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Abstract

Sorting is a fundamental problem in various
ranking tasks. While large language models
(LLMs) can sort multiple items by leveraging
their ability to handle long contexts, their be-
havior becomes inefficient or unstable as the
number of items increases, often producing in-
consistent outputs. To address this issue, we
propose Self-Sorting (SS) prompting. SS first
generates multiple orders of items (within-list),
and then generates multiple orders across these
item lists (cross-list). By aggregating the rank
of each item within the item lists and the rank
of each list within the order lists, SS assigns a
score to each item, enabling stable and consis-
tent sorting. Experiments on five benchmark
datasets for ranking tasks demonstrate the ef-
fectiveness of SS.

1 Introduction

Ranking is a fundamental component in a wide
range of AI applications, including recommen-
dation, search, passage retrieval, and knowledge
graph completion. In recommendation, ranking
methods order candidate items to improve person-
alization and user engagement (Li et al., 2021; Bi
et al., 2022; Wang et al., 2024b; Lyu et al., 2024;
Cao et al., 2024). In search and passage retrieval,
models rank documents or passages by relevance,
which has long been a focus of the IR commu-
nity (Min et al., 2021; Ren et al., 2021; Drozdov
et al., 2023; Sun et al., 2023). Knowledge graph
completion is similarly cast as a ranking task, in
which entities are ordered by their likelihood to
complete missing relations (Lovelace et al., 2021;
Lovelace and Rosé, 2022; Wang et al., 2023b). Be-
cause these settings often require joint processing
of many candidates, ranking naturally entails long-
context reasoning.

∗ corresponding author
† Equal Contribution

While traditional approaches rely on supervised
objectives with carefully designed pointwise or
pairwise losses (Burges et al., 2005, 2006; Cao
et al., 2006; Liu et al., 2008; Rendle et al., 2012),
recent progress in LLMs has introduced a new
paradigm that treats ranking as a zero-shot reason-
ing problem (Sun et al., 2023; Zhuang et al., 2024b;
Liu et al., 2025). By leveraging long-context ca-
pabilities, LLMs can directly process a set of can-
didates and produce a re-ranked list without task-
specific supervision. Previous work has considered
pointwise (Sachan et al., 2023), pairwise (Qin et al.,
2024), and listwise methods (Adeyemi et al., 2024;
Zhuang et al., 2024c) such as overlapping sliding
windows (Sun et al., 2023), which are computa-
tionally heavy (Zhuang et al., 2024a). Recent work
shows that listwise prompting with the full can-
didate set can reduce overhead while maintaining
quality (Liu et al., 2025). Nonetheless, rankings
remain unstable in long contexts.

Meanwhile, test-time scaling methods such as
chain-of-thought (CoT) have achieved significant
gains across domains (Wei et al., 2022; Yao et al.,
2023; Trivedi et al., 2023; Diao et al., 2024). Nev-
ertheless, large language models (LLMs) still strug-
gle in long-context settings (Wang et al., 2023a;
Chen et al., 2023; Wang et al., 2024a; Liu et al.,
2024). Selection-based approaches, such as self-
consistency (SC) and universal self-consistency
(USC), aim to mitigate this by sampling multiple
responses and selecting a final answer based on
the model’s own signals (Wang et al., 2023a; Chen
et al., 2023).

However, LLMs remain inconsistent in long-
context scenarios such as ranking tasks even with
selection-based methods (Chen et al., 2023). We
show that sampling alone does not stabilize rank-
ings because consistency decomposes into within-
list order and cross-list preference. A single
stochastic process cannot align both. To address
this issue, we propose Self-Sorting (SS), which in-

4901



[2687, 2355, 1, 48, 783, 588, 595, 1907, 2572, 252]

[2687, 2355, 1, 595, 588, 1907, 2572, 48, 2035, 252]

[2687, 2294, 588, 595, 1907, 2572, 48, 783, 1302, 3103]

[2355, 48, 2687, 588, 595, 1907, 2572, 2051, 3097, 508]

[2, 3, 1, 4]

[2, 1, 3, 4,]

[1, 2, 3, 4]

[2, 1, 3, 4]Generate top-10 movie

recommendations...

Candidates:


candidate

candidate


.

.

.

Entity List

Generator

Entity List

Ranker

SS

Scorer Sorting

Implicit Entity 
Ranking

Rank List

Entity

2687

588

48

595

1907

...

Score

24.36

22.60

22.54

22.44

22.12

...

1.
2.

4.
3.

[2687, 588, 48, 595, 1907, 2572, 2355, 1, 783, 252]

Final Recommendation

USCoverlap

USCllm

Explicit Entity 
Ranking

Entity List

n 

m
k

Figure 1: Overview of the SS pipeline compared with USC variants. Given a query, an LLM generates candidate
entity lists. USC variants select one list. SS performs selection-time re-ranking and aggregates within-list positions
(explicit) and cross-list preferences (implicit) to score entities and return the top-k set.

tegrates explicit within-list order and implicit cross-
list preferences to produce a top-k set of entities.
SS performs m generations and n selection-time
re-rankings.

We conduct experiments on five standard bench-
marks for ranking-oriented tasks: MovieLens-1M,
WN18RR, FB15K-237, TREC-DL19, and Novel-
Eval. Experimental results and our in-depth analy-
sis show that SS consistently yields significant im-
provements over sampling-based methods across
all datasets. The code will be available at https:
//github.com/JuseonDo/Self-Sorting.

2 Preliminary

In this section, we introduce selection-based ap-
proaches, in particular, self-consistency (SC) and
universal self-consistency (USC).

SC enhances performance by sampling multi-
ple reasoning paths and aggregating their outputs
through majority voting (Wang et al., 2023a). How-
ever, SC is applicable only when exact string match-
ing is feasible. USC extends SC to settings where
exact string matching is infeasible, such as entity-
list outputs (Chen et al., 2023).

Because vanilla USC is not directly applicable
to the order-sensitive nature of list-ranking, we pro-
pose extending USC into two baselines. Given
m candidate lists, our selector performs list-level
selection to choose a single output using one of
two criteria: (1) USCoverlap, which selects the list
whose entities have the greatest overlap with the
others, and (2) USCllm, which uses an LLM judge
to assess semantic consistency when overlap is in-
sufficient. However, both criteria operate at the
list level and typically do not model fine-grained
structure such as within-list order or cross-list in-

teractions. These limitations matter in long-context
ranking, where relative ordering across multiple
candidate lists is critical.

Algorithm 1 Self-Sorting
Require: the length of entity list: k, generated entity list sets:
L = [ℓ1, . . . , ℓm], # of rankings: n, weight: λ ∈ [0, 1]

Ensure: selected entities: selected
1: function SS(L, n, λ)
2: R← [ ]
3: for i← 1 to n do
4: # R(i) = [ℓi1 , . . . , ℓim ], from best to worst
5: R(i) ← LLMranker(L)
6: R.add(R(i))
7: end for
8: S ← Dictionary(default = 0) # entity→ score
9: for i← 1 to n do

10: for r ← 1 to m do
11: for p← 1 to k do
12: e← R(i)[r][p]

13: S[e]← S[e] +

(
1

r

)λ

·
(
1

p

)1−λ

14: end for
15: end for
16: end for
17: selected = argmaxk S
18: return selected
19: end function

3 Self-Sorting (SS)

To address these limitations, we additionally pro-
pose self-sorting (SS). SS combines within-list po-
sitional evidence with cross-list preferences ob-
tained via selection-time re-ranking, yielding a top-
k set. Figure 1 shows the pipeline.
Problem Setup. Given a query q and a set of can-
didates, an LLM first generates m entity lists L =
{ℓ1, . . . , ℓm}, where each ℓj = [ej,1, . . . , ej,|ℓj |]
is an ordered list. A listwise LLM ranker is
then invoked n times to produce selection-time re-
rankings over the m lists. Let R(i) = [ℓi1 , . . . , ℓim ]
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Method nDCG@1 nDCG@5 nDCG@10

Random 46.51 47.39 42.05
USCoverlap 62.02 56.83 51.33

USCllm 56.98 53.85 48.50
USCllm w/ sampling 58.91 54.38 49.49

SS 62.02 57.96† 55.24*

Table 1: Performance of GPT-4o on TREC in a long-
context setting with 1,000 candidates. The best results
among each part are marked in bold respectively. *
and † denote statistically significant (*: p<0.01, †:
p<0.05) improvements, compared to the underlined
scores (typically the best baseline) on each dataset. We
used paired bootstrap resampling with 100,000 random
samples (Koehn, 2004) for the significance test.

denote the i-th re-ranking; the list at rank r is
R(i)[r], and the entity at position p in that list is
R(i)[r][p]. Algorithm 1 describes the SS procedure,
which aggregates explicit and implicit signals to
score entities.
Explicit Signals (within-list order). Earlier posi-
tions in ℓj indicate greater salience among entities
in that list. We treat the position p as an explicit
cue and down-weight later positions.
Implicit Signals (cross-list preferences). Across
lists, higher ranks under selection-time re-rankings
indicate stronger global preference. We treat the list
rank r in R(i) as an implicit cue and down-weight
lower-ranked lists.
Scoring and Aggregation. We combine explicit
and implicit signals to score entities and return a
top-k set. For each occurrence of e = R(i)[r][p],
the entity at position p in the list ranked r in R(i),
we update its score as specified on line 13 of Algo-
rithm 1. The parameter λ ∈ [0, 1] balances implicit
and explicit contributions. Intuitively, entities ear-
lier within a list (small p) receive higher explicit
weight, and entities appearing in lists consistently
ranked higher across multiple re-rankings (small r)
receive stronger implicit support. Finally, we sort
entities by their aggregated scores S and output the
top-k. Setting λ = 0 yields a purely explicit variant,
while λ = 1 relies solely on implicit preferences.

4 Experiments

4.1 Experimental Settings

Dataset and Metrics. We evaluated our method on
five benchmark datasets for ranking-oriented tasks:
MovieLens-1M (ML) (Harper and Konstan, 2015)
is a recommendation dataset with 1,000,209 rat-
ings from 6,040 users on 3,883 movies. WN18RR

(WN) (Dettmers et al., 2017) targets knowledge
graph completion, which contains 93,003 triples
over 40,943 entities and 11 relations. FB15K-
237 (FB) (Toutanova and Chen, 2015) is a widely
used benchmark for knowledge graph completion
and link prediction, whose test set includes 20,466
triples spanning 10,348 entities and 224 relations.
TREC-DL19 (TREC) (Craswell et al., 2020) is
an information retrieval dataset with 43 queries
and graded relevance annotations. NovelEval
(NE) (Sun et al., 2023) evaluates retrieval mod-
els on previously unseen knowledge, consisting
of 21 queries and 420 passages with graded rele-
vance annotations across multiple domains. We
used nDCG@{1, 5,10} as the evaluation metric.
Implementation Details. We considered two ex-
perimental settings: a long-context setting and a
subset setting. In the long-context setting, we evalu-
ated our method on TREC using the full set of 1,000
candidate passages per query, which includes 10
relevant passages.

In the subset setting, we evaluated all datasets,
including TREC, using candidate pools of size 100,
each containing 10 positive items. For TREC, we
randomly sampled 100 candidates from the orig-
inal pool of 1,000 passages, ensuring that all 10
relevant passages were included. For ML, WN, and
FB, we sampled 500 instances, using 100 for val-
idation and 400 for testing. In ML, for each user
we treated the most recent 10 interactions as pos-
itives and sampled 90 unrelated items at random
as negatives. In WN and FB, we focused on tail pre-
diction: for each query, we ranked 100 candidate
entities including the gold answer, treated the top-
10 as positives, and used the remaining candidates
as negatives. We generated these 100 candidates
using models trained on WN and FB by SimKGC 1

with its default hyperparameters. For NE, we added
80 additional negatives to construct candidate sets
of size 100.

We employed GPT-4o (OpenAI et al., 2024) and
Llama3.3-70B-Instruct (Grattafiori et al., 2024)
as backbone models and set top-p to 0.1 and temper-
ature to 0.7 for both. We set m = 8 and n = 8 for
entity-list generation and selection-time re-ranking.
The parameter λ was chosen based on validation
results for ML, WN, and FB. Since the validation split
of TREC is unlabeled and NE provides no valida-
tion split, and these datasets contain only 43 and
21 queries respectively, we report results using the

1https://github.com/intfloat/SimKGC
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Model Strategy
ML WN FB TREC NE

nDCG@1 @5 @10 nDCG@1 @5 @10 nDCG@1 @5 @10 nDCG@1 @5 @10 nDCG@1 @5 @10

GPT-4o

Oraclelist 76.25 63.62 52.80 78.00 59.87 51.43 81.00 62.89 53.99 89.92 86.84 76.52 92.86 90.36 92.35
Oracleentity 99.75 96.95 77.83 100.00 95.31 70.54 97.00 89.40 66.99 93.02 89.71 78.59 100.00 99.69 98.97
Random 42.50 39.88 37.01 53.06 46.59 42.33 66.49 54.16 48.29 83.33 81.45 68.02 78.57 75.72 79.43

USCoverlap 45.00 42.14 40.26 54.02 48.67 44.07 68.97 55.82 49.54 87.98 84.77 74.33 83.33 79.94 84.17
USCllm 43.50 41.77 38.88 53.98 47.36 42.68 65.89 54.21 47.78 86.05 82.90 70.22 83.33 79.91 83.60

SS 49.00† 46.72* 42.25* 57.24† 49.96† 44.80† 69.03 57.01* 49.86 87.98 84.92 75.18* 92.86 88.74* 89.58†

Llama3.3-
70B-Instruct

Oraclelist 55.00 45.61 37.98 74.25 52.67 42.90 77.50 60.94 51.42 87.60 86.53 74.35 90.48 79.24 80.61
Oracleentity 94.00 82.92 63.01 100.00 92.33 65.34 98.75 89.13 65.15 93.02 89.59 77.42 100.00 98.70 95.32
Random 29.50 26.79 24.21 40.07 32.25 28.23 62.68 50.96 44.24 76.74 69.50 57.30 57.14 52.47 53.11

USCoverlap 29.50 26.33 25.06 46.01 36.75 32.13 61.94 51.53 45.67 73.64 71.38 61.74 61.90 59.09 65.20
USCllm 31.25 28.65 25.74 46.44 37.64 33.03 62.10 49.19 42.98 87.60 81.59 69.47 64.29 58.76 62.86

SS 37.50* 33.10* 28.75* 51.11* 41.26* 35.28* 65.00 53.25* 46.39† 88.37 82.75 72.52* 66.67 65.97 69.41

Table 2: Experimental results based on GPT-4o and Llama3.3-70B-Instruct.

λ that maximizes the average nDCG@{1, 5, 10}.
Performance across a grid of λ is provided in Ap-
pendix A.
Compared Methods. The baselines were as fol-
lows: Random, which randomly chooses one from
the m generated entity lists; USC, which selects
a single list based on consistency among the m
generated lists (Chen et al., 2023). We consider
two USC variants: USCoverlap, which chooses the
list with the greatest overlap with the others; and
USCllm, which uses an LLM judge to assess se-
mantic consistency. Our method is SS. We also
report two oracle upper bounds: Oraclelist, which
assumes access to the best single entity list; and
Oracleentity, which assumes access to the best set of
entities aggregated across all candidate lists.

4.2 Results

Long-Context Setting. To evaluate the effective-
ness of SS in long-context settings, we conducted
experiments on TREC using GPT-4o. Table 1 shows
the results. SS significantly outperformed the base-
line methods in the long-context scenario. These
experiments demonstrate that, in the long-context
scenarios, it is significantly important to consider
both explicit and implicit consistency signals.
Subset Setting. Table 2 shows the re-
sults in the subset setting using GPT-4o and
Llama3.3-70B-Instruct. SS consistently outper-
forms USC variants in nDCG when evaluated with
both models. Gains are statistically significant in
most settings (p<0.01 or p<0.05). These results
demonstrate that, in long-context scenarios, it is
crucial to consider both explicit and implicit con-
sistency signals. Additional experimental results
are in Appendix B.

4.3 Analysis

Ablation Study. We conducted an ablation study to
assess the contribution of implicit signals. USCllm

Method
GPT-4o Llama Latency (Llama)

ML WN ML WN ML WN

Window 37.8 43.4 13.1 21.7 56h 23m 86h 54m
Random 37.0 42.3 24.2 28.2 7h 0m 6h 15m

USCoverlap 40.3 44.1 25.1 32.1 7h 0m 6h 15m
USCllm 38.9 42.7 25.7 33.0 16h 21m 16h 59m

USCllm w/ sampling 39.5 42.4 26.8 33.8 16h 21m 16h 59m
SS 42.3* 44.8* 28.8* 35.3* 16h 21m 16h 59m

SSAvgRank 40.1 42.3 26.3 33.7 16h 21m 16h 59m
SS w/o implicit 40.6 44.5 26.5 34.2 16h 21m 16h 59m
SS w/o explicit 42.2 43.9 28.8 34.5 16h 21m 16h 59m

Table 3: Ablation study on ML and WN.

Method Time with batching Time without batching

Window
(⌊

c−w
s

⌋
+ 1

)
· Timemodel

(⌊
c−w
s

⌋
+ 1

)
· Timemodel

USCoverlap Timemodel + C m·Timemodel + C

USCllm 2·Timemodel (m+ 1)·Timemodel

SS 2·Timemodel + C (m+ n)·Timemodel + C

Table 4: Inference time complexity. Let c denote the
number of candidates, w the window size, and s the
stride.
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Figure 2: Effect of the number of samples on ranking
performance (nDCG@10).

with sampling uses an LLM to perform multiple re-
rankings of the generated entity lists and selects the
answer via majority voting. SSAvgRank selects the
list with the lowest average rank across selection-
time re-rankings. For example, in Figure 1, the
second list achieves an average rank of 1.25, which
is the lowest; therefore, SSAvgRank recommends the
second list. SS without implicit (λ = 0.0) lever-
ages only explicit signals, whereas SS without
explicit (λ = 1.0) leverages only implicit signals.
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Dataset Model Method nDCG@1 nDCG@5 nDCG@10

ML

GPT-4o
SSSUM 50.3 46.8 42.2
SSLOG 49.5 46.7 42.2

SS 49.0 46.7 42.3

Llama3.3
-70B-Instruct

SSSUM 39.3 33.7 28.8
SSLOG 40.0 33.4 28.8

SS 37.5 33.1 28.8

WN

GPT-4o
SSSUM 57.8 49.8 44.6
SSLOG 58.0 50.3 44.9

SS 57.2 50.0 44.8

Llama3.3
-70B-Instruct

SSSUM 50.2 40.5 34.8
SSLOG 48.4 39.9 34.4

SS 51.1 41.3 35.3

Table 5: Performance on ML and WN using SS, SSLOG,
and SSSUM.

We also evaluated the Window baseline (Sun et al.,
2023; Liu et al., 2025), a sliding-window approach
used in long-context scenarios for ranking tasks.
We also measured the latency of each method based
on Llama3.3-70B-Instruct. Table 3 shows the
results. Applying sampling to USCllm does not
effectively mitigate inconsistency in long-context
scenarios. Thus, sampling alone does not stabilize
rankings. In contrast, SS consistently outperforms
baselines across datasets and models. These re-
sults indicate that both explicit and implicit signals
are necessary for consistency-based selection in
long-context ranking. Furthermore, latency mea-
surements and Table 4 show that SS is more ef-
ficient than Window and comparable to USCllm.
Detailed derivations of Timemodel are provided in
Appendix C.
Effect of the Number of Samples. We investi-
gated the effect of varying the number of samples
on ML and WN. Figure 2 shows the results. Increas-
ing the number of samples for USC variants does
not stabilize ranking performance. In contrast, SS
consistently improves performance. As the num-
ber of samples increases, SS captures consistency
more effectively, highlighting the importance of
both explicit and implicit signals.
Other Scoring Functions. We also evaluated alter-
native variants of the scoring function on line 13 of
Algorithm 1. Specifically, we tested a summation-
based form (SSSUM) of S[e] = S[e] + rλ + p1−λ

and a log-weighted form (SSLOG) of S[e] = S[e] +
λ/log

(
r−1 + 1

)
+(1−λ)/log

(
p−1 + 1

)
. Table 5

shows the results. Incorporating both explicit and
implicit signals consistently improves ranking per-
formance, regardless of the scoring form. We also
provide a case study in Appendix D.

5 Conclusion

We showed that both explicit and implicit sig-
nals are essential for selection-based methods in

long-context ranking. To this end, we proposed
SS, which integrates explicit within-list order with
implicit cross-list preferences via selection-time
re-ranking. SS produces a top-k set of entities
and achieves significant improvements over strong
selection-based baselines across five benchmarks.

6 Limitations

We focus on improving consistency in long-context
ranking by fusing explicit (within-list) and implicit
(cross-list) signals at selection time. While SS is
effective across benchmarks, several limitations
remain.

While we selected hyperparameters λ based
on validation results, assessing transfer to other
datasets requires further evaluation. In addition, se-
lection quality depends on the listwise ranker and
prompt template; although we evaluated SS with
both closed (GPT-4o) and open (Llama3.3-70B-
Instruct) backbones, broader prompt and model
variations are left for future work. We will extend
our work by considering retrieval-augmented gen-
eration.
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A λ Selection

The validation results for SS on ML, WN, and FB are
shown in Table 6. Based on these results, we set
λ = 0.9 for ML, λ = 0.7 for WN, and λ = 0.3 for FB
(for both backbones). Tables 7 and 8 present the
full results for TREC and NE.
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Model λ ML WN FB

GPT-4o

0.0 37.84 42.65 49.89
0.1 37.92 42.88 49.78
0.3 38.50 42.99 49.93
0.5 39.02 42.88 49.62
0.7 39.46 43.27 49.72
0.9 40.34 43.03 49.50
1.0 40.06 41.71 49.31

Llama3.3
-70B-Instruct

0.0 28.81 33.15 45.97
0.1 28.76 33.48 45.91
0.3 29.75 33.54 46.36
0.5 30.44 33.64 46.09
0.7 30.59 34.00 46.12
0.9 31.25 33.34 46.08
1.0 31.10 32.90 45.87

Table 6: Validation results (nDCG@10) on ML, WN, and
FB.

Model λ nDCG@1 nDCG@5 nDCG@10

GPT-4o

0.0 87.98 84.84 75.14
0.1 87.98 84.84 75.13
0.3 87.98 84.92 75.18
0.5 87.98 84.78 75.28
0.7 87.98 84.38 75.20
0.9 86.43 84.00 74.79
1.0 85.66 83.63 74.22

Llama3.3
-70B-Instruct

0.0 87.60 79.42 69.43
0.1 87.60 80.37 69.93
0.3 87.60 81.79 70.95
0.5 87.60 82.67 71.63
0.7 88.37 82.75 72.52
0.9 88.37 82.23 72.15
1.0 88.37 82.28 71.94

Table 7: Performance across λ on TREC.

Model λ nDCG@1 nDCG@5 nDCG@10

GPT-4o

0.0 83.33 82.30 85.95
0.1 83.33 82.39 85.83
0.3 83.33 82.18 86.07
0.5 83.33 84.10 86.51
0.7 88.10 85.67 88.55
0.9 92.86 88.74 89.58
1.0 92.86 88.59 89.73

Llama3.3
-70B-Instruct

0.0 57.14 62.30 68.88
0.1 57.14 62.92 68.93
0.3 59.52 64.34 69.52
0.5 59.52 63.54 69.42
0.7 66.67 65.97 69.41
0.9 64.29 65.36 68.97
1.0 61.90 65.56 69.34

Table 8: Performance across λ on NE.

B Effectiveness in the Single-Positive
Setting (FB)

We further evaluate the effectiveness of SS in a
single-positive setting. We sampled 500 instances
from FB, allocating 100 for validation and 400 for
testing. Focusing on tail prediction, each query
contains one positive and 99 negatives. As shown
in Table 9, SS consistently improves ranking perfor-
mance and achieves statistically significant gains
over the baselines, demonstrating robustness in the
one-positive KGC.

Model Method nDCG@1 nDCG@5 nDCG@10

GPT-4o

Random 66.25 77.72 79.99
USCoverlap 66.00 77.53 80.17

USCllm 68.00 79.62 81.80
SS 69.50 81.94* 83.73*

Llama3.3
-70B-Instruct

Random 33.50 40.14 41.68
USCoverlap 36.75 43.92 45.02

USCllm 37.00 44.04 45.51
SS 38.25 46.68* 47.92*

Table 9: Performance on FB with a single positive can-
didate.

C Computational Cost Comparison

Let I denote the input length, T the output length,
V the vocabulary size, and d the hidden dimension
of the LLM. Each layer consists of an attention
module and an MLP. The computational cost can
be decomposed into two phases:
Encoding. O(I2d+ Id2)
Decoding. For each decoding step t ∈ {1, . . . , T},
the complexity is O

(
(I + t)d+ d2 + dV

)
, leading

to a total decoding cost of O(TId+ T 2d+ Td2 +
TdV ). Thus, the overall complexity is Timemodel =
O(I2d+ Id2 + TId+ T 2d+ Td2 + TdV ).

D Case Study

Figure 3 presents a user profile, its gold items, can-
didate movies, generated entity lists, and the final
recommendation lists produced by different meth-
ods, including SS. The first block shows the ex-
ample user profile and its gold items. The second
block presents the candidate movies. The third
block provides an example prompt for generating
entity lists. The fourth block shows an example
prompt for ranking them. The remaining blocks il-
lustrate the final recommendation outputs. Bolded
items denote gold answers.
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Given User.

Given User
Gender: Female
Age: 35-44
Occupation: other or not specified.
History:
MovieID: 2643 | Title: Superman IV: The Quest for Peace (1987) | Genres: Action|Adventure|Sci-Fi
MovieID: 266 | Title: Legends of the Fall (1994) | Genres: Drama|Romance|War|Western
MovieID: 1269 | Title: Arsenic and Old Lace (1944) | Genres: Comedy|Mystery|Thriller
MovieID: 1682 | Title: Truman Show, The (1998) | Genres: Drama
....
Gold Relevant Items
[2761, 2568, 2805, 2723, 2581, 2394, 2485, 2724, 2701, 2987]

Given Candidates.

Candidates
Candidates:
MovieID: 83 | Title: Once Upon a Time... When We Were Colored (1995) | Genres: Drama
MovieID: 1169 | Title: American Dream (1990) | Genres: Documentary
MovieID: 1059 | Title: William Shakespeare’s Romeo and Juliet (1996) | Genres: Drama|Romance
MovieID: 1499 | Title: Anaconda (1997) | Genres: Action|Adventure|Thriller
MovieID: 2055 | Title: Hot Lead and Cold Feet (1978) | Genres: Comedy|Western
MovieID: 544 | Title: Striking Distance (1993) | Genres: Action
...

Generating Entity List Prompt.

System
You are an expert movie recommendation system with a clear and logical approach.
When generating movie recommendations, follow a step-by-step method, and ensure that each step
is logically explained...
User
Generate top-10 movie recommendations for the given user profile.
User profile: {User Profile}
Candidate movies: {Candidates}

Generating Ranking List Prompt.

System
You are an expert movie recommendation reranker.
Your task is to carefully read the provided candidate recommendation lists and rank them based
on quality...
User
I have generated the following 8 candidate recommendation lists for the given user profile:
Profile: {User profile}
Candidates: {Candidates}
Recommendations:
List 1: [2485, 2581, 2724, 2805, 2838, 2792, 1059, 3357, 2723, 1215]
List 2: [2485, 2724, 2581, 2805, 2838, 2295, 1612, 1059, 3079, 2723]
List 3: [2485, 2724, 2581, 2805, 2838, 2792, 1059, 3357, 2723, 1215]
...
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SS.

Final Recommendation
[2485, 2581, 2724, 2723, 2805, 2792, 2761, 2701, 1059, 2405]

USCoverlap.

Final Recommendation
[2485, 2581, 2724, 2805, 2838, 2792, 1059, 3357, 2723, 1215]

USCllm.

Final Recommendation
[2485, 2724, 2581, 2805, 2838, 2295, 1612, 1059, 3079, 2723]

Figure 3: Case study from ML.
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