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Abstract

Large Language Models (LLMs) are increasingly integral
to recommendation systems, offering sophisticated language
understanding and generation capabilities. However, their
practical application is often hindered by challenges such
as data sparsity, the generation of unreliable or hallucinated
recommendations, and a general lack of transparency in
their decision-making processes. Existing mitigation strate-
gies frequently introduce significant complexity or com-
putational overhead. To address these limitations, particu-
larly the critical gap in quantifying the confidence of LLM-
generated recommendations, we propose GUIDER: Uncer-
tainty Guided Dynamic Re-ranking for Large Language Mod-
els based Recommender Systems. This new framework in-
novatively leverages the logits produced by LLMs as evi-
dence for recommended items. By employing a Dirichlet dis-
tribution, GUIDER decomposes the total predictive uncer-
tainty into distinct Data Uncertainty (DU), reflecting inher-
ent data ambiguity, and Model Uncertainty (MU), indicat-
ing the model’s own conviction. This principled decompo-
sition, achieved with a single inference pass, enhances trans-
parency and trustworthiness. Based on the quantified DU and
MU levels, our system dynamically adapts its recommen-
dation strategy—adjusting output diversity—through a four-
quadrant analysis that tailors responses to specific uncertainty
profiles. Extensive experiments conducted in zero-shot rec-
ommendation settings validate the effectiveness of our ap-
proach. GUIDER consistently outperforms existing methods
in reliability-aware scenarios, demonstrably improving rec-
ommendation quality. This framework not only advances the
practical deployment of LLM-based recommenders by mak-
ing them more dependable but also provides a robust foun-
dation for future research into uncertainty-aware generative
systems.

Code — https://github.com/Wang- Xujing/GUIDER

Introduction

Recommender Systems (RS) enables users to match and ob-
tain content that meets their needs from massive amounts
of content. By prioritizing items likely to interest users,
RS reduces search effort and enhances discovery. Existing

*Ziyu Guan is the corresponding author.
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I don't know, because this user's preferences
are too random.
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Eon"r know, because I don't know eno%
about this user yet.

Figure 1: A conceptual illustration of the two primary
sources of uncertainty in recommendation that our frame-
work addresses. The scenario above depicts Data Uncer-
tainty (DU), where a user’s diverse and seemingly random
interaction history makes it difficult to predict the next item
with confidence. The scenario below illustrates Model Un-
certainty (MU), where the model lacks sufficient evidence
for a reliable prediction due to a sparse user history. Our
work aims to quantify both types of uncertainty to produce
more self-aware and trustworthy recommendations.

MODEL
UNCERTAINTY

RS methods (Sarwar et al. 2001) often struggle with sev-
eral challenges, such as data sparsity (Guo 2012), cold-start
problem (Lam et al. 2008), and limited personalization depth
(Hu et al. 2017). These challenges have encouraged inter-
est in leveraging Large Language Models (LLMs) for RS
(Acharya, Singh, and Onoe 2023), which has the potential
to improve recommendation quality and user experience sig-
nificantly. A prominent and effective paradigm is to employ
LLM as a sophisticated ranking agent within the recommen-
dation pipeline (Qu et al. 2024; Yu et al. 2024; Zhai et al.
2024). This paradigm can leverage LLMs’ advanced lan-
guage understanding and reasoning capabilities to perform
a fine-grained ordering of a candidate list generated by an
initial retrieval stage.

Despite their promise, LLM-based RS face an impor-
tant challenge, i.e., hallucination (Huang et al. 2025). Ex-
isting strategies such as chain-of-thought (COT) prompting
(Wei et al. 2022) and retrieval-augmented generation (RAG)



(Lewis et al. 2020), aim to enhance reasoning and reduce
hallucinations. However, these methods often introduce ad-
ditional complexity and computational overhead, while their
effectiveness may vary with task complexity.

We posit that the issue of hallucination stems from two
primary sources: the inherent ambiguity and randomness
within the user data itself (e.g., a sparse interaction his-
tory), and the model’s own lack of confidence or knowl-
edge regarding a specific query. We contend that these root
causes can be formally understood through the lens of pre-
dictive uncertainty. This total uncertainty can, in turn, be de-
composed into two distinct components: Data Uncertainty
(DU), which captures the ambiguity inherent to the data, and
Model Uncertainty (MU), which reflects the model’s own
cognitive limitations. To address the hallucination problem
from this perspective, our work proposes a new framework
to empower the model with self-awareness by quantifying
and decomposing these uncertainties, as illustrated in Fig-
ure 1. Our method efficiently leverages the logits produced
by the LLM within a single inference pass, interpreting them
as evidence within a Dirichlet distribution to derive the DU
and MU values. This allows for a dynamic and low-overhead
assessment of recommendation reliability, directly tackling
the complexity issues while enhancing trustworthiness.

* We introduce a new perspective that frames LLM hal-
Iucinations in recommendation as a consequence of two
quantifiable sources: Data Uncertainty from ambiguous
user data, and Model Uncertainty from the model’s inter-
nal knowledge gaps.

We propose GUIDER, an efficient framework that mod-
els logits as evidence to decompose uncertainty into DU
and MU. It then uses a dynamic, four-quadrant strategy
to adapt the recommendation ranking, all within a single
inference pass.

Extensive experiments validate that GUIDER signif-
icantly outperforms strong baselines, confirming that
our uncertainty-aware framework provides a meaningful
foundation for building more trustworthy recommenda-
tion systems.

Related Work
Uncertainty in Recommendation Systems

Prior work in RS has addressed uncertainty by model-
ing user preference variability (Fan et al. 2021; Price and
Messinger 2005; Wang et al. 2023; Xiong et al. 2024)
or by calibrating output scores for tasks like exploration-
exploitation trade-offs (Guo et al. 2017; Kweon et al. 2024;
Kweon, Kang, and Yu 2022; Kweon and Yu 2024; Silva
et al. 2023). However, these traditional methods are often
designed for simple binary classification tasks, such as click-
through rate prediction, and are not directly applicable to
the complex, list-wise ranking scenarios handled by modern
LLMs.

Uncertainty in Large Language Models

Uncertainty quantification in LLMs has primarily fol-
lowed four methodological paths: likelihood-based meth-
ods that analyze token probabilities (Vazhentsev et al. 2023);
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prompting techniques that elicit confidence scores from
the model (Kadavath et al. 2022; Xiong et al. 2023); sam-
pling approaches that measure consistency across multiple
outputs (Farquhar et al. 2024); and training-based meth-
ods that modify the model architecture itself, for exam-
ple through Bayesian neural networks (Mielke et al. 2022).
However, applying these general NLP methods to recom-
mendation is challenging. The combinatorial nature of rank-
ing makes likelihood estimation infeasible, verbalized confi-
dence often proves unreliable for recommendation accuracy,
and sampling-based approaches incur prohibitive computa-
tional costs.

A notable limitation of probability-based methods is the
loss of evidence strength from raw logits during normal-
ization, a flaw recently highlighted by (Ma et al. 2025a,b).
This issue persists in recent works like (Kweon et al.
2025), which quantifies uncertainty using an entropy-based
Plackett-Luce model; this approach still risks losing logit-
level evidence and also requires multiple costly inferences.
In contrast, our GUIDER framework directly models log-
its as evidence to decompose uncertainty (DU/MU) and en-
ables a dynamic, single-pass adaptive strategy, making our
approach both more direct in its quantification and more ef-
ficient in its application.

Preliminary

Problem Formulation Let / and 7 represent the sets of
all users and items, respectively. For each user u € U, their
interaction history is a chronologically ordered sequence
Hu = [fu,15 %02 - - - 50|31, )] Bach item ¢ € T is described
by a textual representation ¢;, such as its title and genres.
The objective is to learn a function that, given a user’s his-
tory H,,, can accurately rank a set of candidate items C,, ac-
cording to the user’s preferences.

Candidate Set Construction To evaluate our model in a
realistic re-ranking scenario, we construct a candidate set C,,
for each user w in the test set. For each user, we first iden-
tify their ground-truth next item, %4, from their held-out in-
teraction data. We then perform negative sampling by se-
lecting M — 1 items uniformly at random from the large
set of items the user has never interacted with. The final
candidate set is thus formed by the union C,, = {ig} U
{inegrs -+ »inega 1 y- To mitigate any potential positional
bias that might be present in LLMs, the order of items in
this set is randomly shuffled before being incorporated into
the prompt.

Prompt and Output Formulation Our interaction with
the LLM is framed as an efficient list-wise ranking task. For
each user u, a prompt P, is constructed, containing their
recent interaction history (e.g., the last 10 items) and the
full, shuffled candidate set C,,. Each item is represented by
its title and genres to provide rich semantic context. Within
the prompt, every candidate item is assigned a unique nu-
merical index from 1 to M. The LLM is then instructed to
identify the single most relevant item and respond with its
corresponding index number.

Instead of parsing the generated text, we derive the full
ranking from a single model inference. After the LLM
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Figure 2: An overview of our proposed GUIDER framework for dynamic, uncertainty-aware recommendation. The process
begins by constructing a prompt containing the user’s history (H,) and a set of candidate items (C',). A single LLM inference
then yields the initial logits for all candidates. These logits are used to compute Data Uncertainty (DU) and Model Uncertainty
(MU), which categorize the recommendation into one of four quadrants. Each quadrant triggers a distinct strategy to produce
the final scores: (I) blending with popularity for high ambiguity , (Il) applying an exploration strategy (e.g., shuffling) for model
uncertainty , (III) using the original logits directly in high-confidence scenarios , and (IV) employing MMR for diversity when
the model is overconfident. The final ranked list (7,,) is then generated from the scores produced by the selected strategy.

processes the prompt, we extract the logits produced for
the next-token prediction. Specifically, we retrieve the logit
values for the tokens corresponding to our candidate in-
dices (“17, “27, ..., “M™). This yields a score vector z
[21, 22, . - ., 2], Where zg, is the logit for the k-th candidate.
The final ranked list 7, is obtained by sorting these scores in
descending order. This efficient, one-shot process provides
the basis for both our final ranking and our uncertainty anal-
ysis.

Methodology

This section details our proposed framework, GUIDER. We
first outline the end-to-end pipeline, illustrating how we de-
rive a full ranking and uncertainty scores from a single
model inference. Subsequently, we delve into the core of our
contribution: a new method for quantifying and decompos-
ing the predictive uncertainty of LLM-generated recommen-
dations into Data Uncertainty (DU) and Model Uncertainty
(MU). Finally, we describe the dynamic, four-quadrant strat-
egy that leverages these uncertainty metrics to adapt its rank-
ing policy, aiming to enhance recommendation quality and
trustworthiness.
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Uncertainty Quantification and Decomposition

Despite the promise of Large Language Models (LLMs) in
leveraging their advanced language understanding for more
nuanced recommendations, their application in real-world
systems is frequently hampered by issues of reliability. As
highlighted in the introduction, challenges such as data spar-
sity and a tendency for model hallucination—where LLMs
generate outputs not grounded in the provided context—can
lead to untrustworthy or irrelevant suggestions. This lack
of transparency and dependability is a significant barrier to
their deployment. To address this critical gap, we introduce
a framework to quantify and interpret this unreliability. In-
stead of merely accepting the generated output, our method
probes the model’s internal confidence by decomposing the
total predictive uncertainty into its constituent components.

From Logits to Evidence: The Dirichlet Distribution
Framework In the paradigm of Evidential Deep Learn-
ing (Sensoy, Kaplan, and Kandemir 2018; Xu et al. 2024),
the outputs of a neural network (in our case, the LLM’s log-
its corresponding to the candidate items) are utilized to pa-
rameterize a higher-order probability distribution. Our ap-
proach is inspired by (Ma et al. 2025a), which similarly



demonstrates the effectiveness of using logits to decouple
uncertainty. Specifically, we employ a Dirichlet distribution,
which is a distribution over the parameters of a categorical
(or multinomial) distribution.

Let z; be the logit value generated by the LLM for the
k-th candidate item out of K items in C,. We interpret
these logits as raw evidence ey, for each item. Following es-
tablished practices in EDL (Sensoy, Kaplan, and Kandemir
2018), the concentration parameters «y, of a Dirichlet distri-
bution Dir(p|ay, . . ., ak ) are derived from this evidence. A
common way to model this relationship is:

ey

where activation(zy) is a non-negative function of the
logit z;, and cis a constant, often 1, to ensure o, > 0. o, ap-
pears to directly represent the evidence (logit value, possibly
after ensuring positivity) for the k-th item.

The Dirichlet distribution is defined over the probability
simplex, where p = (p1, .. ., px ) are the probabilities of se-
lecting each of the K items, such that > py, = 1 and p;, > 0.
The total strength of evidence, or the precision of the Dirich-
let distribution, is given by g = Zle ag. A larger oy sig-
nifies a more concentrated (sharper) Dirichlet distribution,
which in turn implies a more certain or confident prediction.

The probability density function (PDF) of the Dirichlet
distribution is:

oy, = activation(zg) + ¢,

')
Ty Do) ooy

where I'(+) is the gamma function. The expected probability
for the k-th item under this Dirichlet distribution is:
Qg

E[p]:a—o.

akfl

Dir(p|a) = A

@)

3

Types and Formulations of Uncertainty We decompose
the total predictive uncertainty into two fundamental types:
Data Uncertainty (DU)) : Data uncertainty reflects the in-
herent randomness, noise, or ambiguity present in the un-
derlying data generating process. In the context of recom-
mendations, this could arise from intrinsically unpredictable
user preferences, conflicting interaction signals, or items that
are inherently difficult to distinguish based on available in-
formation. This type of uncertainty is generally considered
irreducible through model improvements alone if it is a true
property of the data. Data Uncertainty is:

K

DU=->"

k=1

2 (g + 1) — (ag + 1)),

%))

“

where «, is the evidence for the k-th candidate item, ag =
Zk],(zl ay, and ¥ (-) denotes the digamma function, which is
the logarithmic derivative of the gamma function ¥ (z) =
L log'(z).

Mathematical Justification for DU: This formulation
for DU is related to the expected entropy or variance mea-
sures associated with the Dirichlet distribution. The term ‘;—g
is the expected probability E[py]. The digamma function
1(+) appears in expressions for the differential entropy of
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the Dirichlet distribution and its moments. For instance, the
variance of py under Dir(c) is Var(py) % High
DU, as captured by the formula, generally arises when the
evidence is spread among multiple candidates (high oy, for
several k) or when there is conflicting evidence, leading to
a Dirichlet distribution that is not sharply peaked around a
single outcome. The specific form suggests it quantifies the
spread or dispersion of beliefs attributable to the data’s char-
acteristics. This formula is consistent with advanced mea-
sures of uncertainty in evidential frameworks that consider
the shape and spread of the evidence distribution.

Model Uncertainty (MU): Model uncertainty, on the
other hand, captures the model’s own lack of knowledge
or confidence. This can stem from insufficient training data
for certain types of inputs, limitations in the model’s ar-
chitecture or capacity to learn the underlying patterns, or
encountering out-of-distribution samples. In principle, epis-
temic uncertainty can be reduced by exposing the model to
more diverse and representative data or by improving the
model itself. The Model Uncertainty is:

K

Zkl’(zl (o +1)
where K is the number of top candidate items being con-
sidered, and o, represents the evidence (logit value) for the
k-th item.

Mathematical Justification for MU: This formulation of
MU is directly analogous to the concept of vacuity or overall
uncertainty mass (u) in Subjective Logic and some Eviden-
tial Deep Learning formulations. If we consider the Dirichlet
parameters to be aﬁg = ay + 1 (where «y is the raw evidence

er), then the total strength becomes oy = 31 (op +1) =

MU = 5)

(Zszl ay) + K. In this context, the uncertainty mass is
often defined as u = K/«f. Model Uncertainty is high
when the total evidence accumulated by the model, > «y,
is low. A low sum of evidence indicates that the model has
not found strong support for any particular outcome, lead-
ing to a “flatter” or less concentrated Dirichlet distribution.
This signifies a lack of conviction or knowledge on the part
of the model. The formula MU = K/((>_ ax) + K) cap-
tures this inverse relationship: as the total evidence » | oy in-
creases, MU decreases, reflecting increased model certainty.
This principled decomposition into DU and MU allows for
a more nuanced understanding of the sources of unreliabil-
ity in LLM-generated recommendations, which is critical for
the dynamic adaptation strategy described next.

Dynamic Strategy via Four-Quadrant Uncertainty
Analysis

Leveraging our uncertainty decomposition framework, we
propose a dynamic recommendation strategy that adapts in
real-time. The core principle of our strategy is to refine,
not replace, the LLM’s initial ranking. We treat the original
logit scores as a strong signal and use the uncertainty quad-
rant to apply a tailored modification. Each recommendation
scenario is categorized into one of four quadrants based on
its DU and MU values, and a corresponding, principled ap-
proach is applied.



Quadrant I: High DU, High MU (High Ambiguity) This
quadrant represents the most challenging scenario where the
user’s preferences are ambiguous (high DU) and the model
is unconfident (high MU), making the raw logits highly un-
reliable. A classic example is a cold-start user with a sparse
and thematically diverse history (e.g., a comedy, a documen-
tary, and an action movie). In this high-risk scenario, the
primary goal is to ensure robustness and provide a “safety
net” recommendation. We achieve this through a popular-
ity blending strategy, fusing the LLM’s weak signal with
the strong prior of global item popularity to compute a fi-
nal score s} :

(6)

where pop,, is the item’s popularity score and A, is a
blending factor that shifts trust towards the “wisdom of the
crowds” when the personalized signal is lost.

s;c = (1 — )\pop) . norm(zk) + )\pop . norm(popk:)’

Quadrant II: Low DU, High MU (Model Uncertainty)
This quadrant indicates that the user’s preferences are con-
sistent (low DU), but the model is unconfident (high MU),
suggesting its high-level ranking is plausible but the fine-
grained order is suboptimal. For instance, a user may have
a clear interest in a niche genre that the model is unfamiliar
with. The objective is therefore controlled exploration to dis-
cover a better local ranking within the high-potential candi-
date space identified by the model. We implement this with
a hybrid exploration strategy, where the top Kcypioit items
are chosen deterministically, and the rest are sampled from
a shuffled pool of the next-best candidates:

(Shuffle(Pezpiore)) @)
where Peypiore 18 a pool of the next M candidates. This in-
troduces controlled randomness to correct for the model’s
uncertainty about the precise local ordering.

Semplore = TOPKk

explore

Quadrant II1: Low DU, Low MU (High-Confidence) As
the ideal scenario, this quadrant indicates clear user pref-
erences (low DU) and a confident model (low MU), mak-
ing the recommendation low-risk and reliable. For exam-
ple, a user consistently watching a series where the next
installment is in the candidate list. In this case, the goal is
to maximize precision by fully trusting the model’s well-
grounded judgment. Therefore, we apply direct confidence-
based ranking, generating the final list by sorting the original
logits z without modification.

Quadrant IV: High DU, Low MU (Model Overconfi-
dence) This quadrant signifies a risk of overconfidence,
where the model is highly confident (low MU) despite am-
biguous user preferences (high DU), potentially leading to
a filter bubble. For example, the model might focus on
only one of a user’s multiple interests (e.g., action movies)
while ignoring others (e.g., romantic comedies). To counter-
act this, our goal is to enhance diversity and ensure multi-
ple facets of the user’s preferences are represented. This is
achieved using a diversity-aware re-ranking strategy based
on Maximal Marginal Relevance (MMR), which iteratively
selects items to balance relevance (logit score z;) and dis-
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similarity from already selected items S:

®)

arg max

Jnax, Az — (1 —X) - maxsim(c;, ¢;) |,

cj €S

where sim(c;, ¢;) is derived from the Jaccard similarity be-
tween the genres of items ¢; and c¢; and X balances the trade-
off between relevance and diversity.

Experiments

This section details the experimental evaluation of our
proposed uncertainty-aware LLM-based recommendation
framework, focusing on the zero-shot setting. Our exper-
iments are designed to answer the following key research
questions:

RQ1: How effectively do our proposed DU and MU met-
rics capture intuitive notions of uncertainty, such as the in-
herent ambiguity associated with users who have sparse in-
teraction data?

RQ2: Does our proposed dynamic recommendation strat-
egy, which adapts based on the four uncertainty quadrants,
improve zero-shot recommendation performance compared
to baseline approaches?

RQ3: How do various factors, such as user history length
and candidate set size, influence the decomposed DU and
MU values and the overall system performance in a zero-
shot context?

We begin by describing the experimental setup, followed
by detailed results and analyses corresponding to each re-
search question, and conclude with overall performance, an
ablation study, and complexity analysis.

Experimental Setup

Datasets We conduct experiments on three widely-used
public datasets for sequential recommendation: MovieLens
10M (ML-10M) (Harper and Konstan 2015), Amazon Gro-
cery and Gourmet Food (Amazon-Grocery)(Ni, Li, and
McAuley 2019), and Steam(Kang and McAuley 2018).
These datasets contain rich textual information suitable for
LLM-based approaches. The statistics of these datasets are
summarized in

Dataset Interactions Users Items
ML-10M 10,000,054 71,567 10,681
Amazon-Grocery 5,074,160 2,695,974 287,209
Steam 7,793,069 2,567,538 15,474

Table 1: Dataset Statistics

Base Large Language Models We utilize three power-
ful, publicly available instruction-tuned LLMs as the back-
bone for our recommendation model in a zero-shot rank-
ing setting: Llama3 (Grattafiori et al. 2024), Qwen2.5 (Yang
et al. 2024), and Mistral (Jiang et al. 2023). These models
are used directly with their pre-trained weights without any
task-specific fine-tuning to strictly evaluate their zero-shot
capabilities.
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Figure 3: Split-violin plots validating DU and MU. (Left)
Data Uncertainty (DU) is significantly higher for “Prefer-
ence Generalists” (diverse history) than for “Niche Special-
ists” (consistent history). (Right) Model Uncertainty (MU)
is significantly higher for “Niche Users” (preferring unpop-
ular items) than for “Mainstream Users” (preferring popular
items).

Implementation Details For our zero-shot experiments,
prompts P, are constructed for each user u, including a sys-
tem message, user historical interactions H,, (Up to Ly,q0 =
20), and a candidate item set C,, (IN. = 100) with textual
features, and a ranking instruction. Candidate items for each
user consist of the ground-truth test item and N, — 1 ran-
domly sampled negative items. Evidence oy, for each can-
didate item k is derived from LLM logits zj using oy
softplus(z) + 1 for uncertainty calculation. Thresholds for
High/Low DU and MU for the four-quadrant analysis are
based on average values from the validation set. Recom-
mendation quality is measured by NDCG@K (Jérvelin and
Kekéldinen 2002) and Recall@K (K=10, 20). All experi-
ments are conducted using PyTorch on a single NVIDIA
A100-80G GPU.

Compared Methods We evaluate our proposed method,
GUIDER, against a comprehensive suite of baselines. These
include traditional sequential recommenders like SASRec
(Kang and McAuley 2018) and BERT4Rec (Sun et al. 2019),
along with several recent LLM-based approaches such as
PepRec (Yu et al. 2024), HSTU (Zhai et al. 2024), and
RankGPT (Sun et al. 2023). Our primary comparison is
against LLM4Rerank (Gao et al. 2025), which represents the
current state-of-the-art (SOTA) for this task. Additionally, to
perform a direct ablation study, we use the Standard LLM as
a crucial internal baseline, which is our base LLM without
the proposed dynamic uncertainty framework.

Effectiveness of Uncertainty Quantification (RQ1)

To answer RQ1, we validate our uncertainty metrics against
intuitive user characteristics. First, we hypothesize that DU
reflects preference ambiguity. We segment users by their
preference consistency using the Gini impurity of gen-
res in their history H,, calculated as Gini(H,) = 1 —
> geG(pg)Q, where p, is the proportion of genre g. As
shown in the left panel of Figure 3, “Preference Generalists”
exhibit significantly higher DU than “Niche Specialists”,
confirming DU quantifies preference diversity. Second, we
hypothesize MU reflects the model’s knowledge gap regard-
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ing niche items. We segment users by their average item
popularity score, AvgPop(H,) = \Hilul Yicn, Pop(i),
where Pop(i) is the global item popularity. The right panel
of Figure 3 illustrates that “Niche Users” show significantly
higher MU than “Mainstream Users”. This validates that our
metrics are strongly correlated with observable user patterns
(preference consistency and item popularity), establishing a
meaningful foundation for our framework.

Performance of Dynamic Recommendation
Strategy (RQ?2)

To answer RQ2, we evaluate our proposed GUIDER frame-
work against various baselines, with full results in Table 2.
Our best variant, Ours(Qwen2.5), achieves state-of-the-art
results on the majority of metrics. It significantly outper-
forms the Standard LLM baseline, highlighting the value
of our dynamic uncertainty-aware strategy. Compared to the
strong SOTA method LLM4Rerank, our model also shows
superior performance overall, although LLM4Rerank re-
mains competitive on select metrics on the Amazon-Grocery
dataset. Finally, our framework proves robust across dif-
ferent backbones, with a consistent performance ranking
of Ours(Qwen2.5) >Ours(Llama3) >Ours(Mistral), demon-
strating the generalizability of our approach.
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Figure 4: Impact of User History Length (L, 4.) on the Gro-
cery dataset. (a) shows the effect on diversity (DU) and sim-
ilarity (MU). (b) shows the effect on recommendation per-
formance (NDCG@10).
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Figure 5: Impact of Candidate Set Size (V) on the Grocery
dataset. (a) shows the effect on diversity (DU) and similarity
(MU). (b) shows the effect on recommendation performance
(NDCG@10).



ML-10M | Amazon-Grocery I Steam
Model N@10 R@10 N@20 R@20 H N@l10 R@l10 N@20 R@20 H N@10 R@10 N@20 R@20
SASRec 0.3487 0.4683 0.3759 0.5412 || 0.3208 0.4308 0.3458 0.4980 || 0.3801 0.5012 0.4097 0.5845
BERT4Rec 0.3172 0.4623 0.3426 0.5316 || 0.2918 0.4253 0.3152 0.4892 || 0.3458 0.4993 0.3734 0.5741
PepRec 0.4112 0.5584 0.4441 0.6477 || 0.3783 0.5137 0.4086 0.5959 || 0.4482 0.5975 0.4831 0.6931
HSTU 0.4106 0.4935 0.4434 0.5725 || 0.3778 0.4540 0.4079 0.5267 || 0.4476 0.5327 0.4827 0.6156
Standard LLM 0.3631 0.5031 0.3921 0.5836 || 0.3341 0.4628 0.3608 0.5369 || 0.3958 0.5413 0.4274 0.6299
RankGPT 0.4115 0.5586 0.4444 0.6479 || 0.3786 0.5139 0.4088 0.5961 || 0.4486 0.5977 0.4833 0.6934
LLM4Rerank 0.5941 0.6364 0.6416 0.7389 || 0.5466 0.6048 0.5904 0.7329 || 0.6476 0.6842 0.6994 0.7944
Ours(Mistral-7B) 0.5912 0.6815 0.6384 0.7837 || 0.5424 0.6252 0.5855 0.7190 || 0.6437 0.7288 0.6951 0.8381
Ours(Llama3-8B) 0.6088 0.6958 0.6575 0.8002 || 0.5585 0.6391 0.5891 0.7243 || 0.6639 0.7481 0.7168 0.8599
Ours(Qwen2.5-7B) 0.6199 0.7086 0.6693 0.8149 || 0.5687 0.6510 0.5899 0.7372 || 0.6751 0.7616 0.7289 0.8752

Table 2: Main performance comparison on NDCG@K and Recall@K (K=10, 20). The best result for each metric is in bold,
and the second-best is underlined. Our proposed GUIDER consistently outperforms all baselines.

Method Variant NDCG@20 Recall@20
GUIDER 0.5899 0.7486
w/o DU 0.4729 0.6135
w/o MU 0.4932 0.6218
w/o Dynamic Strategy 0.3608 0.5369

Table 3: Ablation study of our GUIDER framework. Per-
formance is measured by NDCG@20 and Recall@20. The
results confirm that each component—the dynamic strat-
egy and the decomposition into DU and MU—is crucial for
optimal performance. Note that ‘w/o Dynamic Strategy* is
equivalent to the ‘Standard LLM* baseline.

Impact of Prompting Factors on Uncertainty

RQ3)

To answer RQ3, we analyze the impact of prompt factors.
As shown in Figure 4, increasing history length (Lj,qz)
decreases both DU and MU while improving NDCG@ 10.
This interaction highlights the complex trade-offs inherent
in designing effective prompts for LLM-based rankers. Con-
versely, as shown in Figure 5, increasing the candidate set
size (IN.) makes the ranking task more difficult, which is re-
flected by an increase in both DU and MU and a correspond-
ing drop in NDCG @ 10. These results show our uncertainty
metrics are sensitive to task configuration and difficulty.

Ablation Study

We conducted an ablation study to validate each component
of our framework, with results in Table 3. The most sig-
nificant performance drop occurs when removing the entire
dynamic strategy (w/o Dynamic Strategy), confirming the
substantial benefit of our adaptive approach over the static
Standard LLM baseline. Furthermore, removing either the
Data Uncertainty signal (w/o DU) or the Model Uncertainty
signal (w/o MU) also significantly degrades performance,
demonstrating that both uncertainty components are crucial
for the strategy’s effectiveness.
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Method Time Per Sample
SASRec “8ms
Standard LLM "530.9ms
LLM4Rerank ~12339ms
GUIDER “147.3ms

Table 4: Complexity comparison of different methods. Our
method maintains single-pass efficiency with minimal over-
head.

Complexity Analysis

As a zero-shot framework, GUIDER involves no LLM fine-
tuning, eliminating training costs beyond a single, efficient
offline pass on a validation set to determine uncertainty
thresholds. The framework’s primary advantage lies in its
inference efficiency. By requiring the LLM to predict only a
single token and deriving the full ranking from the resulting
logits, we avoid costly autoregressive generation. As shown
in Table 4, this makes our GUIDER ("147.3ms) significantly
faster than both the Standard LLM (7530.9ms) and the SOTA
method LLM4Rerank ("12339ms), providing a practical and
scalable solution.

Conclusion

We introduce GUIDER, a new framework addressing un-
reliability in LLM-based recommenders. Its core innovation
is leveraging logits as evidence to decompose predictive un-
certainty into Data Uncertainty (DU) and Model Uncer-
tainty (MU) in a single inference pass. Based on a four-
quadrant analysis of these metrics, our framework dynami-
cally adapts its strategy, delivering precise recommendations
in low-uncertainty scenarios while strategically increasing
diversity or using fallbacks when uncertainty is high. Exten-
sive zero-shot experiments demonstrate that GUIDER sig-
nificantly improves recommendation quality and its uncer-
tainty metrics effectively signal reliability. Our work offers
a robust foundation for developing more dependable and in-
terpretable uncertainty-aware generative systems.
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