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Abstract

Large language model (LLM)-based conver-
sational recommender systems (CRSs) have
demonstrated strong capabilities in capturing
user preferences and providing contextually rel-
evant recommendations. Nevertheless, the rec-
ommendation quality of the models frozen after
training inevitably degrades under contextual
shifts, such as changes in language and social
trends. While periodic model updates are es-
sential to maintain alignment with real-world
preferences, training on large-scale data incurs
substantial costs. This motivates data-efficient
adaptation. However, existing data selection
methods struggle to distinguish learnable sam-
ples under contextual shifts. To address this,
we propose Contextual Shift-Adaptive Data
Pruning and Training (CAPT), a framework ag-
nostic to underlying LLM-based CRSs. Specif-
ically, we conceptualize a three-class data tax-
onomy comprising familiar, valuable, and out-
lier samples to formalize data behavior under
contextual shifts. Based on this taxonomy, we
design an importance score estimation scheme
that quantifies a sample’s relative learnability
for shift adaptation. Leveraging these impor-
tance scores, CAPT prioritizes highly learnable
samples and further guides shift-adaptive train-
ing to actively steer the model toward current
contexts. Experiments on three CRS bench-
marks with real-world temporal splits demon-
strate that CAPT outperforms baselines, match-
ing or surpassing full-data fine-tuning perfor-
mance using only 10-50% of the training data.

1 Introduction

Conversational recommender systems (CRSs) (Jan-
nach et al., 2021) capture user preferences through
free-form conversations and recommend relevant
items. Recent studies on CRSs (He et al., 2023;
Yang and Chen, 2024; He et al., 2025) have fo-
cused on leveraging large language models (LLMs),

*Corresponding author.

hsjtjrwn,
khlee89}@yonsei.ac.kr

midans26, tommall2l,

Necessity of Periodic CRS Updates
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{®: I love a movie with a great
gunfight. Any recommendations?

8: | recommend JohnWick (2014); It
has great fight scenes.

@: Please recommend a movie with
lots of gunfights.

8: TryJohn'Wick (2014). It’s action-
packed with amazing fight scenes.
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@ : Recommend me a film that deals
with pandemics or deadly viruses.

8: You might like World WarZ(2013), 8: Flu (2013) delivers emotional
a thrilling zombie pandemic. resonance and a message of recovery.
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@: I'm looking for a film about
viruses or pandemics. Any ideas?
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Figure 1: Contextual shifts (i.e., evolving language &
changing social/cultural trends) alter optimal recom-
mendations, necessitating periodic CRS updates. Under
new contexts, the recommendation in Sample O be-
comes preferable to that in Sample B).

which possess human-like reasoning capabilities
and extensive world knowledge, to provide contex-
tually appropriate and accurate recommendations.

Despite these advantages, a model frozen after
training gradually diverges from real-world con-
texts, resulting in suboptimal recommendations
(Koren, 2009). In other words, the optimal rec-
ommendation even for a similar request may vary
across contextual shifts, which refer to the evo-
lution of language and changes in social/cultural
trends (Adomavicius et al., 2005; Hamilton et al.,
2016). As illustrated in Figure 1, in some cases,
the same item remains an appropriate recommenda-
tion (e.g., Sample & — ©), whereas in others, the
suitable recommendation changes (e.g., Sample B)
— ). To elaborate on the latter case (i.e., Sample
B — O), before the COVID-19 pandemic, a CRS
might have recommended ‘World War Z’, which
offers a thrilling depiction of fictional scenarios.
However, general users after the pandemic may no
longer perceive pandemic-themed content purely as
entertainment. Instead, such topics can now evoke
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Data Learnability in CRS Updates
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Figure 2: Data learnability from the perspective of the
previously frozen model, where the familiar sample
© is non-learnable, while the high-surprisal samples
O and ® can either be valuable for CRS updates or
outliers to be excluded, as revealed in user feedback
from testing.

emotional resonance and messages of recovery, re-
flecting a shift in public perception shaped by the
hardships of the pandemic. Consequently, a film
like ‘Flu’, which embodies such characteristics,
might become more appealing to general users. Ac-
cordingly, it is essential for CRSs to be periodically
updated to reflect these contextual shifts.

However, the significant cost of updating CRSs,
driven by LLM parameters and extensive data,
necessitates cost-efficient fine-tuning techniques.
The techniques comprise parameter-efficient fine-
tuning (PEFT) (Dettmers et al., 2023; Hu et al.,
2022; Li and Liang, 2021), which modifies only
a subset of parameters (e.g., Adapters, LoRA),
and data-efficient fine-tuning (DEFT) (Wang et al.,
2024a; Mindermann et al., 2022; Killamsetty et al.,
2021), which selects informative samples. Recog-
nizing that these methods are often complementary,
our study focuses on DEFT'.

To address data-efficient adaptation of CRSs un-
der contextual shifts, we conceptualize a three-class
taxonomy of data behavior: Familiar, Valuable,
and Outlier. From the model’s perspective on data
learnability, as shown in Figure 2, data samples
(e.g., Sample ©) where the same item remains
appropriate are already familiar to the previously
frozen model and thus non-learnable. In contrast,
the model exhibits high surprisal for Sample ),
which is essential for adapting to the new contexts.

'We further examine the compatibility of our DEFT ap-
proach with the PEFT approach (i.e., LoRA) in Figure 6.

While outliers (e.g., Sample ©)) also induce high
surprisal, they should be excluded because training
on them yields negative feedback at test time.
Based on this understanding of data behavior
under contextual shifts, existing DEFT methods
exhibit the following limitations. Gradient-based
approaches (Wang et al., 2024a; Xia et al., 2024;
Killamsetty et al., 2021) estimate data importance
by the gradient similarity with validation samples,
which makes them effective at excluding outliers.
However, these criteria are inherently limited in
estimating data learnability of familiar samples, as
they do not explicitly assess whether a sample is
already well predicted by the model. In addition,
they incur per-sample gradient storage overhead. In
contrast, loss-based approaches (Zheng et al., 2023;
Mindermann et al., 2022; Paul et al., 2021; Jiang
etal., 2019) deprioritize familiar samples and avoid
the cost of gradient storage. Nevertheless, they
are vulnerable to outliers, as samples with large
absolute losses can dominate selection. This issue
becomes particularly severe under shift adaptation,
where the loss distribution spans a wide scale.
Motivated by these observations, we propose
a loss-based data importance estimation method
that explicitly incorporates the three-class data tax-
onomy and is robust to the loss-scale disparities
induced by the shift. Using the importance scores,
we prioritize valuable samples for shift adaptation.
However, when fine-tuning on a small subset of
selected samples, the standard CRS training objec-
tive often leads to insufficient adaptation to the shift.
Unlike factual tasks (e.g., QA), where outdated
facts require binary correction, CRS supervision
under contextual shifts entails adjusting the relative
relevance of items given a user’s request. Conse-
quently, effective adaptation requires reshaping the
recommendation distribution to prioritize currently
preferred items while demoting those with faded
appeal. To actively steer the model’s relative likeli-
hoods without counterfactual supervision data (e.g.,
"Recommend B instead of A"), we propose utilizing
our importance scores for loss weighting.
Furthermore, random negative sampling in con-
ventional CRS training often yields trivial negatives
that are easily distinguishable from the ground-
truth item. Thus, we incorporate samples with high
importance scores into the negative set, thereby
enhancing the model’s discriminative ability.
To this end, we propose Contextual Shift-
Adaptive Data Pruning and Training (CAPT),
a framework agnostic to underlying LLM-based
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CRSs. Our contributions are summarized as fol-
lows: (1) This is the first work to formulate the
problem of data-efficient adaptation of CRSs un-
der contextual shifts. (2) We propose a robust
data importance estimation scheme grounded in
the data taxonomy for shift adaptation. (3) We
develop a shift-adaptive training strategy incorpo-
rating loss weighting and negative sampling that ac-
tively drives adaptation to contextual shifts. (4) On
three CRS benchmarks with temporal splits, CAPT
consistently outperforms state-of-the-art data selec-
tion methods. Notably, CAPT matches or surpasses
full-data fine-tuning using only 10-50% of the data.

2 Related Work

2.1 Conversational Recommender System

Knowledge graphs (KGs) have been widely em-
ployed to incorporate domain-specific knowledge
(Bizer et al., 2009; Yang et al., 2024; Won et al.,
2023). A CRS aims to infer user preferences from
conversations and match them to relevant items.
Early CRS approaches (Yang et al., 2023; Zhou
et al., 2020; Chen et al., 2019; Yang et al., 2025)
primarily infer user preferences from conversations
and match them to items in KGs. However, these
KG-based CRSs rely on the assumption that entity
recognition and linking from utterances are already
in place, which limits their practical deployment.

To overcome this limitation, PECRS (Ravaut
et al., 2024) aligns items, item-attributes, and dia-
logue context within a single language model. This
approach facilitates end-to-end training and infer-
ence, seamlessly integrating the entire process from
dialogue understanding to recommendation. More
recently, LLMs with human-like reasoning capa-
bilities and extensive world knowledge have signif-
icantly advanced CRS research (He et al., 2023).
ReFICR (Yang and Chen, 2024) adopts LLM in-
struction tuning, providing more accurate and nu-
anced recommendations. RTA (He et al., 2025)
incorporates an aggregator for better control of
LLM-based recommendations.

Despite these advances, LLM-based CRSs may
generate suboptimal recommendations when the
knowledge learned during training no longer aligns
with current real-world contexts, highlighting the
need for efficient shift adaptation strategies.

2.2 Adapting Language Models to Shifts

Language models require adaptation not only to
new tasks, but also to evolving language usage and

social trends within the same task (Zheng et al.,
2025; Lazaridou et al., 2021). Continual learning
(CL) (Wu et al., 2024) is a principal approach for
adapting to new tasks while retaining past knowl-
edge. Replay-based methods (M hamdi and May,
2024; Wang et al., 2024b) in CL reuse past rep-
resentative samples to preserve prior knowledge
during current training. However, these approaches
are not universally beneficial. This is because past
data may reflect outdated language use and trends,
which can hinder the model’s adaptation to the cur-
rent context (Jin et al., 2022). In such scenarios,
sequential fine-tuning is effective, as this approach
incrementally trains on newly emerging data with-
out replaying prior data (Zhao et al., 2024; Loureiro
et al., 2022; Luu et al., 2022; Rottger and Pierre-
humbert, 2021). While previous works (Mitchell
et al., 2022; Meng et al., 2023; Wang et al., 2025)
have investigated parameter efficiency, data effi-
ciency remains underexplored. In this study, we
focus on data efficiency in sequential fine-tuning.

2.3 Data Selection

Data selection aims to identify informative sam-
ples from large datasets to enhance performance or
training efficiency using heuristic and optimization-
based criteria. Recent heuristic methods (Wettig
et al., 2024; Chen et al., 2024) employ LLMs as
proxies for human evaluators to assess data quality.
However, they are limited in identifying samples
that directly contribute to model optimization.

Optimization-based approaches can be catego-
rized by their reliance on the Hessian matrix, gradi-
ent, or loss. Hessian-based (Koh and Liang, 2017;
Park et al., 2023; San Joaquin et al., 2024) and
gradient-based (Killamsetty et al., 2021; Garima
et al., 2020; Mirzasoleiman et al., 2020) methods
require computing Hessians and full-parameter gra-
dients, respectively. Although these approaches
offer theoretical performance guarantees, they en-
tail higher computational costs than full-dataset
fine-tuning. Therefore, they are not suitable for
achieving cost-efficient updates.

To mitigate this, recent works restrict the param-
eter space for importance estimation. DEALRec
(Lin et al., 2024) approximates influence scores
by computing Hessians from a smaller model.
GREATS (Wang et al., 2024a) and LESS (Xia et al.,
2024) leverage gradients from the last layer and
the LoRA (Hu et al., 2022) modules, respectively.
Despite their efficiency gains, these methods still
require gradient storage overhead. Furthermore,
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their criteria do not account for whether a sample
is already predicted correctly by the model.

In comparison, loss-based methods (Paul et al.,
2021; Zheng et al., 2023; Jiang et al., 2019; Minder-
mann et al., 2022) prioritize samples that the model
still needs to learn, even without storage overhead.
However, they are susceptible to outliers with large
loss values. This motivates the need for a selection
criterion that robustly prioritizes valuable samples
under varying loss scales.

3 Method: CAPT
3.1 CRS Task under Contextual Shifts

Given a conversation x, a CRS parameterized by
f aims to recommend the most appropriate item
y. In real-world scenarios, however, CRSs face
a non-stationary environment where data accumu-
lates sequentially, accompanied by emerging con-
texts and shifting general preferences. Accordingly,
we formulate the task as a sequence of learning
phases over time to mitigate performance degrada-
tion caused by the shift. Let D; and Dy represent
datasets collected in consecutive temporal phases.
Our objective is to effectively adapt the parame-
ters § pre-trained on the historical dataset D; to the
context of the subsequent dataset Dy 1.

3.2 Revisiting Data Selection for Robust Shift
Adaptation

For data-efficient shift adaptation, samples can be
categorized into familiar, valuable, and outlier. Fa-
miliar samples are correctly predicted by the model
and are unnecessary for training. In contrast, al-
though both valuable and outlier samples induce
high surprisal in the model, valuable samples are
beneficial for adapting to new contexts.
Gradient-based Criteria. To mitigate the high
computational cost of full-parameter gradient com-
putation (Killamsetty et al., 2021; Garima et al.,
2020), recent works such as GREATS (Wang et al.,
2024a) and LESS (Xia et al., 2024) approximate
importance using gradients from a subset of param-
eters W C 6, such as the last layer or LORA mod-
ules (Hu et al., 2022). Concretely, they compute
gradients of W for a training sample (z,y) € Dy
and a validation sample (2/,y') € Dy, and mea-
sure their alignment:

S OLllwi0n) 0L/ | 750
oW oW ’

ey

(xlvy’)eDval

where - denotes cosine similarity. A high similarity
indicates that updating the model with the candi-
date sample (z, y) is likely to improve validation
performance, rendering this approach effective at
excluding outliers. However, familiar samples may
receive high importance scores when similar sam-
ples are present in the validation set.

Loss-based Criteria. These methods (Zheng et al.,
2023; Paul et al., 2021; Jiang et al., 2019) assume
that samples with high training loss £; provide
stronger learnability signals, deprioritizing familiar
samples. However, high-loss samples inevitably
include outliers. RHO (Mindermann et al., 2022)
incorporates a validation set into importance esti-
mation to exclude outliers. Specifically, the impor-
tance of a candidate sample (z, y) is estimated by
fine-tuning a model pre-trained on Dy with (z,y)
added, and then measuring how much this update
reduces the loss on a validation set D,,). Using
Bayes’ rule, the objective can be approximated as:

> logpe(y | ' Dyu{(x,y)})
(xlvy/)EDval

2)
o< L(y | =5 Op,) — L(y | 75 OpuDya)

L C,

Detailed derivations are provided in Appendix A.
While the proxy loss £,, helps exclude outliers in in-
distribution settings, its effectiveness degrades un-
der shift adaptation where loss scales vary widely.
Thus, outliers are often prioritized due to their ab-
solute loss magnitude, as they tend to exhibit both
high training loss and high proxy loss.

Diagnostic Analysis. To empirically verify these
limitations, we conduct a pilot study using the
LLM-based CRS (He et al., 2025) on the Reddit
dataset (He et al., 2023), considering the transi-
tion from D, to D;,;. We identify 300 familiar
samples representing redundant context and arti-
ficially inject 300 outliers featuring mismatched
user requirements. Detailed experimental setups
are provided in Appendix B. As shown in Table 1,
gradient-based criteria (i.e., GREATS and LESS)
fail to deprioritize familiar samples, including over
38.6% such samples within the top 20% selection.
In contrast, loss-based RHO selection is highly
susceptible to noise, with 63.6% outliers being
prioritized due to their high loss magnitudes. A
more comprehensive comparison across varying
data budgets, including our proposed method, is
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Criterion Familiar (%) Outlier (%)
GREATS 38.6 7.3
LESS 453 4.3
RHO 3 63.6

Table 1: Inclusion percentages of familiar and outlier
samples within the top 20% priority pool. Lower values
indicate better importance weighting performance.

provided in Figure 3. Consequently, effective shift
adaptation requires a data selection mechanism that
prioritizes high-surprisal samples while robustly ex-
cluding outliers, regardless of loss scale. Appendix
C presents an empirical analysis of the training
loss scales and the prevalence of familiar samples
across varying temporal granularities.

3.3 Importance Score Estimation

Recognizing that prior absolute-loss metrics are
sensitive to the loss-scale variations induced by
contextual shifts, we formalize a three-class tax-
onomy of data behavior by comparing the training
loss £; and the proxy loss £,. Specifically, £;
denotes the loss incurred by the target model on
the training sample (x,y) € D;y1. L, refers to
the loss on the same training sample, computed by
a version of the target model that has undergone
additional training2 on the validation set D, at
temporal phase ¢ 4 1. The taxonomy is as follows:

* Familiar: £; ~ £, ~ €
e Valuable: £; > L), L, ~ €
* Outlier: £; ~ L), L, > ¢

Here, € denotes a reference scalar representing the
expected loss magnitude of a well-fitted sample.
We use = to indicate that two values are of compa-
rable magnitude within the same scale.

Grounded in this taxonomy, we design an im-
portance score Z,. ., that prioritizes valuable sam-
ples over familiar and outlier samples in a scale-
invariant manner:

Ly
Liay) = Z, 3)

Intuitively, this criterion functions as a signal-to-
noise ratio, quantifying the learnability relative to
the sample’s inherent difficulty. The score is maxi-
mized for valuable samples, where £; > £,,, while

2All training procedures and loss computations share the
same objective function, which follows the original implemen-
tation of each CRS model.

naturally remaining low for familiar and outlier
samples regardless of absolute loss magnitude.
Data Pruning. Leveraging this criterion, we prune
the full dataset D1 by selecting the top-k:

D, = Top-k ({(z.4) € Dy}, basedon I,
4)

Fine-tuning on the pruned dataset D,, focuses the
model on samples most critical for shift adaptation.

3.4 Shift-Adaptive Training

Although the implementation details of the loss
function vary slightly across CRS studies, LLM-
based CRSs (He et al., 2025; Yang and Chen, 2024;
Ravaut et al., 2024) are typically trained with In-
foNCE (Gutmann and Hyvérinen, 2010), a standard
contrastive objective that aligns the conversation
with the appropriate item while pushing it away
from negative items:

es(@y)

es(@y) + Zy N es(Tyn)’

po(ylz) = (5)

where () denotes an exponentiated similarity
score, and NV is a set of negative items y,, obtained
through random sampling.

Loss Weighting. The standard objective is insuf-
ficient to actively steer the model’s relative likeli-
hoods. Thus, we regard the importance score Z,, .
as a measure of the ‘knowledge gap’ between the
data sample (z,y) and the target model. To update
parameters in proportion to this gap, we incorpo-
rate the score as a weight for each sample’s loss:

Eweight = _E(m,y)pr [I(:L’,y) lnge(y|:E)]' (6)

Notably, we do not incorporate additional parame-
ter regularization terms (e.g., KL divergence) and
strictly adhere to the fine-tuning iteration counts
and other hyperparameters specified in the original
LLM-based CRS implementations. Empirical ob-
servations confirm that training remains stable un-
der these settings without exhibiting excessive pa-
rameter drift (Detailed discussion in Appendix D).
Negative Sampling. Conventional CRS studies
rely on random negative sampling, which is insuf-
ficient for improving the model’s ability to make
fine-grained distinctions among candidates for shift
adaptation. Thus, we include the items of high-
importance samples in the negative set A/, con-
trolled by a sampling ratio 7. The remaining (1—7)
portion of negatives is randomly sampled from the
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entire item list to preserve generalizability. The
optimal value for the mixing ratio 7 is validated in
the experimental results shown in Figure 7.

4 Experimental Setting

We evaluate recommendation performance us-
ing Recall@N for hit rate and NDCG@N and
MRR@N for ranking accuracy, with N &
{1,10,50}. Implementation details of CAPT are
provided in Appendix E.

4.1 CRS Benchmark Datasets

The Reddit dataset (He et al., 2023) is constructed
from Reddit®, where users engage in discussions
about movie recommendations. Unlike other CRS
benchmarks, the Reddit dataset provides times-
tamps for each dialogue, covering a time span from
June 2018 to December 2022. To simulate peri-
odic model updates to temporal shifts, we sorted
the data chronologically and divided it into three
equally-sized subsets, each containing 250,214 ut-
terances. The first subset, Redditp,esrqin, 1S used
for pre-training the model to acquire basic CRS
capabilities. The remaining two, Redditpp,,.; and
Redditppgse2, are used to evaluate how effectively
the model adapts to subsequent splits. Other stan-
dard CRS benchmarks, such as REDIAL (Li et al.,
2018) and INSPIRED (Hayati et al., 2020), do not
provide temporal information. Therefore, we used
them to assess ‘task-level adaptation efficiency’, fo-
cusing on how effectively a general-purpose LLM
can be adapted to the CRS task (see Appendix F
for more detail).

4.2 CRS Models

We evaluate our framework on three representative
CRS models. PECRS (Ravaut et al., 2024): While
utilizing GPT-2 as its backbone, PECRS was the
first work to integrate the entire CRS task into a
single language model. ReFICR (Yang and Chen,
2024): It leverages GRITLM-7B (Muennighoff
et al.) and adopts instruction tuning. RTA (He
et al., 2025): Built upon Llama-7B, RTA combines
the LLM with an aggregator.

4.3 Data Selection Baselines

(1) Full refers to fine-tuning a model on the entire
training set without data pruning. It serves as the
primary reference for performance. (2) Random
chooses a random subset of the training data, equal

*https://www.reddit.com/

(a) Familiar Samples

© —+— GREATS A
+ LESS
RHO

(b) Outlier Samples

—e— Ours

GREATS
+— LESS
RHO
—e— Ours

Inclusion Percentage (%)

2 3 4 50 s 70 s s 100 2 0 4 50 6 70 s % 100
Selection Ratio (%) Selection Ratio (%)

Figure 3: Accumulated inclusion percentages of (a) fa-
miliar samples and (b) outliers across varying selection
ratios in the pilot study.

in size to the other methods’ pruned set. It helps
verify the benefit of intelligent data selection. (3)
GREATS (Wang et al., 2024a) reduces computa-
tional overhead by using only the gradients from
the last layer. It selects data samples that are ex-
pected to yield improvements on a validation set.
(4) LESS (Xia et al., 2024) computes gradients by
leveraging the PEFT module (i.e., LoRA), thereby
reducing the cost of gradient-based selection. (5)
MaxLoss (Loshchilov and Hutter, 2016) prioritizes
samples with the highest training loss, focusing on
the most surprising examples the model has not
yet learned. (6) RHO (Mindermann et al., 2022)
selects samples based on the absolute difference
between the training loss and the loss produced by
a model further trained on a validation set.

To examine compatibility with PEFT, we also
apply LoRA to our method and other baselines, and
compare these variants with LESS in Figure 6.

5 Experimental Results

Extended Pilot Study on Familiar and Outlier
Samples. To further investigate our pilot study
(Section 3.2), we analyzed the accumulated inclu-
sion percentages of familiar samples and outliers.
As illustrated in Figure 3, the results indicate that
gradient-based criteria exhibit significant limita-
tions in deprioritizing familiar samples, while the
loss-based RHO method is highly susceptible to
outliers. Importantly, our proposed CAPT frame-
work remains robust to both types of samples.

Data-Efficient Adaptation under Contextual
Shifts across Different CRS Models. Figure
4 and Table 2 present the performance of three
CRS models with all data-selection methods
and the detailed results of the main methods on
Redditppgse;, respectively. The first row of Figure
5 presents the performance of the RTA model
on Redditps.e2. Random selection generally
shows that performance improves as more data is
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Figure 4: Performance comparison of data selection
methods on the Redditp;,,.; dataset. Rows denote CRS
models (PECRS, ReFICR, RTA), and columns denote
evaluation metrics. The x-axis shows the percentage of
training data used.

Recall@10 MRR@10 NDCG @10
‘ Method ‘ >Full Best ‘ >Full Best ‘ >Full Best
o | Full 0.2037 - 0.1161 - 0.1369
£ | GREATS 80% 02042 | 90% 0.1193 80% 0.1370
D | RHO 70% 0.2041 100%  0.1161 70% 0.1369
Ours 0% 02116 | 40% 0.1208 | 50%  0.1410
~ | Full 0.2521 - 0.1204 - 0.1412
U | GREATS 70% 02539 | 60% 0.1218 70% 0.1417
E RHO 60% 0.2521 70% 0.1204 70% 0.1412
Ours 40% 02583 | 30% 0.1296 | 40%  0.1454
Full 0.2969 - 0.1287 - 0.1476
£ | GREATS 80% 0.2971 70% 0.1287 70% 0.1479
& | RHO 100% 02969 | 50% 0.1287 60% 0.1476
Ours 40% 03037 | 40% 01339 | 30%  0.1541

Table 2: Performance comparison on the Redditpyge;
dataset. ‘>Full’ indicates the percentage of data re-
quired to match/exceed the performance of full dataset.
‘Best’ denotes the best performance of each method.

used. MaxLoss occasionally performs worse than
Random, showing that focusing only on samples
with high training loss can harm performance.
This highlights the use of a validation set in RHO
for excluding outliers. The gradient-based method,

GREATS, consistently outperforms Random
selection, showing the benefit of validation
gradients. CAPT consistently outperforms all

baselines and achieves full-dataset fine-tuning
performance using only 30-50% of the data.
Interestingly, performance often declines slightly
when more than 70% of the data is used. This
indicates that selecting informative data is more
effective than using the entire dataset. Additional
results on @50 metrics and a different temporal
granularity are provided in Appendix G.

CRS Task Adaptation on Small Datasets. The
second and third rows of Figure 5 show the
results on the REDIAL and INSPIRED datasets,

Recall@1 Recall@10 MRR@10 NDCG@10

2 @ e 8 100

. 01 ==
008 P
1 010
006 008 »
004 006 p
004
002

2 @ e ® 10 2 @ e 8 100

2 40 © 80 10

2 a0 © 80 0
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Figure 5: Performance comparison using the RTA
model. Each row corresponds to a different dataset:
Redditpy,s2 for temporal shifts adaptation, and RE-
DIAL and INSPIRED for CRS task adaptation.
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Figure 6: Performance comparison of data selection
methods with PEFT (i.e., LoRA) on the RTA model,
using the Redditpy,s; dataset, with an ablation on
importance-guided loss weighting (i.e., w/o L.W.).

respectively. Despite the smaller dataset sizes
compared to Reddit, our method achieves strong
performance using pruned data. Notably, on
INSPIRED, CAPT surpasses the performance
of full-dataset fine-tuning with only 10% of
the data. As the data ratio increases to 50%,
CAPT continues to show clear performance gains.
Beyond this point, the improvements become
smaller, and performance may slightly decline.
This observation can be attributed to the remaining
samples contributing little to adaptation.

Compatibility with PEFT. Figure 6 shows the
performance comparison of our method and
the baselines when augmented with LoRA. For
this experiment, the gradient-based methods
(i.e., GREATS and LESS) utilize gradients from
the LoRA modules for data selection, while
the loss-based methods (i.e., RHO and CAPT)
estimate proxy loss by fine-tuning on a validation
set using LoRA. GREATS shows a significant
performance drop in this setting. Since GREATS
already relies on a limited signal from only the
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Figure 7: Analysis of the negative sampling ratio (7) on
the RTA model using the three datasets.

final layer’s gradients, the additional constraints of
LoRA further reduce its representational capacity
for effective data selection. LESS performs slightly
better than the original GREATS since it computes
gradients for the full model parameters within
the LoRA modules, providing a richer signal.
Despite a slight reduction in the proxy model’s
representational capability due to LoRA, CAPT
with LoRA still outperforms all baselines.

Effect of Loss Weighting and Negative Sampling.
Figure 6 also includes an ablation study (i.e., w/o
L.W.) on the contribution of our importance-guided
loss weighting. The results show that assigning
larger weights to high-importance samples leads
to better performance. Notably, even without
the loss weighting strategy, our data selection
criterion outperforms the baselines, reaching
full-dataset performance earlier. Figure 7 presents
the performance variation according to the negative
sampling ratio 7. Across all metrics, there is a
significant drop in performance when 7=0, which
corresponds to removing the importance-guided
negative sampling. This result clearly demonstrates
the effectiveness of this strategy. Interestingly, dif-
ferent metrics show different trends as 7 increases.
For Recall@1, performance improves steadily as
the ratio increases from 20% to 100%. However,
for Recall@10 and Recall@50, performance
peaks at a ratio of 20-30% before gradually
declining. This suggests that while a high ratio of
important negatives forces the model to develop
an excellent ability to distinguish the single best
item, it may slightly hinder its ability to gen-
eralize for a broader set of top-N recommendations.

Computational Complexity. Table 3 presents a
detailed comparison of the computational and stor-
age costs. The reported runtimes are measured un-
der a LoRA-based setting, and they scale linearly
with the corresponding computation factors. While

Table 3: Computation and storage costs for impor-
tance score estimation in each data-selection method.
N=ltraining setl, M=lvalidation setl, F'=forward pass
cost, T'=training step cost (e.g., full-parameter, last layer,
or LoRA), and d=gradient dimension. Time is measured
in wall-clock hours under the same settings.

conventional gradient-based methods are computa-
tionally prohibitive for LLMs, GREATS and LESS
leverage PEFT to reduce this overhead. As a re-
sult, their computational costs have become broadly
comparable to those of RHO and CAPT. Specifi-
cally, for gradient-based methods, the cost involves
calculating gradients for each sample in the training
and validation sets O((N + M)T) and then comput-
ing the influence of each training sample on the
validation samples O(MNd). On the other hand,
loss-based methods require training a proxy model
O(MT) and then obtaining losses from both the
proxy and target models, O(2NF). Excluding the
common O(MT) term shared by all methods, the
computational cost of O(NT + M Nd) is compara-
ble to the O(NF) of RHO and Ours. However,
GREATS and LESS require O(Md) for gradient
storage, which loss-based methods avoid.

6 Conclusion

In this work, we introduced the challenge of data-
efficient adaptation for LLM-based CRSs under
contextual shifts. By conceptualizing a data tax-
onomy, we identified the fundamental limitations
of existing data selection methods for shift adap-
tation in the CRS task. To address this, we pro-
posed CAPT, a framework that incorporates a scale-
invariant importance scoring scheme grounded in
the data taxonomy and shift-adaptive training strate-
gies. Experimental results demonstrate that CAPT
surpasses full-data performance using 10-50% of
the training data, reducing the computational bur-
den of periodic model updates. These results sug-
gest that more data is not always better for shift
adaptation. Instead, prioritizing valuable samples
with adaptive weighting to bridge the gap between
prior knowledge and changing trends is effective
in maintaining recommendation relevance.
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Limitations

Focus on Global Preference. Our framework
specifically addresses shifts in global preferences
rather than turn-level preference changes within
a single dialogue session. While modeling fine-
grained changes in a dialogue is a core component
of conversational recommendation, a CRS’s abil-
ity to serve cold-start users or navigate initial dia-
logue turns depends heavily on its alignment with
contemporary global preferences. We treat global
adaptation as a foundational step that stabilizes the
backbone CRS model, ensuring that the system
is better prepared to interpret and incorporate per-
sonalized signals as they accumulate over future
interactions. A natural extension of this work is
to develop a multi-granular adaptation framework
that jointly optimizes both global and turn-level
preference shifts.

Long-tail Items. Our error analysis of CAPT
reveals that a frequent failure case occurs when
the ground-truth item is a long-tail item that is
rarely observed during training. Because such
items receive limited exposure, their representa-
tions are often insufficiently trained, making them
difficult to rank correctly even after the application
of shift-adaptive training. Consequently, achieving
robust performance on long-tail recommendations
remains an open challenge for data-efficient adap-
tation.

Applicability to RAG-augmented LLM-based
CRSs. Recent studies on LLM-based CRSs (Li
et al., 2025; Xi et al., 2024) have explored aug-
menting the model with Retrieval-Augmented Gen-
eration (RAG) to incorporate factual information
and user history. Such RAG-augmented designs
improve the system’s ability to access up-to-date
knowledge and contextual evidence beyond the
model’s parametric knowledge. However, the
LLM’s ability to reason over and rank those re-
trieved items still hinges on its fine-tuned parame-
ters. Therefore, our work focuses on the backbone
LLM, which serves as the fundamental decision-
maker in a CRS. Extending CAPT to jointly ac-
count for the RAG components for retrieval distri-
bution shifts or user memory changes is a promis-
ing future work.

Dependence on Validation Set Quality. Our im-
portance scoring relies on a validation set to esti-
mate proxy loss. If the validation data is noisy or

misaligned with the target environment, the esti-
mated scores may be less reliable. However, this
limitation is not unique to CAPT. Most data selec-
tion techniques and even standard machine learning
pipelines inherently depend on the representative-
ness of the validation data. Moreover, our exper-
iments across multiple benchmarks suggest that
even a small validation set is sufficient for CAPT
to provide meaningful gains.

Ethical Considerations

All authors of this paper acknowledge the ACL
code of ethics. For our experiments, we utilized
publicly available datasets, REDIAL, INSPIRED
and Reddit. The REDIAL and INSPIRED datasets
were constructed through crowdsourcing on Ama-
zon Mechanical Turk, ensuring that all data was
collected anonymously. The Reddit dataset was
crawled from the Reddit community and processed
to exclude any personal information, maintaining
the privacy of individual users. Although we have
not observed any inappropriate or harmful content
in the responses generated during our study, we
inform that our framework leverages pre-trained
LLMs, which may inherently produce biased or
inappropriate responses under certain conditions.
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A Detailed Derivation of RHO
Importance Score

The value of a candidate sample (x, y) can be quan-
tified by how much fine-tuning a model pre-trained
on D; with (z, y) reduces the loss on the validation
set Dy,1. This process is formalized as selecting
the sample that solves the following optimization
problem:

arg min Z

(xvy)EDcand ($,ay/)eDval

(7

However, this calculation is prohibitively expen-
sive, as it requires re-training the model with each
individual sample and re-evaluating the loss on the
validation set repeatedly. Thus, the above objec-
tive can be approximated by using Bayes’ rule and
conditional independence for a more cost-efficient
estimation of the sample. The derivation proceeds
as follows:

logp(y' | z'; Dy U{(z,y)})
p(y | = 2y, Dy) p(y' | 2/, @5 Dy)

- ]Og Bayes rule
p(y | z,2'; Dy) ’
— p(y ‘ :I;, y/7x/7 Dt) p(y/ ’ .'LJ; Dt) conditional
= log
p(y ‘ xz; Dt) independence

o« L(y | z; 0p,) — L(y | z; Op,uD,.,)-

This approximation defines the importance score of
the sample (z, y) as the difference between the two
loss values. L(y | x; 0p,) is the training loss of
the sample (x, y) on the current model pre-trained
on Dy, reflecting how surprising the sample is to
the model. L(y | z; Op,up,,,) is a proxy loss com-
puted using a model that further trained on the vali-
dation set D,,;. This term estimates the sample’s
inherent learnability and helps filter out outliers.

B Pilot Study: Vulnerability of Existing
Data Selections to Familiar Samples
and QOutliers

To empirically illustrate the failure mode of ex-
isting data selections, we construct a controlled
pilot study using the LLM-based CRS (He et al.,
2025) on a Reddit conversational recommendation
dataset (He et al., 2023). We consider two consecu-
tive datasets, Dy and Dy, where Dy represents
the shifted environment. We curate two groups
within Dy q:

—logp(y' | 2y Dy U {(z,9)}).

* Familiar. We sample 300 instances from
Dy that share the same recommended items
with instances in D, while also preserv-
ing similar user intents and conversational
contexts. These samples represent already-
learned and context-consistent patterns that
are less informative for shift adaptation.

QOutlier. From Dy, 1, we construct 300 per-
turbed instances by replacing the originally
relevant recommended item with an intention-
ally irrelevant one that is semantically and
entity-wise disjoint from the original prefer-
ence. For example, a request aligned with U.S.
blockbuster Marvel movies is paired with a
low-budget independent film that critiques so-
cial issues of South Korea, ensuring no over-
lap in production company, director, or cast.
These samples mimic contextual mismatch
that yields high losses but minimal useful
learnability.

C Impact of Temporal Adaptation
Granularity on Training Loss
Distribution

To analyze how the training loss distribution varies
with temporal granularity, we measure the distribu-
tion of the training loss (L) using the LLM-based
CRS (He et al., 2025) on the Reddit dataset (He
et al., 2023). We partitioned the Reddit dataset into
several temporal granularities, specifically using 3,
9, and 25 splits. For each setting, the initial split
was utilized for pre-training. The loss distributions
are then evaluated over the remaining 2, 8, and 24
phases, respectively. Figure 8 presents the resulting
loss distributions using boxplots across the three
temporal split settings. Our observations are as
follows:

* Coarse-grained Adaptation (2 Split). In
scenarios where updates are infrequent, the
model encounters substantial contextual shifts
within a single phase. Consequently, the loss
distribution covers an extensive range, with
the upper whisker extending significantly to
reach 96.8. At the same time, a high density
of low-loss samples (i.e., familiar samples)
is observed, indicating that many items from
the previous context remain valid or relevant
despite the large contextual transition.

* Intermediate Adaptation (8 Split). As the
update frequency increases, the spread of the
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loss distribution becomes narrower compared
to the 2-phase setting, suggesting reduced loss-
scale disparities under more frequent adapta-
tion.

* Fine-grained Adaptation (24 Split). Under
the most frequent update setting, the loss dis-
tribution exhibits the narrowest range. Similar
to the other settings, a high volume of samples
maintains low loss values, further highlighting
the persistent presence of familiar samples.

Implications. Our analysis reveals that large con-
textual transitions, such as those in the 2-phase
setup, induce severe scale volatility in training loss.
In such environments, the absolute magnitude of
the loss value ceases to be a reliable indicator of a
sample’s actual learnability. Meanwhile, The con-
sistent presence of high-density low-loss samples
across all granularities confirms that loss-based ap-
proaches are inherently more suitable than gradient-
based methods for CRS tasks, as they can more effi-
ciently deprioritize these non-informative samples.
The nature of CRS task dictates that while some
optimal recommendations change due to evolving
trends, many others remain effective over time.

D Impact of KL-Divergence
Regularization for Shift Adaptation in
LLM-based CRSs

In the context of continual learning, regularization
techniques are often employed to prevent the model
from deviating excessively from its previous state
(i.e., catastrophic forgetting). To investigate the
necessity of such constraints in our setting, we
experimented with a KL-divergence regularization
term:

Lreg = X KL(po,., (yl) [| po, (ylx)),  (8)

where 6, represents the parameters of the previ-
ous phase, and 6;, 1 is the updated parameters for
shift adaptation. However, our empirical results
indicated that this regularization did not yield per-
formance gains. Instead, adding regularization
terms increases computational complexity and re-
quires additional training iterations. We assumed
that since our proposed method selects high-quality
shift-adaptive samples (D)), the optimization land-
scape is naturally guided toward meaningful up-
dates without requiring explicit constraints. Fur-
thermore, consistent with standard LLM-based
CRS practices, limiting the number of training iter-
ations proved to be a sufficient and more efficient
strategy for maintaining stability.

E Implementation Details

CAPT. To ensure numerical stability (e.g., pre-
venting division-by-zero or numerical explosion) in
Equation 4 of the importance score estimation, we
employ a stability constant § = 10~2. The impor-
tance scores are calculated as Z(, ) = L;/(L,+9).
The overall procedure for the CAPT adaptation
across temporal phases is detailed in Algorithm 1.

CRS Models. The original implementations of
PECRS and RefiCR without modification are used.
For RTA, we adopted the ‘w/ Bias’ variant and
fully trained both the additional aggregator and the
LLM. To ensure a fair comparison, we adhered
to the default hyperparameters such as batch size,
learning rate, and epochs as specified in the original
implementation of each CRS.

Evaluation Settings. Reported results are aver-
aged over 10 runs with random seeds, and the per-
formance gains of CAPT are statistically significant
relative to the strongest baseline, as verified by a
t-test (p < 0.05). Figure 7 provides a sensitivity
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Algorithm 1: The CAPT Framework for
Adapting to Temporal Phase ¢ + 1
Input: Training dataset D;; validation
dataset Dy, at phase ¢4 1; initial
target model 7y pre-trained on Dy;
selection budget k; hard negative
sampling ratio 7; stabilization
constant §
Output: Adapted target model 7y
Step 1: Proxy Model Preparation
Initialize proxy model 7y < mg
Fine-tune 74 on Dy
Step 2: Importance Score Estimation
for each training sample (x,y) € Dy11 do
Compute proxy loss £, (x, y) using 7,
Compute training loss £;(x, y) using 7y
Calculate importance score:

_ _Li(zy)
I(:L‘vy) = gp(tx,yi’l_;_(s

9 Select top-k samples from Dy based on
Z(x,y) to form a subset D,

10 Step 3: Importance-Weighted Tuning

11 Sample hard negatives from
high-importance samples with ratio 7

12 for each mini-batch from D,, do

13 Update 7y using the weighted loss

function: Liprqr = > Z(x,y) - L(x,y)
14 return 7y

e N S U R W N =

analysis of the negative sampling ratio 7 ranges
from 0% to 100%. We reported the experimen-
tal results in Figures 4-6 using a sampling ratio
of 7 = 20%. We conducted experiments on a
NVIDIA RTX A6000 GPU (48GB memory) The
computation time reported in Table 3 is measured
on the RTA model with LoRA using the Reddit
Phase-2 dataset with a batch size of 16. To evaluate
compatibility with PEFT in Figure 6, we applied
LoRA with rank r = 16.

F CRS Datasets Details

For the Reddit dataset, each split consists of train-
ing, validation, and test sets in an 8:1:1 ratio. The
REDIAL (Li et al., 2018) and INSPIRED (Hay-
ati et al., 2020) datasets are both constructed us-
ing the Amazon Mechanical Turk (AMT) platform,
where workers role-played as either users seeking
movie recommendations or recommenders provid-
ing them. REDIAL consists of 182,150 utterances,
while INSPIRED contains 35,811 utterances. Both
datasets were split 8:1:1 into training, validation,

NDCG@10

‘ Recall@10 ‘ MRR@10 ‘

Method >Full Best >Full Best >Full Best
2 Full - 0.2969 - 0.1287 - 0.1476
a GREATS 80% 0.2971 70% 0.1287 70% 0.1479
:’ RHO 100% 0.2969 50% 0.1287 60% 0.1476

Ours 40% 0.3037 40% 0.1339 30% 0.1541
] Full - 0.3003 - 0.1351 - 0.1463
2 GREATS 67.3% 0.3011 59.2% 0.1361 53.9% 0.1465
Z: RHO 69.4% 0.3018 47.6% 0.1358 56.5% 0.1471
o Ours 33.7% 0.3053 39.4% 0.1402 28.3% 0.1510

Table 4: Performance comparison on the Redditpyye;
dataset. Results for 24 Splits are averaged across all
24 sequential adaptation phases. ‘>Full’ indicates the
percentage of data required to match/exceed the perfor-
mance of full dataset. ‘Best’ denotes the best perfor-
mance of each method.

and test sets. In summary, Reddit is used to eval-
uate ‘temporal shifts adaptation’, while REDIAL
and INSPIRED evaluate ‘task-level adaptation’.

G Additional Experimental Results

Evaluation on @50 Metrics. While Figures 4
and 5 exclude the @50 results due to space con-
straints, Figures 9 and 10 respectively report per-
formance on additional evaluation metrics.

Robustness to Temporal Granularity (24-Phase
Adaptation). To evaluate the consistency of
CAPT in more frequent update scenarios, we con-
duct experiments on the Reddit dataset partitioned
into 24 temporal phases. This setup simulates a
real-world environment where the CRS is updated
at a higher frequency (e.g., monthly). Table 4 re-
ports the average performance across all 24 adap-
tation phases. We observe that the performance
gap between CAPT and other methods is narrower
in this 24-phase setting than in the 2-phase experi-
ments. This is because more frequent updates natu-
rally reduce the magnitude of contextual shift per
phase, making the data selection task less challeng-
ing as most samples remain relatively "familiar"
to the model. Nevertheless, CAPT still achieves
the highest accuracy demonstrates its consistent
ability to identify learnable samples regardless of
the update frequency.

Replay Ratio Random GREATS CAPT
0% (Phase 1 only) 0.296 0.296 0.296
10% 0.281 0.287 0.264
20% 0.264 0.258 0.243

Table 5: Recall@10 of the RTA model on Redditps.;
when replaying past data from Redditp,esain-
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Figure 9: Additional evaluation metrics for data selection methods on the Redditp,.; dataset across various CRS
models.

H Replaying Past Data for CRS
Adaptation

As discussed in the ‘Adapting Language Models to
Shifts’ subsection of the Related Work, we further
examine whether replaying past data (i.e., Experi-
ence Replay) benefits temporal adaptation in CRSs,
which is a common technique in continual learning.
Initially, we trained the RTA model on the full com-
bined datasets of Redditperain and Redditppase; and
evaluated its performance on Redditppase;. Con-
trary to the typical success of Experience Replay
in other domains, we observed a significant per-
formance degradation: the Recall@10 score on
Redditpp,se1 dropped from 0.296 to 0.211.

To explore if intelligent selection could mit-
igate this, we merged Redditpp,se; With subsets
of Redditpyerrain Sampled using different strategies
(Random, GREATS, and CAPT) at varying ratios
(10% and 20%). The results are summarized in
Table 5. Across all baselines, replaying past data
consistently led to inferior performance compared
to training on the most recent data alone. We at-
tribute this to the shift in global preferences, where
historical data conflict with current contexts. Con-
sequently, these results support our emphasis on
data pruning of the current phase rather than replay-
ing past phases for efficient CRS adaptation.
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Figure 10: Additional evaluation metrics for the RTA model across different datasets. Results are reported on
Redditp,s» (temporal shift adaptation) and REDIAL / INSPIRED (CRS task adaptation).

22191



