)

Mistral-7B (2-shot)
PerDucer+Mistral-7B

0.226/0.117 (-48.2%)
0.342/0.285 (-16.7%)

0.086/0.053 (=38.4%)
0.129/0.103 (=20.2%)

0.083/0.048 (—42.2%)
0.316/0.268 (-15.2%)

Table 15: Sparse click-only stress test on PENS. Each cell reports original performance / sparse-click performance,
followed by the relative drop. The sparse-click projection retains only click interactions in the history.

Model RMSD HJ Rating
EBNR-1 0.932 2
EBNR-2 0.938 2
NAML-1 0.926 2
NRMS-1 0911 2
NRMS-2 0.919 2
GTP 0.938 2
SP 0.881 3
Mistral (2-shot) 0.791 5
DeepSeek (2-shot) 0.779 5
PerDucer + DeepSeek  0.496 7
PerDucer + Mistral 0.542 7

Table 16: RMSD w.r.t. gold reference summaries and approximate HJ ratings.
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