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Abstract

Dense retrieval has become a foundational paradigm in mod-
ern search systems, especially on short-video platforms.
However, most industrial systems adopt a self-reinforcing
training pipeline that relies on historically exposed user inter-
actions for supervision. This paradigm inevitably leads to a
filter bubble effect, where potentially relevant but previously
unseen content is excluded from the training signal, biasing
the model toward narrow and conservative retrieval. In this
paper, we present CroPS (Cross-Perspective Positive Sam-
ples), a novel retrieval data engine designed to alleviate this
problem by introducing diverse and semantically meaning-
ful positive examples from multiple perspectives. CroPS en-
hances training with positive signals derived from user query
reformulation behavior (query-level), engagement data in rec-
ommendation streams (system-level), and world knowledge
synthesized by large language models (knowledge-level). To
effectively utilize these heterogeneous signals, we introduce
a Hierarchical Label Assignment (HLA) strategy and a corre-
sponding H-InfoNCE loss that together enable fine-grained,
relevance-aware optimization. Extensive experiments con-
ducted on Kuaishou Search, a large-scale commercial short-
video search platform, demonstrate that CroPS significantly
outperforms strong baselines both offline and in live A/B
tests, achieving superior retrieval performance and reducing
query reformulation rates. CroPS is now fully deployed in
Kuaishou Search, serving hundreds of millions of users daily.

Introduction

Dense retrieval has emerged as a foundational paradigm in
modern search systems due to its efficiency and effective-
ness in matching semantically rich queries to relevant doc-
uments (Zhang et al. 2022; Ma et al. 2024). In short-video
search platforms, dual-encoder retrievers (often referred to
as “two-tower” models) are widely adopted, where separate
encoders are used to independently embed user queries and
candidate videos into a shared latent space. Typically, these
retrievers are trained using a data-driven and self-reinforcing
paradigm: as shown in Figure 1 (gray block), historical user
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Figure 1: Overview of CroPS, where “+” (“-”) represents
positives (negatives). It introduces positives from three com-
plementary sources: Query-level Augmentation, System-
level Expansion, and World Knowledge Enrichment.

interactions (e.g., watching, clicking, or liking) from a pro-
duction search system serve as supervision. Videos previ-
ously displayed for a given query are labeled as positive ex-
amples, while negative samples are drawn from content that
was filtered out during earlier retrieval stages or never ex-
posed to the user (Zheng et al. 2024). While this paradigm
facilitates iterative model improvement through continuous
data accumulation, it also poses a critical challenge: the filter
bubble effect. Because only historically exposed content is
considered as positive supervision, potentially relevant but
previously unseen videos are excluded from the positive set,
even incorrectly labeled as negatives. This bias restricts the
model’s ability to surface novel or diverse content, leading
to conservative and narrow retrieval behavior. The resulting
lack of diversity impairs user experience and limits the sys-
tem’s capacity to support exploratory search.

Previous research has primarily focused on improv-
ing retrieval performance through architectural innovations
(Zhang et al. 2022; Khattab and Zaharia 2020) or refined
negative sampling strategies (Karpukhin et al. 2020; Yang
et al. 2024). However, these efforts remain constrained by
the limitations of the self-reinforcing training pipeline and
thus cannot fully escape the filter bubble (Meghwani et al.
2025; Ren et al. 2021). In contrast, we propose that positive



sample enrichment offers a powerful and complementary so-
lution that has been largely overlooked. By introducing rele-
vant content beyond the scope of historical exposure, we can
effectively break through the boundaries of existing data.

In this paper, we propose CroPS (Cross-Perspective Pos-
itive Samples), a retrieval enhancement data engine that in-
corporates diverse positive signals from multiple perspec-
tives to break the limitations imposed by the filter bubble
(see Figure 1). CroPS enriches the training signal with pre-
viously unobserved yet semantically relevant examples from
three complementary sources. First, it captures query-level
augmentation by identifying the user query reformulation
behavior. When users issue a follow-up query with simi-
lar semantics after an unsatisfactory search, CroPS treats
videos consumed after such reformulations as additional
positives for the original query. This leverages intent con-
tinuity to expand the positive set beyond what the system
originally retrieved. Second, CroPS introduces system-level
augmentation by bridging search and recommendation sys-
tems. It incorporates videos from the recommendation flow
that align semantically with the user’s search query, thus
breaking the silo between independently functioning subsys-
tems and leveraging user engagement data across systems.
Finally, CroPS performs world knowledge augmentation
by using large language models as virtual retrievers. These
models, endowed with rich semantic and factual knowledge,
are used to synthesize high-quality training signals that re-
flect relevant content beyond what is observable in user in-
teraction logs. Meanwhile, it simulates user behavior where,
upon failing to obtain satisfactory information within the
current app, users seek knowledge from alternative sources.
This is regarded as a form of cross-platform knowledge in-
tegration, which can effectively mitigate the effects of infor-
mation cocoons. Together, these augmentations significantly
expand the positive space, allowing the retriever to learn a
more comprehensive representation of relevance and gener-
alize beyond historically exposed content.

However, naively treating all these heterogeneous posi-
tives as equal during training leads to suboptimal learning.
We propose a Hierarchical Label Assignment (HLA) strat-
egy that assigns different levels to positive samples based
on their origin and reliability. This hierarchical supervision
allows the model to learn fine-grained ranking behaviors
aligned with the system objectives. For instance, by assign-
ing higher labels to query-level augment positives, the model
learns to generalize across reformulated queries, potentially
reducing the frequency of user query rewrites. To support
HLA-based training, we introduce H-InfoNCE, a novel loss
function tailored to hierarchical supervision, enabling more
targeted optimization across different levels of relevance.
Unlike InfoNCE (Oord, Li, and Vinyals 2018), which indi-
vidually compares each positive sample with its correspond-
ing negatives, H-InfoNCE requires that all positive samples
from higher tiers be jointly contrasted with negatives from
lower tiers in a single step. By leveraging efficient and large-
scale positive-negative contrastive learning, H-InfoNCE em-
powers our model to achieve rapid and effective learning,
leading to notable performance gains and providing mean-
ingful insights for practical industrial applications.
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In summary, this work makes three key contributions.
(1) We identify a fundamental limitation in industrial dense
retrieval systems: the presence of filter bubbles caused by
self-reinforcing training paradigms, and argue that introduc-
ing positive samples beyond the historical exposure space
is an effective and underexplored solution. (2) We propose
CroPS, a novel framework that enriches the positive training
set by incorporating semantically relevant examples from
query reformulations, cross-system user feedback, and ex-
ternal world knowledge via large language models. To sup-
port learning from this heterogeneous supervision, we in-
troduce a Hierarchical Label Assignment (HLA) strategy
along with a tailored H-InfoNCE loss, enabling the model
to capture fine-grained ranking preferences aligned with
system-level goals. (3) We conduct extensive offline and on-
line evaluations on Kuaishou Search, a large-scale short-
video search platform. The results demonstrate that CroPS
not only achieves state-of-the-art retrieval performance in
offline experiments, but also significantly improves user
engagement and reduces query reformulation rates in on-
line A/B testing. CroPS has been successfully deployed in
Kuaishou Search and now serves as a core component of the
search infrastructure for hundreds of millions of active users.

Related Works

Dense Retrieval. The modern model commonly employs a
dual-encoder architecture, which is well adapted to approx-
imate nearest neighbor (ANN) (Johnson, Douze, and Jegou
2021) retrieval. Methods in dense retrieval can generally be
categorized into five main areas: retrieval-oriented contin-
ued pre-training (Su et al. 2024; Oguz et al. 2022; Chang
et al. 2020), negative sampling strategies (Meghwani et al.
2025; Yang et al. 2024; Zhou et al. 2022), structural aug-
mentation techniques (Luan et al. 2021; Khattab and Za-
haria 2020; Humeau et al. 2020), the exploration of gener-
ative paradigms (Li et al. 2025; Li, Zhou, and Dou 2024;
Tang et al. 2024; Wang et al. 2025), and the applications
in specific industrial scenarios (Lin et al. 2024; Rossi et al.
2024; Zheng et al. 2022). These works have not conducted
an in-depth study of positive samples and failed to address
the information cocoon effect in the retrieval domain. Fur-
thermore, the reliance on complex post-interaction models
like the Poly-encoder (Humeau et al. 2020) presents signif-
icant challenges for integration with ANN-based systems,
which in turn hampers practical deployment. Unlike previ-
ous works, our architecture-agnostic approach can be ap-
plied to enhance any model using CroPS without introduc-
ing any inference overhead, making it well-suited for on-
line applications. At the same time, it mitigates the informa-
tion cocoon effect in retrieval systems by leveraging posi-
tive sample enhancement and a hierarchically stratified con-
trastive loss, thereby increasing the diversity of search re-
sults and improving the overall user experience.

Contrastive Learning. Contrastive learning has become a
fundamental paradigm for representation learning in both vi-
sion and language domains (Wu et al. 2018; He et al. 2020;
Radford et al. 2021; Jiang et al. 2022). In retrieval, con-
trastive objectives such as InfoNCE (Oord, Li, and Vinyals
2018) and its variants (Li et al. 2021; Magnani et al.
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Figure 2: The overall framework of the CroPS, where “+” (“-”) represents positives (negatives). It consists of three components:
CroPS Data Engine, Hierarchical Label Assignment (HLA), and H-InfoNCE Optimization. CroPS Data Engine expands the
positive samples from: (1) Query-level Augmentation, (2) System-level Expansion, and (3) World Knowledge Enrichment.

2022; Hoffmann et al. 2022) form the backbone of train-
ing strategies by maximizing the similarity between query-
positive pairs while pushing apart query-negative pairs. Var-
ious works have extended this framework to enhance effi-
ciency and robustness, including hard negative mining (Yang
et al. 2024), in-batch negatives (Radford et al. 2021), and
list-wise formulations (Hoffmann et al. 2022). However,
most of these approaches assume a flat binary relevance
structure and fail to capture the nuanced semantic relation-
ships between different types of positive and negative sam-
ples. Recent efforts have explored hierarchical or weighted
contrastive learning, yet these typically rely on pre-defined
heuristics or coarse metadata for label assignment. In con-
trast, our proposed HLA (Hierarchical Label Assignment)
introduces a data-driven, semantically grounded label hier-
archy over both positive and negative samples. Built upon
this, we propose H-InfoNCE, a stratified contrastive loss
that enables the model to learn graded relevance and fine-
grained ranking preferences. It better reflects real-world re-
trieval scenarios, where training data often contain hetero-
geneous supervision signals with varying confidence levels.

Methodology

In industrial short-video search and recommendation, tex-
tual information—comprising user-edited titles, captions,
keywords, and OCR-extracted text fields—offers an effec-
tive, cost-efficient video representation (Zheng et al. 2024,
2022). As a standard practice, our retrieval model also uti-
lizes this textual information as input to encode videos.

CroPS Data Engine

Different from prior works that primarily focus on better
negative sampling strategies for retriever training (Megh-
wani et al. 2025; Yang et al. 2024), CroPS takes a com-
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plementary perspective by enriching the positive sample set.
By incorporating multiple sources of semantically relevant
items, it breaks through the limitations of the conventional
feedback loop and mitigates the filter bubble effect.

As shown in Figure 2, given a query ¢, the CroPS data

engine collects the positive set P = Py U Py U Py U P3 =
{df,df,d3,...,d}} from the four perspectives below, and
the negative set N = {d, , ,,d; 5, .., d;, }.
Online Search System. The retrieval process in short-video
search systems typically follows a multi-stage pipeline con-
sisting of recall, pre-ranking, and ranking, which sequen-
tially filters and ranks candidate videos. Following com-
mon practice (Zheng et al. 2024), we treat videos that were
clicked or liked during the ranking stage as a basic posi-
tive set Pp. For the negative sample set A/, we sample hard
negatives from two sources: videos that were not exposed to
users in the ranking stage, and those that filtered out between
the pre-ranking and ranking stages. This sampling strategy
strikes a balance between positive relevance and negative
difficulty, ensuring a meaningful training signal. However,
relying solely on interaction-based labels can reinforce filter
bubble effects: relevant but previously unexposed content is
systematically excluded from positive training, introducing
bias and limiting the model’s ability to surface novel but
pertinent results. As illustrated in Figure 2, for the query
“transformer”, user interactions are dominated by videos
about transformer models in deep learning or the Transform-
ers franchise, while videos related to electrical transformers
are rarely exposed and thus incorrectly categorized as nega-
tives, despite being semantically relevant. To mitigate such
false negatives, CroPS enriches the positive set with diverse
and semantically relevant samples, promoting broader con-
tent coverage and improving retrieval robustness.

Query-Level Positive Augmentation. Query reformulation



is a common user behavior in search systems, often indicat-
ing a continued effort to refine or clarify an underlying in-
formation need. When a user issues a semantically related
follow-up query shortly after an initial one, the videos con-
sumed in response to the new query are likely to remain rel-
evant to the original intent, even if they were not retrieved
in the initial search. These samples typically lie beyond the
retrieval scope of the original query and thus offer valuable
signals for expanding the positive set, enhancing both recall
diversity and model generalization. To identify such sam-
ples, we employ a lightweight semantic discriminator 6(-)
to measure the relevance between the original query ¢ and
candidate videos d;; consumed after reformulated queries.
The query-level positive set is defined as:

P1= U {dij € Di | 0(q,dij) > o}
¢ €Q

ey

Here, ¢ is the original query, Q is the set of reformulated
queries issued by the same user within a short time window
(e.g., 90 seconds), D; is the set of videos the user interacted
with (e.g., clicked or watched) after issuing ¢; € Q, and «
is a predefined semantic relevance threshold. As illustrated
in Figure 2, consider a user initially searching for “trans-
former” but receiving unsatisfactory results. They may refor-
mulate the query to “power transformer” to clarify the intent.
The relevant videos retrieved and consumed under the refor-
mulated query can serve as positive samples for the original
query “transformer”. This approach not only corrects poten-
tial false negatives in A/ but also reduces the overemphasis
on dominant interpretations, thus promoting more balanced
and accurate retrieval.

System-Level Positive Expansion. In addition to the search
system, short-video platforms operate a recommendation
system that independently serves a large portion of user
traffic. The recommendation feed typically generates ex-
tensive user interaction data, which contains valuable sig-
nals that can help mitigate the information cocoon effect.
CroPS leverages this opportunity by bridging the gap be-
tween search and recommendation, enabling cross-system
positive signal integration to further enhance training super-
vision. Specifically, for a given query ¢, we identify a set
of users &/ who have issued this query and retrieve up to
100 videos Ds that each user u; € U interacted with from
the recommendation feed, within a temporal window cen-
tered around the query timestamp. A lightweight semantic
discriminator 6(-) is employed to evaluate the relevance be-
tween the query ¢ and each candidate video d;;. Those with
scores exceeding a threshold « are included in the system-
level positive set, formally defined as:

Py = | {dij € Di | 0(q.dij) > a}

u; €U

@

This strategy enables the model to incorporate semantically
relevant signals that are not captured by the search pipeline,
thereby increasing the coverage of positive examples and
mitigating exposure bias. Compared to search-derived sam-
ples, recommendation-based positives are typically more
timely and better aligned with users’ personal interests, of-
fering a valuable supplement to query-based supervision.
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Label

Sample Types

Positive | Query-level aug. positives
System-level aug. positives
World-knowledge aug. positives
Clicked videos in rank

Exposed videos in rank
Unexposed videos in rank

Filtered between pre-rank and rank

In-batch negatives

O =D Wk AN

Negative

Table 1: Hierarchical Label Assignment (HLA) for positive
and negative samples.

World Knowledge Enrichment via LLMs. Despite the in-
corporation of query-level and system-level positive sample
enrichment, the filter bubble effect may still persist due to
the inherent limitations of existing search and recommen-
dation engines, as well as the finite scope of the platform’s
video inventory. To further mitigate this constraint and break
through the platform’s content exposure boundaries, we in-
troduce a world knowledge enrichment strategy that lever-
ages large language models (LLMs) as an external knowl-
edge source. Specifically, the LLM is employed as a pseudo-
retriever to synthesize high-quality positive examples Ps. As
shown in Figure 2, we adopt a one-shot prompting strategy:
the LLM is provided with a query and an exemplar video
deemed relevant, and is then instructed to generate other
video descriptions aligned with the query. These synthetic
examples serve as positive samples that enrich the train-
ing set with diverse linguistic expressions, conceptual vari-
ations, and external knowledge not represented in the plat-
form’s existing content or logs. Importantly, these genera-
tions capture latent semantic associations and factual infor-
mation from the broader world, enabling the retrieval model
to generalize beyond the scope of historical user interac-
tions. By integrating LLM-generated positives into the train-
ing process, we expand the model’s relevance coverage, en-
hance its capacity to surface novel but meaningful content,
and further reduce the impact of content exposure bias.

Hierarchical Label Assignment

The CroPS data engine introduces positive samples from
multiple perspectives. However, these samples vary in im-
portance and reliability. Treating them uniformly can lead
to suboptimal learning outcomes. To address this, we pro-
pose a Hierarchical Label Assignment (HLA) mechanism.
Rather than assigning equal importance to all positive ex-
amples, HLA allocates discrete label levels ranging from 0
to 5 ! to reflect varying degrees of relevance and to guide
the retriever’s ranking preferences accordingly. This hierar-
chical supervision enables the model to learn fine-grained
semantic distinctions and supports flexible optimization for
different training objectives.

Formally, for a query ¢ and its sample set S = PUN =
{dy,ds,...,d,} that contains n positive/negative videos,

'The label range is flexible; only the relative order is essential.



HLA assigns n labels {l1, l2, ..., [, } to each sample d; based
on its origin, as detailed in Table 1. Query-level augmented
positives receive the highest label (5) because they most di-
rectly reflect refined user intent: the reformulated queries are
typically issued by users when initial results are unsatisfac-
tory, and the subsequent interactions often provide highly
relevant signals. A label of 4 is given to system-level and
world-knowledge augmented positives, as well as clicked
videos, all of which provide strong relevance signals from
different perspectives. Exposed but unclicked videos in the
ranking stage are labeled 3, indicating moderate relevance.
Unexposed videos in the ranker’s output receive label 2, cap-
turing weak or uncertain relevance. Videos filtered between
pre-rank and rank are assigned label 1, while in-batch nega-
tives receive the lowest label of 0. This hierarchical scheme
enables the retriever to exploit richer supervision beyond bi-
nary feedback and learn to rank content in accordance with
nuanced relevance signals, ultimately improving both recall
diversity and user satisfaction.

H-InfoNCE Optimization

To effectively leverage the multi-grade supervision provided
by HLA, we adopt the Hierarchical InfoNCE (H-InfoNCE)
loss function. Unlike the standard InfoNCE loss, which as-
sumes binary relevance, H-InfoNCE imposes a label-aware
contrastive structure: for a given positive sample with label
l, only samples with strictly lower labels (< [) are consid-
ered as negatives. This formulation, shown in Eq. 3, better
aligns with the graded supervision and guides the model to
learn fine-grained, list-wise ranking preferences.

exp (sim(;_;,di))

L=— log
d;€8

sim 5 (3)
dje{d;Yu{d,es|l; >, EXP (D(Tﬂ)
We ensure training scalability by efficiently implementing
H-InfoNCE, using a mask matrix to filter non-comparable
samples by label (see Figure 2, where samples with labels
> [ are masked) and a label-indexed data structure to or-
ganize inputs. This allows computation of all hierarchical
contrastive losses in one forward pass, matching standard
InfoNCE speed and making it suitable for industrial-scale
deployment for large-scale data.

Experiments
Dataset, Metrics and Details

Dataset. Public datasets for information retrieval evaluation
often fail to meet the demands of real-world applications.
These datasets only record single search queries, ignoring
the complex user behavior patterns found in actual systems.
Thus, we create a new dataset, called CPSQA, that cap-
tures diverse user behaviors, including query reformulation
sequences and cross-domain consumption patterns covering
search and recommendation systems. CPSQA is developed
using real user interaction logs from Kuaishou Search, cap-
turing authentic user behavior patterns at an industrial scale.
Specifically, we utilize logs from June 11, 2025, for train-
ing (500 million samples) and logs from June 13, 2025, for
testing (10,000 samples). The CPSQA reflects the scale of
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online production environments, incorporating a candidate
item pool of about 1 billion items.

Metrics. For evaluation, we employ Recall@100 on two
test sets: click-through data (CT) and query reformulation
data (QR). The CT test set treats clicked videos as posi-
tives, demonstrating immediate user preferences. The QR
test set comprises videos consumed following query refor-
mulation, which are validated by a semantic discriminator
based on a predefined relevance threshold. It is designed to
evaluate the model’s ability to generalize beyond historical
exposure patterns and mitigate the filter bubble effect. In ad-
dition, we conduct NDCG@4 evaluation on the manually
annotated test dataset. NDCG @4 is utilized to assess the re-
call model’s ability to rank the top 4 results, serving only as a
reference monitoring metric. The primary evaluation metric
for the recall model is still the recall rate.

Implementation Details. The CroPS data engine comprises
three key components. For query-level positive sample aug-
mentation, we identify user query reformulation behavior by
detecting pairs of semantically similar queries issued by the
same user within a 90-second window. The lightweight dis-
criminator 6(-) that we used is a pre-trained 6-layer Trans-
former model. The similarity threshold « in Eq. 1 is empiri-
cally set to 0.6. The system-level positive sample expansion
module follows the same design. For world knowledge en-
richment, we utilize the Qwen2.5-14B (Qwen et al. 2025) as
a pseudo-retriever to synthesize external positive examples.
We generate 35 million synthetic positive samples. Dur-
ing Training, all retrieval models, including our proposed
method and the baselines, adopt a dual-encoder architecture.
We initialize both the query and document encoders using
the Qwen2.5-0.5B pre-trained language model. The query
encoder takes the raw query text as input, while the docu-
ment encoder is fed with the textual content of the photo.
The maximum input sequence length is limited to 128 to-
kens. We set the temperature factor 7 in Eq. 3 as a learnable
parameter with a initial value of 0.05. We train all models
using the Adam optimizer (Kingma and Ba 2015), with a
learning rate of 2e-5 and a weight decay of le-4.

Main Results

To comprehensively evaluate the effectiveness of CroPS, we
conduct experiments on the CPSQA dataset and report three
key metrics: NDCG@4, and Recall@100 on CT and QR.

The comparison methods fall into three major categories.
Classical methods: BM25 (Robertson and Zaragoza 2009)
as a probabilistic ranking baseline and NCE (Gutmann and
Hyvirinen 2010) as a traditional contrastive learning ap-
proach. Neural network methods: DPR (Karpukhin et al.
2020) with dual-encoders, ANCE (Xiong et al. 2021) using
dynamic hard negative sampling, and ADORE+STAR (Zhan
et al. 2021) for stable optimization. Negative sampling
strategies: TriSampler (Yang et al. 2024) with principled
sampling and FS-LR (Zheng et al. 2024), which introduces
multi-level negative labels.

As shown in Table 2, CroPS demonstrates significant
advantages in retrieval performance that directly impact
user experience. On the CT dataset, CroPS achieves a Re-
call@100 of 69.1%, surpassing the best baseline (TriSam-



Recall@100 1

Method NDCG @4 1
CT(%) QR(%) (%)
BM25 429 22.5 64.8
NCE 53.6 27.5 65.4
DPR 56.0 30.7 66.5
ANCE 56.9 31.3 67.1
ADORE + STAR 59.4 31.9 67.4
TriSampler 59.8 322 66.9
FS-LR 59.6 33.0 66.0
CroPS (Ours) 69.1 40.1 67.0

Table 2: Performance comparison of different methods on
search ranking tasks.

pler) by 9.3%, demonstrating advanced capability in obtain-
ing content that corresponds with user search intent. More
importantly, CroPS obtains 40.1% Recall@100 on QR,
which significantly outperforms existing models. It means
that the users can find relevant content in their first search
attempt, reducing query refinement needs and improving
search satisfaction. This demonstrates CroPS’s ability to
break through information silos and understand user search
intent even with imprecise initial queries. While NDCG @4
measures ranking quality based on human-annotated rele-
vance judgments, CroPS achieves competitive performance
at 67.0%, remaining on par with top-performing baselines.
The key advantage lies in combining extraordinary recall
capabilities with maintained ranking precision. This means
that with comparable ranking quality, users can immediately
find exactly what they’re looking for without multiple search
iterations. The results establish CroPS as setting new stan-
dards for industrial search by delivering both comprehen-
sive content coverage and superior user experience through
its multi-source positive sample strategy.

Ablation Study

We conduct ablation studies focusing on core components of
CroPS: Data Engine, HLA, and H-InfoNCE Optimization.

Effectiveness of the CroPS Data Engine. We progressively
incorporate three augmentation strategies—query-level aug-
mentation, system-level augmentation, and world knowl-
edge enrichment—on top of the baseline that only uses
online search data. As shown in Table 3, each augmenta-
tion consistently improves performance. Adding query-level
augmentation improves Recall@100 by +3.7% on CT and
notably +3.1% on QR, showing the value of capturing user
intent continuity through query reformulation behavior, with
the QR improvement being the largest single-strategy gain
across all individual augmentations. In addition, including
system-level enhancement brings a greater gain of +2.4% in
CT and +1.3% in QR, confirming the benefit of leveraging
recommendation signals to enrich exposure diversity. Incor-
porating world knowledge augmentation using LLMs results
in the further gain, achieving a final Recall@100 of 69.1%
(CT) and 40.1% (QR), as well as the best NDCG @4 score
of 67.0%. This shows that LLM-generated examples com-
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Model
CT(%) QR(%) (%)
(1) CroPS Data Engine Ablation
Baseline 59.6 33.0 66.0
+ Query-level Aug. 63.3 36.1 66.5
+ System-level Aug. 65.7 37.4 66.7
+ World Knowledge Aug. 69.1 40.1 67.0
(2) Hierarchical Label Assignment Ablation
CroPS' (binary label) 599 321 66.7
CroPS* (query-level aug. label =4) ~ 67.1  38.4 66.8

Table 3: Data augmentation and HLA ablations.

Recall@100 1

NDCG@4 1
Loss Speed
CT(%) QR(%) (%) peed |
InfoNCE 67.8 38.9 66.9 178h
Softmax-CE  65.3 37.8 66.8 80h
H-InfoNCE ~ 69.1 40.1 67.0 88h

Table 4: Contrastive optimization comparison.

plement the in-platform data by injecting external semantics
and broader world associations. These results validate that
each augmentation source addresses a unique dimension of
the filter bubble, and their combination yields additive gains
in both recall and ranking performance.

Effectiveness of Hierarchical Label Assignment (HLA).
To evaluate the impact of our hierarchical labeling strategy,
we conduct two ablation studies as shown in the second part
of Table 3. First, we compare the CroPS model with a variant
CroPS', where hierarchical labels are simplified into binary
form: samples with label > 4 are treated as positives, and
others as negatives. This variant uses a standard InfoNCE
loss for optimization. The results show a significant perfor-
mance drop, with Recall@100 decreasing by 9.2% on CT
and 8.0% on QR compared to the CroPS. This highlights the
importance of preserving label granularity, as HLA provides
more informative supervision that helps the model distin-
guish varying degrees of relevance. We further investigate
the effect of assigning the highest label (i.e., 5) to the query-
level augmented positives. As discussed in HLA, query-level
augmented positives receive the highest label because they
represent the most authentic manifestation of user prefer-
ences, as these reformulation behaviors inherently encode
what users truly seek after experiencing initial search out-
comes. To validate this design choice, we modify this setting
in CroPS* by assigning a lower label of 4 to such positives.
This change leads to noticeable degradation on Recall@ 100
by 2.0% on CT and 1.7% on QR, confirming that query-level
reformulation signals are indeed particularly strong indica-
tors of retrieval relevance and should be weighted accord-
ingly in training. Together, these results demonstrate that
HLA offers finer-grained supervision, which significantly
contributes to CroPS’s retrieval effectiveness.



Model Type Model Ratio.nc T Ratiogow T
Baseline 29.8% 32.5%

Dense Model " bs™ 40.9% 443%
Baseline 20.8% 29.1%

Sparse Model " bs” 3384 47%

Table 5: The improvements of CroPS method in Ratiogy
and Ratiogpe, compared to the production baseline.

Model Type CTR 1 LTR 1 RQR |
Dense Model +0.869% +0.483% -0.646%
Sparse Model  +0.783%  +0.423%  -0.614%

Table 6: The improvements of CroPS in online A/B test.

Efficiency of H-InfoNCE. We compare H-InfoNCE loss
against standard InfoNCE and Softmax cross-entropy (Mag-
nani et al. 2022) losses. The results are shown in Table 4.
InfoNCE compares each positive sample with its corre-
sponding negative instances within a single training step. It
leads to the slowest training efficiency. Although Softmax-
CE trains faster, it yields the worst results. The high-level
samples are mistakenly introduced when computing the low-
level contrastive loss, even with score regularization to ad-
dress this issue in Softmax-CE. In contrast, H-InfoNCE not
only achieves the best performance across all metrics, but
also maintains high training efficiency. By computing multi-
level contrastive loss in a single forward pass, it significantly
improves both accuracy and efficiency. Such efficiency is
particularly beneficial in industrial scenarios, where models
must be trained frequently on large-scale data with limited
computational resources.

Online Testing

We validate the proposed CroPS method with online A/B
testing on Kuaishou Search.

Scalability. Our CroPS is agnostic to the model architecture.
We evaluate our method on both dense and sparse model.
The dense model is the previously mentioned Qwen2.5-
0.5B, which predominantly processes text input. The sparse
model employs the MLP structure and utilizes ID features as
input. Consistent improvements are observed in Table 5 and
Table 6, when applying CroPS to these two distinct model
types, demonstrating the scalability of our approach.

Recall Capability. We investigate how our recall results
are exposed in the ranking stage. It includes two metrics:
Ratiopnk and Ratioghow. Ratiop.nk represents the ratio of our
recall set within the ranking set, while Ratioge, indicates
the ratio of our recall set within the show set (showing to
users). As shown in Table 5, the CroPS on dense model con-
tributes to a 11.1% increase in Ratio,,k, a 11.8% increase in
Ratioghow. The higher recall ratio reflects better retrieval of
relevant content.

User Satisfaction. To further evaluate the user’s interac-
tion with the search results page after searching, we intro-
duce the metrics of CTR, LPR (long-play rate), and RQR
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(reformulated-query rate). CTR assesses whether the search
results meet user needs and drive click behavior, LPR mea-
sures the proportion of users who watch a video for an ex-
tended duration, and RQR is the proportion of users who
change their query and initiate a search again. The results
of CroPS are shown in Table 6, our comprehensive CroPS
method on dense model contributes to a 0.869% increase in
CTR, a 0.483 % increase in LPR and a 0.646% decrease in
the RQR. The observed high click-through and long watch
times, coupled with a low rate of query reformulation, in-
dicate that users successfully located their intended content.
This demonstrates that our model effectively captures and
fulfills user search intent.

Case Study

Considering query “growing ficus”, as shown in the blue
block of Figure 3, traditional methods retrieve only water-
ing or fertilizing videos, while CroPS retrieves diverse con-
tent including propagation, pruning, and disease prevention
videos. The user ultimately clicks on the propagation video
from our results. As shown in the green block of Figure 3, we
further explore the supporting evidence of the CroPS data
engine by retrieving similar queries from the training data
using the original query as an anchor. We observe that tra-
ditional click-based training data primarily consists of ba-
sic care videos. In contrast, CroPS’s data engine enriches
training samples with diverse content like propagation tech-
niques, pruning guides, and pest control from multiple chan-
nels, capturing various user intents beyond clicked results.
This design breaks information bubbles by expanding train-
ing diversity, better satisfying varied user needs.

Conclusion

To address information cocoons in industrial dense retrieval
systems, we propose CroPS, which enriches the positive
training signal with multiple perspectives, offering relevant
yet novel supervision. Hierarchical Label Assignment and
H-InfoNCE enhance fine-grained retrieval semantics. Future
work will integrate CroPS with generative retrieval methods.
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