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Abstract

Due to the dynamically evolving nature of real-
world query streams, relevance models strug-
gle to generalize to practical search scenarios.
A sophisticated solution is self-evolution tech-
niques. However, in large-scale industrial set-
tings with massive query streams, this tech-
nique faces two challenges: (1) informative
samples are often sparse and difficult to iden-
tify, and (2) pseudo-labels generated by the
current model could be unreliable. To address
these challenges, in this work, we propose
a Self-Evolving Relevance Model approach
(SERM), which comprises two complemen-
tary multi-agent modules: a multi-agent sample
miner, designed to detect distributional shifts
and identify informative training samples, and
a multi-agent relevance annotator, which pro-
vides reliable labels through a two-level agree-
ment framework. We evaluate SERM on a
large-scale industrial platform, which serves
billions of user requests daily. Experimental
results demonstrate that SERM can achieve
significant performance gains through iterative
self-evolution, as validated by extensive offline
multilingual evaluations and online testing.

1 Introduction

Search relevance is central to modern information
retrieval, aiming to rank documents that best satisfy
a user query (Yin et al., 2016; Li et al., 2015). With
the explosion of information on platforms such as
Google and TikTok, effective relevance modeling
has become increasingly important (Chen et al.,
2024). Traditional approaches encode queries and
documents into vectors and learn a scoring func-
tion (Gao et al., 2020; Zou et al., 2021), while re-
cent work leverages large language models (LLMs)
to directly generate relevance judgments (Zhuang
etal.,, 2024; Ye et al., 2025).
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Despite recent progress, relevance modeling still
suffers from significant generalization limitations.
This stems from the dynamic and continuously
evolving nature of real-world query distributions,
which makes it difficult for relevance models to
generalize effectively to practical search scenar-
ios. For instance, on online search platforms, users
often issue queries containing newly emerged ex-
pressions or cultural references, such as remember
me pets arriving on 10/27. Such queries encode
nuanced meanings that models often fail to cap-
ture, leading to mismatches between user intent
(i.e., commemorating deceased pets) and retrieved
content (i.e., generic pets returning home).

There is much work on addressing this limitation
by pre-training models on large-scale document
corpora (Zou et al., 2021; Zhang et al., 2023; Ma
et al., 2024). However, such approaches primar-
ily capture domain-specific knowledge from static
data and fail to account for the fact that real-world
query streams continuously introduce novel expres-
sions and emerging linguistic patterns. A more
sophisticated approach is self-evolution techniques,
including self-training (Gulcehre et al., 2023) and
self-reflection (Huang et al., 2023), where a model
leverages its own predictions on unlabeled user
queries to enhance its generalization. While such
approaches have shown promise, applying self-
evolution in industrial-scale search scenarios poses
two fundamental challenges: (C1) informative sam-
ples are sparse and difficult to identify within mas-
sive query streams, and (C2) pseudo-labels gener-
ated by the current model may be unreliable, po-
tentially leading to error accumulation.

To address these challenges, we explore strate-
gies for self-evolving relevance models that can
continuously adapt to massive query streams. To
this end, we develop an LLM-based relevance
model that, given a query and a document, gen-
erates both a relevance score (e.g., 0—4) and the
corresponding rationale. Building on this foun-
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dation, in this work, we propose a Self-Evolving
Relevance Model approach (SERM), which com-
prises two complementary multi-agent modules: a
multi-agent sample miner and a multi-agent rele-
vance annotator. Specifically, the sample miner
monitors incoming queries, detects distributional
shifts driven by diverse user behaviors, and selects
informative training samples where the model lacks
sufficient knowledge to make accurate predictions
(tackling C1). The annotator then produces reliable
learning signals for these samples through a two-
level agreement framework, enabling the model to
iteratively refine itself and adapt to emerging user
intents (tackling C2). To the best of our knowledge,
we are the first to investigate the self-evolution of
relevance models using massive query streams.

We employ a large-scale industrial search plat-
form as a testbed to evaluate the effectiveness of our
approach. Specifically, we conduct experiments
on massive query streams to demonstrate how our
SERM approach enables continuous model evo-
lution. The experimental results demonstrate that
SERM effectively enables the self-evolution of rel-
evance models at scale with massive query streams.
Notably, after three iterations of self-evolution,
SERM achieves a +2.99 point improvement in
NDCG@1 over the baseline model. Moreover, un-
like self-training, which relies solely on the model’s
own predictions and often suffers from severe error
propagation, SERM provides reliable labels that
mitigate this issue, enabling consistent and sus-
tained performance gains.

2 Preliminaries

2.1 Task Formulation

Given a query g and a collection of candidate doc-
uments D = {dy,dsa,- - ,dp}, where m denotes
the number of documents, the goal of a relevance
model is to compute a score for each document
(MacAvaney et al., 2019; Nogueira et al., 2019).
These scores are used to rank documents, allow-
ing the system to return results that best match the
query intent. Here, we focus on document search as
arepresentative case of relevance modeling, though
the term “document” can also encompass other
searchable content such as videos or images.

2.2 Continual Pre-Training

As shown in Figure 1(a), the development of search
relevance models typically follows a two-stage
recipe: continual pre-training followed by super-

vised fine-tuning (SFT). There are two commonly
used approaches for continual pre-training. One
simple approach is to pre-train the model on a large
corpus of documents. This allows the model to bet-
ter capture domain-specific semantics and patterns
(Zou et al., 2022; Wu et al., 2024a).

A second approach is to model relationships be-
tween document attributes. For instance, before
supervised training, we can generate tasks where
the model predicts certain document attributes like
post content, thereby encouraging the model to
understand the internal relationships between dif-
ferent parts of a document (Zhang et al., 2023).

2.3 Supervised Fine-Tuning

After continual pre-training, we use labeled data to
train the model further through SFT. At this stage,
modeling approaches can be broadly categorized
into discriminative and generative methods.

Discriminative Relevance Modeling. The dis-
criminative modeling approach uses a pre-trained
encoder to represent the query ¢ and document d as
feature vectors, which are then fed into a scoring
function to produce a relevance score. Training typ-
ically follows either a pairwise ranking objective
or a regression-based objective. For the pairwise
ranking objective, given a non-relevant document
dg, the model is trained to assign a higher score to
dp than to d, through a Bradley—Terry loss function
(Bradley and Terry, 1952).

La = —E(gda,dy)~D,
[log o (£(g,ds) = f(.d0))] (1)

where D, = (q,d,,dy) denotes the labeled pair-
wise dataset, f(-) is the relevance scoring model,
and o(-) is the sigmoid function. Additionally,
when graded relevance labels y € ) are avail-
able, where ) denotes the set of label tokens (e.g.,
{0,1,2,3}), a regression objective can also be
adopted by minimizing the mean squared error be-
tween the predicted score and the label.

Generative Relevance Modeling. The genera-
tive modeling approach utilizes the generation capa-
bility of LLMs to directly produce relevance judg-
ments. Instead of encoding the query and document
into feature vectors and training a scoring function,
the model is trained to generate a discrete rele-
vance label. The training objective is formulated as
a cross-entropy loss over the target label tokens:

Ly = —Eay~p,logPre(ylg,d) (2)
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(a) Learning from Static Data Using Continual Pre-Training and Supervised Fine-Tuning
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(b) Learning from Massive Query Streams Using Self-Evolution
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Figure 1: (a) Learning from Static Data: The conventional training recipe is to first apply continual pre-training
and then perform supervised fine-tuning on static labeled data. (b) Learning from Massive Query Streams: The
proposed SERM uses a multi-agent sample miner to identify informative samples and a multi-agent relevance
annotator to generate reliable labels, enabling continuous model evolution with massive query streams.

where Pry(+) is the probability distribution defined
by an LLM with parameters 6. This modeling ap-
proach enables the model not only to predict a rele-
vance score but also to generate interpretable ratio-
nales before the score, thereby enhancing robust-
ness in dynamic search scenarios (Zhuang et al.,
2024; Ji et al., 2025). Once trained, the model can
be used as f(-) as described in Eq. 6.

3 Self-Evolving Search Relevance Models

Our goal is to achieve self-evolution, enabling the
model to continuously adapt and refine its rele-
vance predictions based on evolving user queries
and behaviors. To achieve this, we propose the
SERM, which consists of two multi-agent modules:
the multi-agent sample miner (MSM) and the multi-
agent relevance annotator (MRA), as illustrated in
Figure 1(b). The following subsections describe
these modules in detail.

3.1 Multi-Agent Sample Miner

The MSM is designed to identify informative and
challenging query—document pairs from massive
query streams to drive the self-evolution of the rele-
vance model. The basic idea is that not all samples
contribute equally to model improvement: easy or

well-predicted pairs provide little additional infor-
mation, whereas those that reveal the model’s weak-
nesses are far more valuable for further learning.
To this end, the MSM employs multiple comple-
mentary agents, as described below.

3.1.1 Environmental Feedback Agents

We design two agents that capture inconsistencies
between the relevance model and its surrounding
environment. These two agents use feedback sig-
nals from user interactions and auxiliary models to
identify query—document pairs that are potentially
informative and challenging for further learning:

User Feedback Agent. We design an agent
that employs user interaction signals, including
clicks and dwell time, to identify informative
query—document pairs for training relevance mod-
els. This agent evaluates each pair (¢, d) based
on two criteria. First, it detects strong positive
user engagement, determined by (1click(g, d) =
1) V (U(q,d) > ), where 1click(-) indicates
whether document d was clicked for ¢, U(q, d) is
a dwell-time—based engagement metric, and 7, is
the engagement threshold. Second, it assesses the
pair’s difficulty for the current relevance model by
checking whether f(q,d) < 7., where 7, is the con-
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fidence threshold. When both conditions are met,
the agent outputs a feedback signal highlighting the
discrepancy between strong user interest and low
model confidence, thereby recommending the pair
as a valuable candidate for guiding self-evolution.

Click Model Feedback Agent. We design a click
model feedback agent that augments user feedback
by compensating for the biases and sparsity of raw
click signals. In practice, user clicks are often influ-
enced by position and presentation biases (Bar-Ilan
et al., 2009) and tend to be sparse or delayed, par-
ticularly for tail queries or newly introduced doc-
uments (Chuklin et al., 2022). To mitigate these
issues, the agent leverages a pre-trained click model
R, which estimates the probability that a user
would click a candidate document given a query. In-
stead of relying solely on raw click logs, the agent
evaluates each query—document pair by compar-
ing the predicted click probability from R, with
the relevance model’s confidence. If the predicted
click probability exceeds a threshold 7.y, the agent
treats the pair as clicked, i.e., 1¢ick(g, d) = 1.

3.1.2 Intrinsic Feedback Agent

The intrinsic feedback agent uses internal signals
of the relevance model to identify query—document
pairs that best reveal its weaknesses. Specifically,
we design two feedback signals: model disagree-
ment and model uncertainty.

Model Disagreement. We prompt the LLM to
generate K relevance judgments with accompany-
ing rationales using temperature sampling, produc-
ing a set of scores {f*(q,d)}_|. The disagree-
ment among these judgments is quantified as

MD(g, d) = max f (g, d) = f(g.d)] ()

where a larger value indicates greater inconsistency
in the model’s predictions.

Model Uncertainty. We compute the model’s
prediction uncertainty using the entropy of the rel-
evance label distribution:

MU(q,d) = - Pry(y|q.d)
Yy

xlogPro(y [ ¢,d)  (4)

where higher entropy denotes lower confidence and
suggests that the pair is harder for the model. By
jointly considering both disagreement and uncer-
tainty, the agent identifies samples with high incon-
sistency and low confidence, which are particularly
informative for guiding the model’s self-evolution.

Using the designed agents, the MQM module
selects query—document pairs that meet the speci-
fied conditions. Specifically, for each new query, it
samples n candidate documents identified by each
agent, forming a set of trainable query—document
pairs. Duplicate documents are removed during
this process. The union of these sampled pairs con-
stitutes a collection of hard and informative cases,
which are then passed to the MRA module to gen-
erate reliable learning signals.

3.2 Multi-Agent Relevance Annotator

Building on the samples identified by the MSM,
we propose a two-level agreement framework to en-
hance the accuracy and robustness of automated rel-
evance annotation using multiple large-scale mod-
els. This framework operates in two stages: inner-
agreement and inter-agreement, ensuring that the
selected query—document pairs are annotated with
both reliable labels and coherent rationales.

Inner-Agreement Agent. The inner-agreement
agent operates by leveraging multiple LLMs (e.g.,
GPT-40 and Gemini2.5-Pro) to perform relevance
annotation. Acting as autonomous evaluators, the
agent first retrieves external knowledge relevant to
the given query—document pair and then reasons
about its relevance using the retrieved context. To
ensure robustness, the agent employs a multi-path
chain-of-thought strategy (Thomas et al., 2024),
generating multiple independent reasoning paths
for each pair. These reasoning paths produce a set
of candidate relevance labels, which the agent con-
solidates via majority voting to arrive at a stable
label prediction. By internally reconciling diverse
reasoning paths, the inner-agreement agent miti-
gates the randomness of single-pass LLM outputs
and improves intra-agent reliability.

Inter-Agreement Agent. The inter-agreement
agent operates by reconciling the outputs of mul-
tiple inner-agreement agents. After receiving sta-
ble label predictions from each agent, it filters the
results by retaining only those query—document
pairs on which the agents reach consensus, thereby
constructing a high-confidence annotated dataset.
Beyond label selection, the inter-agreement agent
also assumes responsibility for rationale genera-
tion. To this end, it collects all reasoning paths that
support the agreed-upon relevance label and consol-
idates them into a single, coherent explanation. By
enforcing cross-agent consensus and producing uni-
fied rationales, the inter-agreement agent enhances
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annotation quality and ensures that only reliable
signals are passed forward for self-evolution.
Importantly, although MRA employs external
feedback, it fundamentally differs from knowledge
distillation (Kim and Rush, 2016). A detailed
discussion of these differences is shown in Ap-
pendix B.1. In essence, the MRA module func-
tions as a form of evolutionary feedback that it-
eratively corrects and refines the model’s outputs,
rather than transferring static knowledge from a
fixed teacher. This design aligns with recent work
on self-evolving systems, where external tools or
auxiliary models are employed to refine model pre-
dictions and provide feedback signals for sustained
self-improvement (Gou et al.; Zhou et al., 2024b).

4 Experiments

We evaluate our self-evolving approach on an on-
line social platform, focusing on a document search
task and employing the widely used Qwen2.5-7B
and Qwen2.5-1.5B models. Notably, the platform
handles a massive daily volume of user queries
from multiple countries, offering a realistic and
challenging testbed for our research problem.

4.1 Datasets

For continual pre-training, we used a corpus of
100B tokens, primarily derived from the platform’s
document collection. For SFT, we employed 3.6M
labeled query—document pairs, each labeled accord-
ing to its relevance score (ranging from 0 to 3, indi-
cating bad, fair, good, and excellent, respectively).
During self-evolution, each iteration sampled ap-
proximately 700K user query—document pairs from
the platform’s database to run SERM, with itera-
tions spaced two weeks apart to ensure sufficient
shifts in the user query distribution. Note that since
the platform serves users across multiple countries,
our datasets were multilingual, with the language
distribution shown in Table 4 in the Appendix. Ad-
ditionally, given that this work focuses on evolv-
ing relevance models from massive real-world user
queries, existing open-source datasets did not meet
our research needs. Consequently, all datasets used
in this study were collected from real-world indus-
trial application scenarios.

4.2 Settings

All of the trained relevance models, including the
teacher and distilled models, employ a genera-
tive modeling approach, as described in Eq. 2.

For the self-evolution phase, we executed three
iterations, progressively augmenting the training
dataset with each iteration. We used GPT-40 and
Gemini2.5-Pro in the MRA module to generate
three reasoning paths for each query—document
pair. During each iteration, we mixed the newly
generated data, previously generated data, and the
original SFT data, and retrained the model to pre-
vent catastrophic forgetting (Wang et al., 2024a;
Luo et al., 2025). More training settings are shown
in Appendix A.

4.3 Evaluation

We conducted offline testing using an in-house test
set that categorizes languages into three families:
Germanic, Romance, and Minor Languages (He
et al., 2024), with the distribution shown in Ta-
ble 4. This test set was specifically chosen to
better reflect the language distribution and real-
world application scenarios of our models. We
reported model performance based on NDCG@1,
NDCG @4, and relevance accuracy (Acc.). Addi-
tionally, in industrial-scale search scenarios, rele-
vance models must often be distilled into smaller
models to meet strict latency requirements (Yao
et al., 2022). Therefore, we also evaluated the per-
formance of small models distilled from different
trained relevance models. Specifically, we used
Qwen2.5-0.5B as the small model and performed
distillation using all of our SFT data, employing
the Kullback-Leibler divergence-based distillation
method as described in Ye et al. (2025)’s work.

4.4 Baselines

Our baseline for comparison was the traditional
training pipeline, consisting of continual pre-
training followed by SFT on static data (denoted as
CT+SFT). Additionally, to demonstrate the effec-
tiveness of our multi-agent module, we compared it
with the self-training approach. In this baseline, in-
stead of using our MRA module for annotation, we
relied on the relevance model to annotate the data
itself (denoted as Self-Training). It is worth noting
that during the self-training process, we ensured
that the hyperparameters and query-document pairs
used were consistent with those used in SERM to
make a fair comparison.

4.5 Offline Evaluation Results

We conduct offline evaluations on the trained rel-
evance models using a static, large-scale test set.
The results are listed in Table 1. First, compared
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Method Germanic Romance Minor Language
ND@1 ND@4 Acc. ND@I ND@4 Acc. ND@1 ND@4 Acc.
Training with Qwen2.5-7B Model
CT+SFT 84.74  86.68 5530 85.61 87.33 50.74 82.02 84.02 52.89
Self-Training
Iteration 1 84.87 86.75 55774 8582  87.43 5140 8230  84.12 53.83
Iteration 2 84.95 86.78 5585 8572 8735 5185 82.29 84.12  54.25
Iteration 3 84.78 86.72 55.63 85.58 87.33 51.85 8220  84.08 5445
+Distillation ~ 83.86  86.21 54.88  84.75 86.68 5098  81.47 83.50 53.73
SERM
Iteration 1 87.04  87.53 5650 87.72  88.12 52774 84.55 84.96 54.24
Iteration 2 87.27 87.60 57.40 88.01 88.22 5325 84.79 85.05 54.40
Iteration 3 87.56 87.71 57.79 88.14 88.27 5351 8499 8512 55.07
+Distillation ~ 86.78 87.27 5692 87.68 87.84 5274 84.43 84.78  54.42
Training with Qwen2.5-1.5B Model
CT+SFT 84.59  86.63 5475 85.99 87.44 50.24 81.75 8391 51.81
Self-Training
Iteration 1 84.91 86.77 5522 86.07 87.51 51.08 82.00 84.02 53.09
Iteration 2 84.93 86.75 5549 8598 8747 5122 8210 84.05 53.32
Iteration 3 85.04 86.79 5566 8586 8743 51.60 82.19 84.09 53.74
+Distillation ~ 84.17 86.34 5477 84.88 86.79 50.83  81.65 8349 52.86
SERM
Iteration 1 86.64  87.38 5557 87.46  88.02 5198 84.11 84.81 53.51
Iteration 2 87.03 87.52 56.57 87.68 88.09 5255 8446 8493 54.07
Iteration 3 87.30 87.62 56.78 87.83 88.16 5325 84.75 85.03 54.35
+Distillation ~ 86.54 8697 56.06 8696 8733 52770 8440 84.60 53.68

Table 1: Performance of relevance models on various language families. The best result in each group is in bold.
“+Distillation” denotes the distillation of the relevance model from the third iteration to a small LLM (0.5B). “ND@1”
and “ND@4” denote NDCG@1 and NDCG @4, respectively.

to CT+SFT, we observe that both self-training and
SERM show significant improvements, regardless
of whether the model is Qwen2.5-7B or Qwen2.5-
1.5B. This confirms that incorporating large vol-
umes of user query streams into the training pro-
cess effectively enhances model performance. Ad-
ditionally, we observe that SERM outperforms self-
training in terms of both stability and accuracy.
This highlights the effectiveness of the multi-agent
framework and the integration of external knowl-
edge in improving model robustness. Interestingly,
we find that noise can be easily introduced into the
self-training process. For example, in the Qwen2.5-
7B model, the performance of the third iteration on
the Germanic language family significantly drops
compared to the second iteration (e.g., NDCG@1
drops from 84.95 to 84.78). We conjecture that
this is due to error propagation during the self-
training iterations (Zhu et al., 2023). In contrast,

SERM consistently demonstrates stable improve-
ments, which we attribute to the integration of exter-
nal knowledge and annotations that mitigate such
issues. Finally, when comparing the distilled mod-
els, we see that the model distilled from SERM
Iteration 3 outperforms the one distilled from Self-
Training Iteration 3. This further validates the ef-
fectiveness of the SERM approach in delivering
superior relevance model performance.

4.6 Online Testing Results

Online A/B Testing. We conduct an A/B test
on the small model distilled from our 7B model
(SERM Iteration 3), with the results summarized
in Table 2. From the results, we observe that our
model can achieve a significant improvement in 14-
day retention, with a +0.0359% gain and a p-value
of 0.0278, indicating enhanced long-term user en-
gagement. We also find that the model can improve
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Metric Gain P-value Method Germ. Roma. Minor.

User Negative Feedback -1.2081%  0.0001 CT+SFT 86.68 87.33 84.02

Change Query Rago ' -0.0839%  0.0023 SERM 8771 8827 85.12

Change Query Ratio (Longtail) -0.1312%  0.0015 wlo User Feedback 87.01 8793 84.41

14-Day Retention +0.0359%  0.0278 w/o CM Feedback 86.93 88.10 84.39

. . w/o Model Disagreement 86.95 87.74 84.57

Table 2 Performance metrlc§ ffom an online A/B test- wlo Model Uncertainty 8717 8751 84.69
ing using the student model distilled from the Qwen2.5-  ~~~g/o Tnner Agreement ~~ 87.41  88.03  84.97

7B model trained with SERM. The definitions of the w/o Inter Agreement (GPT) 86.48 86.76  83.57

metrics are provided in Appendix A.3. w/o Inter Agreement (Gemini) 86.84 87.47  84.36

r \ :
9.0 ] Random

—_ 8.0 LA [ Longtail | |
L 7.0 —
5 6.0 55 |
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4 4.0 3.8 .
3.0 24 2.6 -
2.0 ’_‘\ | ’_‘\ ]
Germanic Romance Minor Language
Language Family

Figure 2: Side-by-side manual evaluation results com-
paring our proposed SERM with the baseline.

user satisfaction, as reflected by a slight decrease
in user negative feedback by -1.2081% (p-value:
0.0001)!. These findings show the effectiveness of
the SERM approach in enhancing both user reten-
tion and satisfaction through the self-evolution of
the model using massive query streams.

Side-by-Side Manual Evaluation. We further
conduct a side-by-side (SBS) evaluation on our
crowdsourcing platform, where annotators directly
compare the outputs of the experimental system
against the baseline to determine which provides
better relevance. Detailed evaluation settings are
described in Section A.3. The advantage ratio of a
given strategy is computed as:

G-B

G-B+S ®)

Agps =
where GG denotes the number of cases in which the
experimental strategy is preferred over the baseline,
B denotes the number of cases in which the base-
line is preferred, and S denotes the number of cases
in which annotators see no clear difference (i.e., a
tie). A higher Agpg indicates a stronger advantage
of the experimental strategy over the baseline. The
SBS results are summarized in Figure 2. We can
observe that SERM consistently outperforms the

'On our platform, improvements of 0.01% in metrics such
as change query ratio and 14-day retention are considered
significant due to the large user base (see Appendix A.3 for
details). This is also consistent with prior work on industrial-
scale evaluation (Zhou et al., 2025).

Table 3: Ablation study on the MSM module of SERM
using the Qwen2.5-7B model.

baseline on both random and long-tail test samples
across all language families.

4.7 Ablation Studies

To evaluate the contribution of each agent within
the MSM and MRA modules, we conduct an ab-
lation study. Specifically, we re-run the SERM
while removing one component at a time, includ-
ing the user-feedback agent, click-model feedback
agent, model disagreement, model uncertainty,
inner-agreement agent, and inter-agreement agent.
When the inner-agreement agent is removed, each
LLM generates only a single reasoning path. When
the inter-agreement agent is removed, we skip the
external agreement filtering and instead directly ag-
gregate all reasoning results from different LLMs
via majority voting.

Table 3 summarizes the results. First, the results
confirm that each component contributes valuable
and complementary signals, enabling the agents to
more effectively identify informative samples. The
non-overlapping nature of these signals highlights
the importance of integrating all components to
achieve optimal self-evolution performance. Sec-
ond, we find that both the inner-agreement and
inter-agreement agents provide notable gains, un-
derscoring their role in producing more reliable
labels for the model’s iterative evolution. Inter-
estingly, we see that although using a single GPT
model alone for annotation can significantly de-
grade SERM’s performance due to its weaker ca-
pability on relevance tasks, GPT still proves ben-
eficial for agreement analysis. This observation
aligns with recent findings in weak-to-strong gener-
alization (Burns et al., 2024), where a weak model
can help a strong model improve further.

4.8 Effect of 7. and 7., on Performance.

We further evaluate the performance of SERM un-
der different hyperparameter settings. Specifically,
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Figure 3: Performance on different thresholds.

we conduct experiments using the Qwen2.5-7B
model with varying thresholds for the relevance
model (7,) and the click model (7¢;,). For 7., we
test values in {0.1,0.2,0.3,0.4,0.5}, and for 7y,
we test values in {0.05,0.1,0.2,0.3}. We use a
validation set with the same distribution as the test
set to evaluate model performance under each con-
figuration. The results are presented in Figure 3.
Based on these experiments, we select 7. = 0.4
and 7, = 0.1 as the default thresholds for SERM
in subsequent self-evolution experiments.

5 Related Work

Relevance Modeling. Search relevance aims to
rank items, such as documents, images, and videos,
that best satisfy a user’s query intent. Early
approaches relied on pre-trained encoders (e.g.,
BERT (Devlin et al., 2019)) and discriminative
models (Gao et al., 2020; Zou et al., 2021; Li et al.,
2023b,a), while recent advances, inspired by the
success of LLMs (Ouyang et al., 2022; Wang et al.,
2024b; Zhou et al., 2024a; Wang et al., 2025, 2026),
have shifted toward generative approaches. For in-
stance, recent works have prompted LLMs to gener-
ate the relevance of either a single query—document
pair or a query with multiple candidate documents
(Qin et al., 2024; Zhuang et al., 2024). To further
enhance LLM performance on search relevance
tasks, some works have used labeled data to fine-
tune the models, improving their ability to align
with human-labeled relevance judgments (Ma et al.,

2024). Building on this, other works employed
reinforcement learning to better exploit the reason-
ing capabilities of LLMs in relevance modeling
(Tang et al., 2025; Zhuang et al., 2025). More re-
cently, to address the limitations of LLMs in captur-
ing domain-specific patterns, researchers explored
continual pre-training on large-scale search data
(Zhang et al., 2023; Ye et al., 2025).

Self-Evolving Large Language Models. This
work joins a large body of research demonstrating
that LLMs can evolve themselves using unlabeled
data (Huang et al., 2023; Wang et al., 2023). One
approach in this direction is self-training, where the
model leverages its own predictions on unlabeled
data as pseudo-labels and iteratively retrains itself
(Huang et al., 2023; Gulcehre et al., 2023). Despite
its simplicity and effectiveness in semi-supervised
and relatively stable settings, self-training often
suffers from error propagation when the pseudo-
labels are noisy or unreliable (Wang et al., 2021;
Mahmood et al., 2024). Subsequent research has
sought to address these limitations by enriching
the learning signals beyond simple pseudo-labels
(Madaan et al., 2023; Lu et al., 2023).

Multi-Agent Collaboration. The emergence of
LLMs has opened new possibilities for multi-
agent collaboration (Zhu et al., 2025; Tran et al.,
2025). In LLM-based multi-agent collaboration,
each agent is instantiated as an LLM-powered en-
tity capable of reasoning and planning (Qian et al.,
2024; Guo et al., 2024). Systems such as Auto-
GPT, CAMEL (Li et al., 2023c¢), and AutoGen (Wu
et al., 2024b) demonstrate that LLM agents can as-
sume diverse roles and accomplish complex tasks
through dialogue-based coordination. In this work,
we extend multi-agent collaboration to assist the
self-evolution of relevance models.

6 Conclusion

We have explored how to learn from massive query
streams to improve the generalization of relevance
models. We have proposed a self-evolving rele-
vance model approach, called SERM, which in-
tegrates a multi-agent sample miner and a multi-
agent relevance annotator to enable continuous
model adaptation. We validated the effectiveness of
SERM on a large-scale industrial document search
platform through both offline and online testing.
The experimental results show that SERM can con-
tinuously enhance model performance.
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Limitations

Search tasks are inherently diverse, encompassing
not only document retrieval but also modalities
such as image and video search. While the pro-
posed SERM framework is applicable across these
modalities, it is infeasible to exhaustively evaluate
it on each task one by one. Therefore, this work
primarily focuses on document search, which we
consider a representative and widely adopted sce-
nario across modern platforms.
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A Experimental Details

A.1 Setups

Continual Pre-training. Following prior work
(Ye et al., 2025), we first performed continual pre-
training to help the model adapt to our specific
experimental domain. During this stage, we set the
learning rate to le-4 for both the Qwen2.5-7B and
Qwen2.5-1.5B models.

SFT Training. During SFT, we used a learning
rate of 3e-6 with a warm-up strategy applied dur-
ing the first 10% of the training process, and the
training epoch was set to 1. In each iteration of
SERM and self-training, we also adopted the same
learning rate of 3e-6. Note that we applied identical
hyperparameters for both the 7B and 1.5B models.
We also experimented with adjusting the learning
rate according to model size, but observed no sig-
nificant improvement in performance. The prompt
used for SFT training is shown in Figure 5. For
each input, the document included its title, hash-
tags, and summary.

SERM. In our experiments with SERM, we con-
figured the agents as follows. For the user-feedback
agent, we set the dwell-time threshold 7, to 5 sec-
onds and the model confidence threshold 7. to 0.4.
Note that 7,, was determined based on platform-
specific statistics derived from real-world business
scenarios, while 7, was selected empirically as the
optimal value, as shown in Figure 3. During sam-
ple selection, we set n to 4, meaning that for each
query, the sample-mining agents collectively select
up to four candidate documents to form the training
samples. If the number of documents satisfying the
agent’s selection criteria exceeds n, we randomly
sample four; if it is fewer than n, we use all qual-
ifying documents. For the click-model feedback
agent, we set the threshold 7., to 0.1. For the
inner-agreement agent, we generated three reason-
ing paths for each query—document pair to improve
label stability and consistency. The prompt used
for this process is provided in Figure 6.

A.2 Datasets

We present the length distributions of the datasets
used in the pre-training and SFT stages in Figure 4.
Both the continual pre-training and SFT pipelines
follow standard industry practices and do not in-
clude any procedures specifically designed to favor
our SERM. Moreover, the self-training baseline is
constructed using the same pre-training and SFT
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Figure 4: Length distribution of document datasets and
queries used in our experiments.

Germanic Romance Minor Language
Dataset

ENDENL ESPTFRIT IDARJARU
SFT 1,655,040 1,105,927 840,963
SERM (Iteration 1) 359,249 190,630 140,123
SERM (Iteration 2) 354,551 172,343 159,978
SERM (Iteration 3) 358,090 183,872 160,692
SERM (Iteration 4) 328,506 177,393 144,542
SERM (Iteration 5) 335,001 174,200 160,800
Testing 43,793 23,392 18,262
Testing-v2 57,126 33,391 30,261

Table 4: The language distribution and statistics for the
training and test datasets, including data from SFT and
self-evolution (SERM), are based on different language
families: Germanic, Romance, and Minor Languages,
following the classification of He et al. (2024). Note
that “Testing-v2” denotes our latest testing set, which
incorporates newly collected test cases to evaluate better
whether the model continues to self-evolve over time.
The construction and curation of the testing-v2 dataset
are described in Appendix B.2.

setup, which effectively isolates the impact of these
stages from the performance gains observed in our
experiments. As shown in Table 1, under an iden-
tical training recipe with the Qwen2.5-7B model,
SERM consistently outperforms the self-training
baseline by 1-2 points in NDCG @4 at Iteration 3.
This result demonstrates that the improvements
achieved by SERM are not attributable to differ-
ences in pre-training or SFT data, but rather stem
from the proposed self-evolving framework itself.
Additionally, we present the language distribution
and dataset statistics for both the training and test
sets in Table 4. Our evaluation is conducted in
a multilingual search environment, which poses
additional challenges and further highlights the ro-
bustness of the proposed approach.

A.3 Evaluation

Inference of Generative Relevance Models. In
this work, we employ a probability aggregation
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Metric Absolute Gain P-value Unit

User Negative Feedback -2,416,200 0.0001 counts (number of events)
Change Query Ratio -2,409,524 0.0023  counts (number of change-query events)
Change Query Ratio (Longtail) -753,586 0.0015  counts (number of change-query events)
14-Day Retention +25,130 0.0278 user-days

Table 5: Absolute improvements observed in the online A/B test.

approach to derive relevance scores from the
generative relevance model. Specifically, given
a query—document pair (g, d), the model gener-
ates a discrete relevance label token (e.g., y €
{0,1,2,3,4}), where the predicted token reflects
the model’s relevance judgment. To obtain a con-
tinuous relevance score that is more informative for
downstream ranking, we compute the expectation
over the label probabilities as:

flg.d) = "y-Pro(y| ¢,d) 6)

yey

where Pry(y | ¢, d) denotes the probability of gen-
erating label y under the model parameters 6.

A/B Testing Metrics. We report the following
key metrics for evaluating the impact of relevance
models in online A/B testing:

* User Negative Feedback. This metric captures
instances where users provide explicit nega-
tive feedback (e.g., reporting irrelevant or un-
satisfactory results). A lower value indicates
higher immediate user satisfaction.

* Change Query Ratio. This metric measures
the proportion of cases in which users refor-
mulate or issue a new query for the same in-
formation need after the initial search did not
meet their expectations. A lower ratio sug-
gests that the system is more effective at ful-
filling user intent on the first attempt.

* /4-Day Retention. This metric tracks whether
users continue to return to the platform over
a 14-day window. A higher value indicates
stronger long-term engagement and improved
user loyalty.

In the experimental results, although the absolute
percentage improvement appears small, the prac-
tical impact is, in fact, substantial due to the ex-
tremely large user base involved in our online A/B
evaluation. For instance, both the control and

treatment groups contain approximately 70 mil-
lion users. Under such a scale, even a 0.0359%
improvement translates to a significant increase in
cumulative user activity:

0.000359 x 70,000,000 = 25,130 user-days (7)
We also present all the absolute improvements ob-
served in our A/B test results in Table 5. From
the results, although the percentage appears small,
the gain is far from negligible in practice; rather, it
represents a meaningful improvement in long-term
user engagement within a high-traffic industrial
search system. It is also worth noting that such
A/B online testing metrics are commonly used in
search relevance evaluation, and the corresponding
improvements are typically small in absolute terms
due to the extremely large user bases involved (Zou
et al., 2021; Ye et al., 2025; Zhou et al., 2025).

Side-by-Side Evaluation. In our side-by-side
evaluation, the random category refers to a uni-
formly sampled subset of user queries drawn from
the overall production traffic, reflecting the average
distribution of common and frequently occurring
queries. In contrast, the long-tail category consists
of queries that fall into the low-frequency region
of the query distribution, i.e., those appearing be-
low a frequency threshold within the same logging
period. These long-tail queries are typically rare,
emerging, or domain-specific, and are underrepre-
sented in training data, making them substantially
more challenging for relevance models to handle.
Prior work in information retrieval has similarly
emphasized the importance of evaluating models
on low-frequency or long-tail queries, as they bet-
ter reflect robustness and generalization in practical
deployments (Ye et al., 2025).

B More Analysis

B.1 Differences from Knowledge Distillation

In this subsection, we discuss how SERM differs
from conventional knowledge distillation in two
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Method Germanic Romance Minor Language
ND@1 ND@4 Acc. ND@1 ND@4 Acc. ND@I ND@4 Acc.
Training with Qwen2.5-7B Model
CT+SFT 84.74 86.68 55.30 85.61 87.33 50.74 82.02  84.02 52.89
Self-Training
Iteration 4  84.55 86.63 55.54 8544 8726 51.80 82.07 84.03 54.34
Iteration 5 84.44 86.60 5553 8542 8727 51.80 82.01 84.02 54.34
SERM
Iteration4  87.64 8774 5790 88.04 88.19 5396 8498 85.12 5549
Iteration 5 87.47 87.68 57.68 87.86  88.18 5346 84.89 85.08  55.69
Training with Qwen2.5-1.5B Model
CT+SFT 84.59 86.63 5475 85.99 87.44 50.24 81.75 8391 51.81
Self-Training
Iteration 4  84.63 86.65 55.62 85.31 87.23 51,55 81.86 8397 53.70
Iteration 5 84.70 86.66 55.63 8546  87.26 51.57 81.80 8396 53.70
SERM
Iteration 4 87.32 87.60 57.05 87.74 88.12 5339 B84.85 85.06 54.58
Iteration 5 8743  87.64 5722 87.62  88.08 53.77 8494 8510 55.00

Table 6: Results from additional SERM iterations 4 and 5.

key aspects. First, unlike traditional knowledge dis-
tillation where a student passively mimics a static
teacher on a fixed dataset, SERM acts as an active
learner. The “evolution” is driven by the model’s
own internal states. Specifically, the MSM uses
the model’s own uncertainty and disagreement (as
shown in Section 3.1.2) to identify where it is fail-
ing. In this way, the model itself dictates the cur-
riculum of its learning process. If the model were
confident and correct, no evolution would be trig-
gered. Thus, the impetus for improvement is in-
trinsic, even if the supervision is extrinsic. Second,
while traditional knowledge distillation operates
in a static manner, where a fixed teacher trans-
fers knowledge to a student before deployment, our
SERM presents a fundamentally different paradigm.
Specifically, unlike knowledge distillation, SERM
remains adaptive after deployment and is driven by
three forms of dynamism that are intrinsic to indus-
trial search environments: a dynamic environment,
dynamic data, and dynamic annotation.

B.2 Results from Additional SERM Iterations

Performance Saturation on the Static Testing
Set. Table 6 reports results from SERM iterations
4 and 5 trained on newly collected queries from the
most recent month. We observe that performance

gains gradually saturate across later iterations, par-
ticularly for the self-training baseline, whose met-
rics remain nearly unchanged from iteration 4 to
iteration 5. This suggests that, on this relatively
static test distribution, the model has approached
the upper bound of achievable performance. No-
tably, despite this saturation effect, SERM con-
sistently outperforms self-training across all lan-
guage families and both model scales. Even in
later iterations, SERM maintains stable improve-
ments of approximately 1-2 points in NDCG @4
and accuracy, indicating that it continues to provide
higher-quality evolutionary signals than standard
self-training. These observations naturally raise an
important question: Does the observed saturation
indicate that SERM has reached its capacity for
further improving relevance models?

Results on a Newly Collected Testing Set. To
further investigate this question, we construct a
newly collected testing set, denoted as festing-v2,
which incorporates more recent and evolving user
queries. Specifically, testing-v2 augments the orig-
inal testing set with newly emerged query cases
collected in the most recent month, aiming to better
reflect the continuously shifting query distribution
in real-world search environments. The language
distribution and statistics of the testing-v2 are pre-
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Germanic Romance Minor Language
Method
ND@1 ND@4 Acc. ND@1 ND@4 Acc. ND@I ND@4 Acc.
Training with Qwen2.5-7B Model
CT+SFT 71.69 7129 4722 7394 7330 4894 70.08  70.17 47.42
Self-Training
Iteration 1~ 72.07 7176  47.75 74.02 7345 49.03 70.29  70.51 47.56
Iteration 2 7222 7231 4782 7433 73.77 4931 7036  70.68 47.65
Iteration 3 72.31 71.99 4825 7419 73,54 4943 7050 < 70.69  48.04
Iteration4 7246 7244 4844 7431 73.93 50.02 70.76  70.87 48.06
Iteration 5 72.64  72.14 4847 7437  73.60 50.12 70.74  70.80 48.50
SERM
Iteration 1~ 74.07  73.02 4996 75.62 7529 50.62 74.11 74.17  50.48
Iteration 2 7542 7410 50.59 7598  76.87 50.69 74.85 7441  50.65
Iteration 3 7543 7438 50.84 7658  77.51 5091 7510 7448 50.61
Iteration4  76.21 7447 5115 7764 7752 5354  76.51 75.34  52.76
Iteration 5 76.67  74.57 5133 78.04 77.76 53.56 76.63 75.88  53.28
Training with Qwen2.5-1.5B Model
CT+SFT 7133 7094 46.65 73.72 7254 48.69 6890  70.09 46.53
Self-Training
Iteration 1 7194  71.19 4744 7384 7280 4884 6950 7048 47.36
Iteration 2 72.15 7249 4752 74.11 73.01 48.62 6997  70.75 47.45
Iteration 3 72.17 7136 47776 7392 7296 4942 69.67 70.75 47.52
Iteration4 7226  72.66 4753 7406  73.18 4883 70.16  70.87 48.25
Iteration 5 7238 7149 48.14 74.13 73.02 4970 70.02  70.88 48.01
SERM
Iteration 1 7394  73.19 4870 74.55 76.75 5095 7297 7295 49.86
Iteration 2 7425  73.49 49.06 7468  76.78 5151 73.04 7298 49.96
Iteration 3 7449 73778 4928 7630 7696 51.63 73.09 73.16 50.12
Iteration 4  74.83 73.82 49.87 76.81 77.04 5244 7331 74.00 51.08
Iteration 5 7524 7383 5032 7749 77.09 5275 73.81 7430 51.59

Table 7: Results on a newly collected testing set with evolving query distributions.

sented in Table 4. Note that these additional test
queries are not selected based on or aligned with
the training data used in Iterations 4 and 5, ensur-
ing a fair and unbiased evaluation. We re-evaluate
models from Iterations 1 to 5 on testing-v2, and
the results are reported in Table 7. Several impor-
tant observations can be drawn. First, across all
language families and both model scales, SERM
consistently outperforms the self-training baseline
at every iteration, reaffirming the robustness and
general effectiveness of the proposed self-evolution
framework under distribution shifts. Second, unlike
the saturation behavior observed in Table 6, SERM
continues to exhibit monotonic or near-monotonic
improvements across iterations on testing-v2, par-

ticularly in later iterations. This contrast suggests
that the previously observed performance plateau
is largely attributable to the limited capacity of a
fixed test distribution, rather than a degradation or
failure of the SERM mechanism itself. In other
words, while the model may appear saturated un-
der static evaluation, it continues to acquire new
capabilities when assessed against evolving query
distributions.

16702



Given a search query and the document textual content, evaluate the relevance to the query and
assign a relevance score from 0 to 3. The text contents include the title, hashtags, document
summary.

The relevance score should only be selected from 0/1/2/3.

Here is the search query and the textual content.
Query: {query]

Title: {title}

Hashtags: {hashtag}

Summary: {summary }

Figure 5: Template used for training our generative relevance models.
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Assume three experts are conducting document relevance judgment; please judge the relevance
between the query and the documents.

[Query and document Information]
User query: {query|

Document title: {title}

Document hashtag: {hashtag}
Document summary: {summary |

[Contextual Information]

In the online search system, we have the following contextual information:

- Document click-through rate (CTR): {ctr} — The click-through rate represents the ratio of users
who click on the document after viewing it. A higher CTR indicates greater user interest and
engagement with the document.

- Document average dwelling time: {dwell_time} — The average dwell time measures the time a
user spends on a document after clicking on it. A longer dwell time suggests that the user found the
document more relevant and engaging.

- Click model score (0-1): {cm_score} — The click model score estimates the likelihood of a
user clicking on a document based on factors such as relevance and user behavior. A higher score
indicates a stronger likelihood of the document being clicked.

- Relevance score (0-1): {model_score} — The relevance score is an estimated measure of how
well the document satisfies the user’s query via a trained relevance model. A higher relevance score
indicates a closer match to the query intent.

- Model disagreement (0-3): {disagreement_score } — The model disagreement refers to internal
conflicts within the model, where a larger value indicates greater inconsistency in the model’s
predictions.

- Model uncertainty (0-1): {uncertainty } — The model uncertainty measures the confidence of the
model in its predictions. A higher value indicates greater uncertainty.

[Task Definition]

Each expert’s task is to generate the relevance score in JSON format. Experts may hold different
opinions based on their individual judgments. The JSON object must contain the following keys:
- Rationale: a string, reasoning steps on how to generate the relevance score.

- Score: a score ranging from 0 to 3 by the following *Relevance Definition*.

[Relevance Definition]

- 0: Indicates useless, meaning the doc is worthless to the user.

- 1: Indicates low value, meaning the doc only has a little value and can only satisfy the user’s need
to a small extent.

- 2: Indicates pass, meaning the doc has at least some reference value, partially meeting user needs.
- 3: Indicates quite perfect, meaning that the doc satisfies the user’s needs very well.

[Format Definition]

- Your output must always be a list of JSON objects only. The length of the list is equal to the
number of experts.

- Do not use code block markers. Do not explain yourself or output anything else.

Figure 6: Template used for labeling relevance judgments in the MRA module.
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Query tongue piercing

Document
Title I’'m low-key crying
777777777777 Hey, it’s been almost three months since I got my tongue piercing. I changed it
today like I have a few times before, and it was bothering me. I thought it was
Summary because of the new piercing jewelry I put in, but now I can’t get it back in at all.
Good afternoon. Come by this afternoon and we’ll take a look. Bring all the
jewelry pieces you have, or any that you know fit you well. What time do you
,,,,,,,,,,,, close? We're open until 8:15PM. __ _ _ __ _________________.
Hashtag #crying #tonguepiercing
LLM Reasoning #1

The document discusses the author’s experience with a tongue piercing, including
issues with changing the piercing and seeking advice. This is somewhat relevant
Rationale to the query ‘tongue piercing’ as it provides personal insights and experiences
related to tongue piercings, but it does not fully satisfy the query as it lacks

Relevance Score 2

LLM Reasoning #2
The document content is related to the query ‘tongue piercing’ because it talks

about a tongue piercing and the author’s experience with it. However, it does not
provide comprehensive or highly useful information, such as how to get a tongue

Rationale

Relevance Score 2

LLM Reasoning #3

While the document mentions a tongue piercing and some issues the author faced,

it does not provide substantial or actionable information about tongue piercings.

It is somewhat relevant but not highly valuable for someone searching for ‘tongue

,,,,,,,,,,, plercing’.  __ _ __ __ _ __ __________________________.
Relevance Score 1|

Rationale

Table 8: We present a case where the LLM generates reasoning and relevance scores for a query—document pair in
the MRA module. Three different reasoning paths are provided for the query “tongue piercing” and a document that
records a conversation about the author’s experience with a tongue piercing issue and seeking related advice.
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Query wild au aughhh

Document

Title -wild au-
" Summary  cupcakewild au- (long intro) intro:10sec magbago kanany
" Hashtag ~ #aufornow #enhypenau #aumeaning #wildau #yoyoyoyoyoyo

Human-Annotated Rationale
Analyzing the query ‘wild au aughhh’, the most important keywords are ‘wild’ and ‘au’. The

document’s title ‘-wild au-" and the hashtag ‘#wildau’ directly correspond to these keywords. The
term ‘au’ in the context of TikTok and hashtags like “#enhypenau’ often refers to ‘Alternate Universe’,
a popular fanfiction genre. So, the user is likely searching for a ‘wild’ themed ‘Alternate Universe’
story or document. This document is explicitly labeled as a ‘wild au’. The other hashtags like
“#aufornow’ and ‘#aumeaning’ further confirm the content is about the ‘au’ concept. The document is
highly relevant and directly addresses the user’s search intent.

(CT+SFT 06193
_ Self-Training _ 0.7866 (Iteration 1) — 0.6586 (Iteration 2)— 0.4854 (Iteration 3) _ _ _ __ _ __ ___
SERM 0.7378 (Iteration 1) — 0.8735 (Iteration 2)— 0.9389 (Iteration 3)

Table 9: Case 1 of relevance scores assigned by different models. In contrast to Self-Training, which suffers from
performance degradation across iterations, SERM progressively captures the true intent behind the query (“wild
au aughhh”) and assigns increasingly accurate relevance scores to the document, demonstrating superior query
understanding and more effective relevance modeling.

Query how to prepare garlic and lemon
Document
Title Lemon+Garlic

single cup of this drink is enough to clean your kidneys, skin, and much more.

Summary For this powerful drink, we will use a previously washed lemon. Lemon provides
a large amount of vitamin C, potassium, and smaller amounts of other vitamins
and minerals. Finally, we will use a piece of turmeric.

Hashtag #powerofherbs #halamanggamot #herbalplants #healthbenefits

Human-Annotated Rationale
The user’s query is ‘how to prepare garlic and lemon’. The document title is ‘Lemon+Garlic’ and the

summary explicitly mentions mixing lemon with garlic. The summary starts by saying ‘Mix lemon
with garlic...’ and then lists the ingredients needed: ‘a previously washed lemon’ and ’a piece of
turmeric’. Although it doesn’t give the exact step-by-step preparation instructions (like chopping,
blending, quantities), it clearly indicates that it’s a recipe or preparation guide. The document is about
preparing a drink with lemon and garlic, which directly aligns with the user’s intent to learn how to
prepare these two ingredients together. Therefore, the document is highly relevant and likely contains
the exact preparation method the user is looking for.

JCT#SFT 07429 ____.
Self-Training _0.7371 (Iteration 1) — 0.7059 (Iteration 2) — 0.9675 (lteration 3)
SERM 0.9384 (Iteration 1) — 0.9743 (Iteration 2) — 0.9839 (Iteration 3)

Table 10: Case 2 of relevance scores assigned by different models. As shown, SERM increasingly assigns
higher relevance scores across iterations, demonstrating its ability to capture and align with the query’s true
intent—identifying that the document provides guidance on preparing a drink with lemon and garlic.
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