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Abstract

E-commerce search relevance is a critical com-
ponent of retrieval systems. While Large
Language Models (LLMs)-driven Chain-of-
Thought (CoT) modeling has become the dom-
inant paradigm and yielded significant gains, a
critical gap remains: the absence of a system-
atic definition for comprehensive relevance rea-
soning, which leads to significant blind spots
in current approaches. In this paper, we de-
construct the task into three core competencies:
reasoning & knowledge, multi-modal under-
standing, and rule awareness. Accordingly, we
propose LoRE (Large Generative Model for
Search Relevance), a novel two-stage training
framework. We first employ an SFT phase to
instill these capabilities via a progressive CoT
synthesis pipeline, followed by a Reinforce-
ment Learning (RL) phase, which serves as a
regularizer, pruning redundant logic to achieve
precise and robust adjudication. Extensive ex-
periments validate LoRE, outperforming GPT-
5 by 29.1% in Macro-F1 and achieving a rela-
tive 27% online gain, offering a vital reference
for industrial domain-specific post-training.

1 Introduction

Search relevance plays a pivotal role in E-
commerce retrieval systems, which assign scores to
query-item pairs and filter out irrelevant items (Liu
et al., 2022; Carmel et al., 2020; Yuan et al., 2023).
Typically formulated as a classification task, rele-
vance assessment necessitates deep domain exper-
tise and strict rule adherence, thereby imposing rig-
orous demands on a model’s knowledge integration
and reasoning capabilities. Although generalist
Large Language Models (LLMs) like GPT-5 pos-
sess powerful emergent abilities, they suffer from
an inherent “Context Gap” regarding specialized
vertical knowledge and rigid business criteria. To
bridge this divide, recent research (Mehrdad et al.,
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Figure 1: Deconstruction of the relevance task.

2024; Fang et al., 2025) has pivoted to domain-
specific post-training (Herold et al., 2025; Liu et al.,
2025; Zhong et al., 2025), demonstrating signifi-
cant performance breakthroughs.

Strategies for optimizing LLMs in this specific
domain have evolved through two key stages: (1)
Vanilla Supervised Fine-Tuning (SFT) Stage:
Early works like Walmartllm (Mehrdad et al.,
2024) and LPFT (Liu et al., 2024) employed di-
rect classification, with the latter enhancing hard
negative mining. However, this paradigm strug-
gles with out-of-distribution (OOD) generalization
and lacks interpretability. (2) Chain-of-Thought
(CoT) Modeling Stage: This approach prioritizes
explicit CoT reasoning. While ELLM (Zhao et al.,
2025a) introduced attribute matching, it lacks fine-
grained rule awareness. LREF (Tang et al., 2025)
and TaoSR1 (Dong et al., 2025) integrated rule-
following but remained constrained to unimodal
text, overlooking visual cues. These limitations
arise because the literature lacks a clear definition
of what constitutes comprehensive competencies
for relevance tasks.

To address this, we decompose relevance assess-
ment into three core competencies, as summarized
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in Figure 1: (1) Knowledge and Reasoning (Team
et al., 2025; Li et al., 2025b; Feng et al., 2024): The
model must possess domain knowledge to decipher
specialized terminology and robust reasoning capa-
bilities to infer implicit user intent behind the query,
as shown in Figure 1(a). (2) Multi-modal Com-
prehension (Gong et al., 2024; Zhang et al., 2024;
Li et al., 2024): Since item attributes are dispersed
across modalities, the model requires cross-modal
alignment to verify query constraints (e.g., color
or style) against visual evidence, particularly when
textual descriptions are incomplete (Figure 1(b)).
(3) Rule Awareness: Relevance is often governed
by explicit, non-semantic criteria rather than sim-
ple similarity. The model must strictly adhere to
these predefined business rules (e.g., distinguish-
ing new vs. second-hand items) to ensure accurate
adjudication (Figure 1(c)).

To effectively encapsulate these capabilities, we
present LoRE (Large Generative Model for Search
Relevance), a novel framework that employs a two-
stage training regimen. (1) The SFT stage: to
establish foundational capabilities, serving as a
“cold start” for the model. We employ a progres-
sive strategy to synthesize CoT data that encom-
passes all required competencies by sequentially
integrating e-commerce knowledge via RAG, fos-
tering visual reasoning through cross-modal synthe-
sis, and ultimately generating complete reasoning
paths grounded in rule guidelines and teacher LLM
inference. Subsequently, we utilize an adaptive
data ratio strategy during SFT to effectively inject
these reasoning capabilities, thereby elevating the
model’s performance upper bound. (2) Reinforce-
ment Learning (RL) stage: Since SFT tends to
mimic superficial patterns rather than mastering
intrinsic logic, we employ RL to facilitate explo-
ration. This allows the model to rectify data bi-
ases and align with human preferences by suppress-
ing erroneous reasoning. Specifically, we adapt
Reinforcement Learning with Verifiable Rewards
(RLVR) for relevance assessment, incorporating a
curriculum learning (Bengio et al., 2009) strategy
based on cold-start sample difficulty. Furthermore,
we investigate multiple optimization strategies to
mitigate entropy collapse (He et al., 2025a; Yu
et al., 2025), which proved effective in stabilizing
the training process and boosting performance. Our
main contributions can be summarized as follows:

• Systematic Deconstruction: We deconstruct
the search relevance task into three core com-
petencies: knowledge & reasoning, multi-

modal matching, and rule awareness, provid-
ing a structured theoretical basis.

• The LoRE Framework: We propose LoRE,
a two-stage paradigm encompassing the en-
tire pipeline from reasoning data synthesis to
model training, which offers a robust refer-
ence for domain-specific LLM post-training.

• Significant Gains: LoRE demonstrates ro-
bust superiority, outperforming GPT-5 by a
substantial margin of 29.1% in Macro-F1
on the RAIR benchmark (Lu et al., 2025)
while achieving a relative 27% cumulative
GoodRate increase in full-scale deployment.

2 Related Work
2.1 E-Commerce Search Relevance

Traditional relevance methods evolved from sta-
tistical metrics (e.g., BM25 (Robertson and
Walker, 1994), TF-IDF (Sparck Jones, 1988))
to deep semantic models, predominantly catego-
rized into representation-based dual-tower archi-
tectures (Yang et al., 2025b; Humeau et al., 2019;
Huang et al., 2013; Reimers, 2019) and interaction-
based single-tower models like BERT (Devlin,
2018; Liu, 2019; Wang et al., 2019). Recently, the
field has shifted toward generative reasoning driven
by LLMs. Early adaptations (Mehrdad et al., 2024)
leveraged LLMs’ parametric knowledge to address
long-tail queries. Current research focuses on en-
hancing reasoning and alignment: ELLM (Zhao
et al., 2025a) utilizes CoT for explicit attribute ex-
traction, while methods like LREF (Tang et al.,
2025) and ProRBP (Chen et al., 2025) synthe-
size discriminative rules via Direct Preference Op-
timization (DPO) (Rafailov et al., 2024). No-
tably, TaoSR1 (Dong et al., 2025) further advances
this via rule injection and Reinforcement Learn-
ing (DeepSeek-AI et al., 2025) but remains text-
bound. In contrast, LoRE integrates multi-modal
capabilities and employs a progressive pipeline to
synthesize a more comprehensive CoT.

2.2 LLM for Classification
E-commerce relevance is formulated as a genera-
tive classification task. While RL has revolution-
ized reasoning domains, its application to clas-
sification remains underexplored. Notably, Gen-
CLS++ (He et al., 2025b) observes that, unlike in
math tasks, standard CoT often degrades classifi-
cation performance. Similarly, in multimodal set-
tings, Li et al. (2025a) proposed Adaptive-Thinking
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to reconcile reasoning with accuracy. Despite these
advances, the mechanisms driving RL-induced
improvements in generative classification remain
poorly understood.

3 Task Definition

3.1 Relevance Task

While the relevance task is fundamentally a binary
prediction for a query-item pair (Q, I), we adopt
the four-level taxonomy from RAIR (Lu et al.,
2025) ({L1, L2, L3, L4}) to capture granular de-
grees of satisfaction. In this scheme, the levels are
bifurcated such that L1–L2 represent the irrelevant
class and L3–L4 the relevant class. Furthermore,
we decompose user intent into 17 distinct attribute
dimensions (e.g., category, brand) to ensure precise
assessment.

3.2 Rule-Aware Relevance Assessment

Practical relevance assessment demands precision
that extends beyond general logical reasoning. As
is customary in the e-commerce domain, explicit
Rules(R) are employed not to conflict with gen-
eral knowledge, but to supplement it by resolving
ambiguities. This industry-standard approach trans-
forms subjective interpretations into quantifiable
and reproducible metrics. By rigorously defining
constraints—such as specifying time windows for
“new arrivals”—these rules mitigate human bias
and ensure consistent, deterministic adjudication.

Consequently, the relevance assessment task can
be formally modeled as predicting a label y condi-
tioned on these applicable rules, rather than relying
solely on implicit semantic matching. This formu-
lation is defined as:

y = f(Q, I | R) (1)

where R provides the essential constraints and
context to ground the relevance judgment in a con-
sistent, objective, and verifiable manner.

4 Method

4.1 Overview

Section 4.2 details how we progressively synthesize
CoT data and inject these reasoning capabilities
into the model via SFT with adaptive data ratios.
To assess the sufficiency of the cold start in rais-
ing the performance ceiling, we employ pass@8.
As formulated in Eq. 2, this metric measures the
correctness of the binary classification outcome.

pass@8 = 1−
8∏

i=1

(1− pi) (2)

Section 4.3 introduces verifiable outcome rewards
tailored for relevance tasks, aligning the model with
human preferences while suppressing erroneous
reasoning. Here, we focus on pass@1, aiming to
convert the generative potential of pass@8 into
precise, first-attempt accuracy.

4.2 SFT: Comprehensive Reasoning
Capability Injection

4.2.1 Multi-dimensional CoT Synthesis
To endow the model with comprehensive and in-
depth reasoning capabilities, we propose a progres-
sive CoT synthesis pipeline, as illustrated in Fig-
ure 2. This pipeline encompasses three progressive
stages: (1) Query Understanding based on Knowl-
edge Injection & Reasoning, (2) Item Understand-
ing based on Multimodal Comprehension, and (3)
Relevance Assessment based on Rule Awareness.

Step 1: Query Understanding based on Knowl-
edge Injection and Reasoning. While current
LLMs possess extensive general world knowledge,
they often lack the specific e-commerce expertise
required for accurate query understanding. Conse-
quently, they struggle with domain-specific entities
where literal interpretation leads to ambiguity—for
instance, misclassifying the book title “Incredible
Things Also Have Lovers” as “novelty toys”. With-
out such domain priors, precise relevance assess-
ment remains unattainable.

To bridge this knowledge gap, we implement
a Retrieval-Augmented Generation (RAG) mecha-
nism anchored by a dynamic e-commerce database.
Specifically, we enhance Query-side understand-
ing by retrieving titles of high-Click-Through Rate
(CTR) items. Recognizing that click-based signals
may introduce noise, we employ the Qwen3-235B
model to filter these candidates semantically. We
retain 5 relevant item titles(excluding the target
item itself to prevent leakage), thereby minimizing
noise while effectively aggregating the intent be-
hind long-tail queries. Complementarily, we enrich
Item-side context using merchant-supplied “sell-
ing points,” providing refined summaries of core
attributes and competitive advantages. Let KQ and
KI denote the retrieved knowledge; the augmented
context is formulated as:

Contexti = Concat(KQ,KI) (3)
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SFT stage: Progressive CoT Synthesis
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Figure 2: Overview of the LoRE framework, consisting of (1) a progressive CoT synthesis pipeline, (2) adaptive
SFT, and (3) a curriculum-based RL stage with dynamic sampling and clip-higher.

Building on the retrieved knowledge, the model
leverages reasoning to translate query require-
ments—particularly implicit ones—into concrete
attribute constraints. For instance, “summer
clothes” implies unstated attributes like “breath-
able”. We prompt the teacher model (Qwen3-235B-
Instruct) with the augmented context to perform
inference, synthesizing internal and domain knowl-
edge to generate the first reasoning step, CoTstep1:

CoTstep1 = argmaxy Pθ(y | Concat(Qi, Ii, Contexti))

(4)

Step 2: Item Understanding based on Multi-
modal Comprehension. Given that item at-
tributes are presented across both textual and visual
modalities, the model must extract and match fea-
tures from these multi-modal sources after parsing
query requirements. We adopt a two-stage caption-
mediated framework over direct VLM usage to
mitigate reasoning limitations(see Appendix A.1).
Specifically, a VLM extracts visual semantics as
textual descriptions, which are then integrated into
the LLM prompt.

However, generic captioning often omits task-
critical visual cues due to the lack of specific guid-
ance. To address this, we propose a relevance-
guided multimodal CoT generation strategy: First,

we prompt Qwen2.5-VL-72B to generate a ba-
sic image caption, denoted as Cnaive, where TV L

represents a carefully crafted prompt template de-
signed to direct the model’s attention to salient
visual elements in the image.

Cnaive = argmax
y

Pθ(y | TV L, Ii) (5)

Second, to focus on task-relevant details, we inte-
grate the initial caption Cnaive, the attribute anal-
ysis from CoTstep1 and other context into a struc-
tured prompt. This guides Qwen2.5-VL-72B to
regenerate a refined caption Cenhanced, which tar-
gets the specific visual attributes required by the
query:

Cenhanced = argmax
y

Pθ

(
y | Concat(TV L,

Contexti,CoTstep1, Cnaive)
)

(6)

Finally, by injecting Cenhanced, CoTstep1 and
contextual information into Qwen3-235B-Instruct,
we generate the CoTstep2, which effectively encap-
sulates a holistic understanding of the query intent
and item characteristics.

CoTstep2 = argmax
y

Pθ

(
y | Concat(Qi, Ii,

Contexti, CoTstep1, Cenhanced)
)

(7)
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Step 3: Relevance Assessment based on Rule
Awareness. While CoTstep2 bridges the seman-
tic gap, it lacks the rigid verification mandated by
Section 3.2. To enforce rigorous attribute match-
ing, we embed rule constraints directly into the
reasoning steps, allowing the model to internalize
criteria implicitly via demonstration. Specifically,
utilizing industry-specific rule sets R, we construct
a prompt containing R, contexti, ground truth Li

, and the prior CoTstep2. This guides the model to
reverse-engineer a rule-compliant reasoning chain
CoTstep3, which integrates the explicit rule frame-
work with deep semantic comprehension.

CoTstep3 = argmax
y

Pθ

(
y | Concat(Qi, Ii,

Contexti, CoTstep2, Li, R)
) (8)

4.2.2 Adaptive Distillation by SFT
SFT samples. To distill these multi-dimensional
reasoning capabilities into the base model, we SFT
using the synthesized CoTstep3 as training targets,
as formulated in Eq. 9. To facilitate efficient result
extraction and the subsequent RLVR optimization,
we structure the response data to strictly separate
the reasoning chain from the final conclusion as
shown in Eq. 10.

LSFT = −
N∑

i=1

logP (yi|xi; θ) (9)

response = <think></think> <answer></answer>

(10)
Prompt Design. To optimize inference efficiency,
the SFT prompt excludes the exhaustive rule set
R used during data synthesis, retaining only es-
sential instructions, which compels the model to
internalize the adjudication logic into its parame-
ters rather than relying on explicit context, thereby
significantly reducing inference latency. Detailed
templates are provided in Appendix D.

Adaptive Ratio. A critical challenge is deter-
mining the optimal data scale to balance knowl-
edge acquisition against overfitting. To address
this, we employ a sensitivity analysis by incremen-
tally increasing the training data in 10% intervals.
Throughout this process, we monitor Format Ac-
curacy (reflecting reasoning pattern mastery) and
Pass@8 (indicating the performance ceiling). We
adopt an adaptive strategy where the data scale is
expanded until both metrics reach saturation, ensur-
ing the model maximizes its potential without per-
formance degradation(detailed in Appendix A.2).

4.3 RL: Relevance-Oriented Human
Preference Alignment

4.3.1 Basic RLVR Framework
Label-Verified Outcome Reward. We introduce
RL to guide the model to align with human prefer-
ences. We designed a task-specific reward system
(Eq. 11, 12, 13) comprising two components: a
format reward and an outcome reward. Here, o
denotes the model output, L represents the ground
truth across levels L1–L4, BinaryClass B() indi-
cates the binary relevance corresponding to these
levels, and Tpre refers to the 17 types of attribute
deficiency mismatches defined in Section 3.1. tmis

denotes the mismatch type identified by the model
and extracted via regular expressions.

r = rformat + rresult (11)

rformat =





0.1 if o matches Eq.10

−0.1 otherwise

(12)

rresult =





1.0 o = L

0.3 o ̸= L ∧B(o) = B(L) ∧ tmis ∈ Tpre

−0.5 o ̸= L ∧B(o) = B(L) ∧ tmis /∈ Tpre

−1.0 o ̸= L ∧B(o) ̸= B(L)

−1.0 o is unparsable
(13)

The proposed reward mechanism addresses two
objectives: (1) enforcing an Output Constraint by
strictly limiting predictions to the predefined label
set to prevent unconstrained generation; and (2)
mitigating reward sparsity via a Hierarchical Shap-
ing Reward. By assigning partial credit (e.g., 0.3)
to predictions that capture binary relevance despite
fine-grained mismatches, it encourages the model
to prioritize the fundamental decision boundary,
thereby accelerating early-stage convergence.

GRPO Algorithm. Figure 2 illustrates our RL
framework utilizing the GRPO algorithm. We opti-
mize the objective function (Eq. 14) to maximize
the advantage-weighted log probability expectation,
with the importance sampling ratio and advantage
function defined in Eq. 15 and Eq. 16. We discard
KL constraints to facilitate unencumbered explo-
ration. Crucially, to prevent reward hacking, the
format reward (Eq. 12) acts as a structural anchor,
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which effectively functions as a proxy for KL regu-
larization, guaranteeing valid output while allowing
model to freely discover optimal paths.

JGRPO(θ) = Ex,y

[
1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
wtÂt, clip(wt, 1− ε, 1 + ε)Ât

)] (14)

wi,t =
πθ(yi,t|x, yi,<t)

πθold(yi,t|x, yi,<t)
(15)

Âi,t =
ri − mean({rj}Gj=1)

std({rj}Gj=1)
(16)

4.3.2 Training Strategy Optimization
Curriculum Learning. We introduce a curricu-
lum learning strategy in RL training. To assess
sample difficulty, we performed 8 inference runs
per sample using the cold-start model at a set tem-
perature. After excluding trivial cases (where all
predictions were correct), we classified the remain-
ing samples as follows:

Difficulty(x) =





Easy if k(x) ∈ {6, 7}
Medium if k(x) ∈ {3, 4, 5}
Hard if k(x) ∈ {0, 1, 2}

(17)

Subsequently, we implement a three-stage cur-
riculum learning scheme with progressive difficulty,
as detailed in Table 1.
Table 1: Curriculum learning sample allocation. Per-
centages denote the proportion of each difficulty pool
used; samples are non-overlapping across stages.

stage easy mid hard

stage 1 0% 50% 20%

stage 2 20% 30% 30%

stage 3 20% 20% 50%

The curriculum design follows three principles:
(1) Rapid Bootstrap, where Stage 1 targets medium-
difficulty instances to balance feedback and chal-
lenge; (2) Progressive Challenge, increasing diffi-
culty in Stages 2–3 to extend capabilities to edge
cases; and (3) Knowledge Retention, which incor-
porates easy samples to prevent forgetting and sta-
bilize training. We empirically determined the opti-
mal data proportions (Table 1) through grid search.

Dynamic Sampling. To mitigate efficiency de-
cay caused by saturated samples (where Ai = 0
due to consistent outcomes), we introduce a dy-
namic sampling strategy (Yu et al., 2025). This

method discards zero-advantage samples during
rollout and triggers policy updates only when the
accumulated number of effective samples meets
the batch size, thereby optimizing computational
resources.

Clip-higher. The rapid decrease in entropy dur-
ing training restricts the discovery of superior rea-
soning paths. We explored several methods (He
et al., 2025a)(Section 5.5) to slow this decline and
preserve exploration space. Among these, Clip-
higher (Yu et al., 2025) proved to be the optimal
strategy, effectively countering premature stabiliza-
tion and yielding the best performance gains.

5 Experiment

5.1 Setting
Evaluation Datasets and Metrics. We evaluate
our model on RAIR (Lu et al., 2025), a challenging
e-commerce dataset derived from Taobao compris-
ing 48,949 samples, which is stratified into General
(32,123 samples), Hard (10,931 samples), and Vi-
sually Salient (5,895 samples) subsets. Its explicit
taxonomy serves as the basis for our model design.
We employ three metrics for comprehensive evalu-
ation:

Binary Accuracy (Acc@2): Groups L1/L2 as
irrelevant and L3/L4 as relevant to evaluate binary
relevance detection capabilities. Let B(y) map
{L1, L2} → 0 and {L3, L4} → 1:

Acc@2 =
1

N

N∑

i=1

I(B(ŷi) = B(yi)) (18)

Fine-grained Accuracy (Acc@4): Measures the
standard classification accuracy across the four spe-
cific relevance levels (L1–L4):

Acc@4 =
1

N

N∑

i=1

I(ŷi = yi) (19)

Macro-F1: Calculated as the arithmetic mean
of per-class F1 scores to address label imbalance,
where K is the number of classes:

Macro-F1 =
1

K

K∑

k=1

F1k (20)

Baselines. We establish two baselines: (1) Top-
tier LLMs, evaluated in a zero-shot setting using
official parameters and prompts incorporating the
rules R; and (2) Vanilla SFT, trained without CoT
or RL to isolate our framework’s effectiveness.
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Table 2: Main results on the General subset and Long-Tail hard subset. Bold indicates the best performance. LoRE
achieves significant gains, particularly on the Hard subset.

Model General subset Long-Tail Hard subset
Acc@2 Acc@4 Macro-F1 Acc@2 Acc@4 Macro-F1

prompting-based models
Qwen2.5-7B(base) (Qwen et al., 2025) 0.775 0.689 0.395 0.531 0.382 0.312
Qwen3-30B-Instruct (Yang et al., 2025a) 0.763 0.683 0.391 0.587 0.431 0.333
Qwen3-235B-Instruct (Yang et al., 2025a) 0.830 0.676 0.417 0.609 0.381 0.359
Llama3.1-8B-Instruct (Grattafiori et al., 2024) 0.788 0.416 0.224 0.525 0.248 0.200
Llama3.1-70B-Instruct (Grattafiori et al., 2024) 0.774 0.668 0.369 0.547 0.378 0.295
Qwen3-4B-Thinking (Yang et al., 2025a) 0.805 0.720 0.453 0.584 0.419 0.357
Qwen3-30B-Thinking (Yang et al., 2025a) 0.784 0.718 0.457 0.582 0.448 0.362
Qwen3-235B-Thinking (Yang et al., 2025a) 0.779 0.702 0.470 0.585 0.451 0.367
Gemini 2.5 Pro (Comanici et al., 2025) 0.795 0.701 0.483 0.627 0.481 0.392
GPT-5 0.845 0.714 0.433 0.681 0.435 0.407

vanilla SFT 0.929 0.891 0.722 0.671 0.542 0.413

LoRE 0.933 0.897 0.724 0.715 0.582 0.460

Table 3: Results on the Visual Salient subset.

Model Visual salience subset

Acc@2 Acc@4 Macro-F1

prompting-based models
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) 0.535 0.285 0.230
Qwen2.5-VL-32B-Instruct (Bai et al., 2025) 0.647 0.467 0.339
Qwen2.5-VL-72B-Instruct (Bai et al., 2025) 0.608 0.420 0.267
Gemini 2.5 Pro (Comanici et al., 2025) 0.670 0.561 0.377
GPT-5 0.682 0.508 0.369

Vanilla SFT 0.638 0.574 0.378

LoRE 0.698 0.627 0.426

5.2 Offline Evaluation
Both Vanilla SFT and LoRE utilize the Qwen2.5-
7B backbone (Appendix C.1) and are evaluated
using greedy decoding. We exclude target and its
textually identical items from the RAG pool during
inference to prevent leakage, ensuring reliance on
reasoning rather than memorization.

Tables 2 and 3 present our main experimental
findings, summarized as follows:

1. Domain-specific SFT yields substantial
gains. SFT models significantly outperform base-
lines, including closed-source SOTA models like
GPT-5, across both General and Hard subsets. This
is most pronounced on the General subset, where
LoRE surpasses GPT-5 by 8.8% in Acc@2 and
29.1% in Macro-F1, proving that CoT rule injec-
tion outperforms explicit prompting, while also
confirming effective domain knowledge acquisi-
tion.

2. CoT modeling refines high-performance
baselines. On the General subset, the Vanilla-
SFT baseline already achieves saturation (0.929
Acc@2), significantly outperforming GPT-5.
LoRE yields a further marginal gain of 0.4%, in-
dicating that while SFT suffices for routine in-

distribution data, LoRE provides incremental im-
provements on top of this strong baseline.

3. Reasoning injection boosts performance
on Hard samples. Unlike on the General sub-
set, Vanilla-SFT struggles with the Long-Tail Hard
subset, showing negligible advantages over GPT-
5 (0.671 vs. 0.681 Acc@2) due to limited rea-
soning capabilities. In contrast, LoRE achieves
a breakthrough with an Acc@2 of 0.715 (+4.4%)
and Macro-F1 of 0.460 (+5.3%), surpassing strong
models like GPT-5. This confirms that the synergy
between synthetic CoT and RL amplifies discrimi-
native power on long-tail, challenging scenarios.

4. Relevance-guided captions enhance multi-
modal reasoning. As shown in Table 3, Vanilla-
SFT lacks advantages over advanced VLMs on
visual samples. However, LoRE’s visual relevance
enhancement strategy achieves a 4.8% relative im-
provement in Macro-F1 over GPT-5, proving that
integrating multimodal information into CoT sig-
nificantly boosts cross-modal understanding.

5.3 Online A/B Testing
We conducted a full-scale deployment on the
Taobao platform to validate based on LoRE
via three strategies: (1) Cache Deployment:
Pre-computes scores for high-frequency query-
item pairs using LoRE. (2) Knowledge Distilla-
tion(Appendix C.2): Distills LoRE into the on-
line lightweight model using 60M generated sam-
ples. (3) System Strategy Update: leverage LoRE
scores in downstream ranking, balancing objectives
through Pareto optimization. We report GoodRate
(the proportion of relevant items displayed). As
shown in Table 4, these approaches achieved a cu-

30760



mulative relative +27.0% improvement.
Table 4: Online A/B testing results on Taobao platform.

Strategy GoodRate

Cache Deployment +4.8%
Knowledge Distillation (60M) +9.5%
System & Strategy Update +12.7%

Overall +27.0%

5.4 Ablation Study
As shown in Table 5, our stepwise ablation vali-
dates each component. The Base model employs
vanilla SFT on reasoning paths derived from the
query, item, and labels by a teacher LLM.

SFT Insights: The effectiveness of our cross-
modal CoT synthesis is evidenced by the gain
from Enhanced Caption. Crucially, Rules Inte-
gration provides the most significant boost, espe-
cially in Macro-F1 (+9.0%). This indicates that
without explicit rules, the model struggles with
fine-grained boundaries, whereas rule injection ef-
fectively sharpens these distinctions. RL Insights:
Naive GRPO proves insufficient for substantial
gains over the strong cold-start model. It is the
introduction of advanced strategies—specifically
Curriculum Learning and clip-higher—that un-
locks the full potential of RL, resulting in the final
robust performance.

Table 5: Ablation study on the General subset.

Method
General Subset

Acc@2 Acc@4 Macro-F1

Phase 1: SFT
Base (Vanilla CoT) 0.815 0.738 0.501

+ RAG 0.823 0.741 0.507
+ Naive Caption 0.828 0.752 0.513
+ Enhanced Caption 0.834 0.759 0.521
+ Rules Integration (cold-start) 0.887 0.810 0.611

Phase 2: RL (from cold-start)
+ GRPO 0.904 0.852 0.657
+ Curriculum Learning 0.921 0.871 0.674
+ Dynamic Sampling 0.926 0.885 0.693
+ clip-higher (LoRE) 0.933 0.897 0.724

5.5 Analysis and Discussion
Impact of CoT Distillation Paradoxically, while
CoT distillation expands the capability upper
bound (Pass@8), it degrades single-pass reliability
(Pass@1) (Table 6). We attribute this instability to:
(1) exposure bias from training-inference discrep-
ancy; and (2) a tendency to "over-reason" on simple
queries (Appendix A.3). This trade-off is partic-
ularly revealing on the Hard Subset: Vanilla SFT
exhibits rigid behavior where its Pass@8 (0.678)
barely exceeds its Pass@1 (0.671), indicating a

fundamental capability ceiling. In contrast, CoT
distillation achieves a remarkable Pass@8 of 0.733,
representing a significant +5.5 pt potential gain,
despite a temporary Pass@1 drop to 0.648. This
confirms that CoT injection provides a substantially
higher solution upper bound for complex long-tail
queries by expanding the “possibility space.” RL
proves indispensable here as a logic pruning mech-
anism: by penalizing incorrect outcomes, it im-
plicitly suppresses the error-prone redundancy, ef-
fectively collapsing this expanded potential into
deterministic high performance.
Table 6: Performance comparison between vanilla SFT
and cold-start model with CoT distillation on the Gen-
eral and Hard subsets.

Models
General Subset Hard Subset

Pass@1 Pass@8 Pass@1 Pass@8

Vanilla SFT 0.929 0.937 0.671 0.678
Cold-start 0.887 (-4.2%) 0.964 (+2.7%) 0.648 (-2.3%) 0.733 (+5.5%)

Entropy Collapse Optimization: A Compari-
son To mitigate entropy collapse, we compared
clip-higher against two alternatives: (1) On-policy,
which performs a single gradient update per sam-
pled batch to enforce strictly fresh exploration; and
(2) Explicit Entropy Regularization, which adds
a penalty term to the loss to directly counteract
entropy decay. As shown in Figure 3, clip-higher
achieves the optimal trade-off. It moderates the rate
of entropy decline rather than halting it, ensuring
stable convergence alongside sufficient exploration.
In contrast, the On-policy approach maintains ex-
cessive entropy, hindering convergence, while En-
tropy Regularization suffers from instability, as the
penalty term tends to dominate the loss in later
stages, leading to training collapse.
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(b) Reward comparison
Figure 3: Experimental comparison of three entropy
collapse mitigation strategies.

Importance Sampling Granularity Exploration.
We compared token-level importance sampling
against the sentence-level approach (Zheng et al.,
2025; Zhao et al., 2025b) that applies unified se-
quence weights. As shown in Figure 4, although
sentence-level sampling stabilizes rewards, it ac-
celerates entropy collapse. For structured rele-
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Figure 4: Experimental comparison between token-level
and sequence-level importance sampling.

vance tasks, this leads to premature convergence
and restricted exploration. Consequently, the finer-
grained token-level sampling yields superior per-
formance.

6 Conclusion
In this work, we deconstruct relevance modeling
into LoRE, a framework integrating reasoning in-
jection (SFT) and preference alignment (RL). Our
findings suggest that for vertical domains, internal-
izing expert rules via progressive CoT and verifi-
able RL constitutes a superior paradigm compared
to generic large-scale prompting. Extensive ex-
periments validate this approach, demonstrating
LoRE’s robust superiority over existing baselines.

Limitations

Despite the promising results, this study relies pri-
marily on outcome-based rewards derived solely
from the final relevance labels. This sparse reward
signal presents a limitation in granularity: it treats
the entire reasoning chain as a black box, poten-
tially reinforcing erroneous reasoning paths when
they coincidentally lead to the correct prediction
(i.e., the "right answer for the wrong reason" phe-
nomenon). In reality, the relevance assessment
process can be explicitly decomposed into three
distinct and verifiable stages: Query Understand-
ing, Item Understanding, and Relevance Judgment.
Since each of these sub-steps possesses determin-
istic criteria for evaluation, there is an opportunity
for finer-grained supervision. In future work, we in-
tend to explore Process Reward Models (PRMs) to
provide step-by-step feedback, thereby mitigating
the accumulation of reasoning errors and further
enhancing the model’s interpretability and robust-
ness.
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A Extending Quantitative Analysis

A.1 Multimodal Modeling: VLM or
Two-Stage LLM?

A more intuitive approach to modeling multi-modal
capabilities for relevance tasks is to directly lever-
age VLMs, as they inherently possess image un-
derstanding capabilities without requiring addi-
tional caption synthesis. We conducted exploratory
experiments on this approach: we employ the
teacher model Qwen2.5-VL-72B to sequentially
complete two steps—knowledge and reasoning
CoT generation, followed by rule-aware CoT gen-
eration—thereby synthesizing multi-dimensional
CoT data. Subsequently, using the same two-stage
training configuration (SFT and RL), we trained
the Qwen2.5-VL-7B model, which has a compara-
ble parameter to the LLM base model employed in
this study.

Table 7: Performance comparison of VLM-based and
LLM-based methods on the general subset and Long-
Tail Hard subset.

Model
General subset Long-Tail Hard subset

Acc@2 Acc@4 F1 Acc@2 Acc@4 F1

VLM-base 0.912 0.878 0.670 0.692 0.577 0.413
LLM-base 0.933 0.897 0.724 0.715 0.582 0.460

Table 8: Performance comparison of VLM-based and
LLM-based methods on the Visual salience subset.

Model
Visual Salient subset

Acc@2 Acc@4 Macro-F1

VLM-base 0.703 0.645 0.526
LLM-base 0.698 0.627 0.426

Tables 7 and 8 present a performance compari-
son between VLM-based and LLM-based models.
On both General and Hard datasets, the LLM-based
method significantly outperforms its VLM counter-
part, particularly in Macro-F1 metrics. We attribute
this advantage to two factors: (1) LLMs inherently
possess stronger reasoning and knowledge integra-
tion capabilities; and (2) the relevance-guided cap-
tioning acts as an effective visual attention filter,
retaining only query-relevant elements while dis-
carding visual noise. This abstraction proves suf-
ficient for most cases where relevance hinges on
key visual objects. Conversely, VLMs excel on the
Visual Salient subset, aligning with expectations.
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Figure 5: Evolution of pass@8 and format correctness
rate with varying data proportions in SFT process.

These cases demand fine-grained, pixel-level vi-
sual attention that captions may overlook, whereas
VLMs process raw images directly, preserving in-
tricate visual details essential for subtle judgments.

A.2 Scaling law effects in SFT

In Section 4.2.2, we propose a data efficiency anal-
ysis by incrementally scaling the training set from
10% upwards. We focus on Format Accuracy and
Pass@8 to gauge instruction following and reason-
ing potential, respectively.

Figure 5 reveals distinct convergence behaviors:
format alignment is achieved early (98% accu-
racy at 20% data), whereas reasoning capability
(Pass@8) grows steadily before plateauing. We
observe that performance gains become negligible
beyond 60% data usage. To maximize training effi-
ciency without compromising capability, we adopt
this 60% threshold as the optimal configuration for
our cold-start model.

A.3 Long CoT is not necessary for better
performance.

Studies such as DeepSeek-R1 have observed
the emergent phenomenon of long CoT and the
model’s “Aha Moment.” We similarly conducted a
tracking analysis of the dynamic changes in model
output length during the reinforcement learning
process, with results presented in Figure 6. The ex-
perimental findings reveal that as model capability
continues to improve, the output length exhibits an
overall decreasing trend and eventually stabilizes.
This phenomenon suggests that long CoT are not a
necessary condition for model capability enhance-
ment, but rather an accompanying phenomenon
during the training process. Further analysis indi-
cates that different task types exhibit significant
variations in their requirements for reasoning chain
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length: tasks such as mathematical computation
and code generation typically necessitate longer
step-by-step reasoning processes. For the relevance
task, accurately identifying query intent and item
attributes, and reasoning based on discrimination
rules, constitutes an intuitive and clear chain of
thought. Redundant reasoning processes beyond
this do not yield performance improvements.
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Figure 6: Response length variation during RL training.

Query Item Ground Truth LoRE(from cold-start)

Small 
snacks

Mini Crispy Instant 
Noodles Hot Chicken 
Flavor - Bulk Snack 
Gift Box

Title

L4

cold-start

<think> The user query is "snacks," which is a typical hypernym 
referring to a category of products rather than a specific item. 
According to the judgment criteria, it is necessary to determine 
whether this hypernym has a precise referent in common usage.

"Snacks" in everyday use does not specifically refer to any particular 
type of snack, but rather broadly indicates all small-portioned foods 
suitable for casual consumption, such as chips, candy, crispy noodles, 
nuts, etc. Therefore, "snacks" is a hypernym without precise 
reference. In such cases, as long as the returned product belongs to 
common casual foods that fit the definition of "snacks" and possesses 
characteristics like portability, ready-to-eat convenience, and 
suitability for everyday snacking scenarios, it can be OK.

The product title explicitly contains the keyword "leisure snacks," and 
the product is a puffed food of the "crispy noodles" category with a 
net weight of 14g, representing a typical ready-to-eat small-portion 
snack that aligns with the consumption scenario and user expectations 
for "snacks." The product format is a multi-pack combination, suitable 
for typical snack usage scenarios such as student dormitories and 
daily cravings. The brand is "Yiwanxiang," which, though not a well-
known brand, does not affect its attribute matching as a snack. The 
"puffed food type" in the product details is "crispy noodles," which 
also belongs to one of the common categories of snacks.

Additionally, the product images display individually packaged crispy 
noodles with a crispy appearance, golden color, and diverse packaging, 
further reinforcing its attributes as a leisure snack. The SKU offers 
various specifications, including trial packs and bulk packs, meeting 
different users' quantity-based purchasing needs for "snacks."

In summary, this product is highly consistent with the query intent of 
"snacks" in terms of category, attributes, usage scenarios, and 
packaging format, fully embodying users' core needs for snacks. 
</think>
<answer>L4</answer>

<think>The user search term is "snacks," 
which represents a broad category demand. 
The product title explicitly includes "leisure 
snack gift pack," and the product details 
describe it as a ready-to-eat snack, meeting 
the user's category needs for "snacks." 
According to the L4 determination principle, 
when the attributes and category intent of 
the search term are fully reflected in the 
product information, it is determined as L4. 
Here, the user has not specified a particular 
brand, flavor, or specification, while the 
product, as a mixed-flavor crispy noodles 
gift pack, belongs to the broad category of 
snacks, and the title directly echoes the 
"snacks" keyword</think>
<answer>L4</answer>
 

Figure 7: Example analysis of capabilities required for
relevance evaluation.

To further substantiate this, we present a qualita-
tive comparison in Figure 7. The query “Small
snacks” represents a straightforward category-
based intent. Theoretically, a correct judgment re-
lies solely on identifying the category match (high-
lighted in red), without requiring complex attribute
deduction.

The cold-start model, characteristic of early-
stage exploration, falls into the trap of “over-
reasoning.” It expends excessive tokens perform-
ing linguistic definitions (e.g., explaining “hyper-
nyms”), analyzing peripheral visual details (e.g.,
“golden color”), and validating irrelevant attributes
like packaging specifications. While the final an-
swer is correct, the reasoning process is filled with
noise and redundant verification.

In stark contrast, LoRE demonstrates a crystal-

lized reasoning path. It bypasses semantic defini-
tions, directly locks onto the core category align-
ment (Query: “snacks” → Title: “leisure snack gift
pack”), and immediately applies the L4 judgment
rule.

This contrast confirms that unlike mathematical
computation which necessitates step-by-step ex-
pansion, relevance estimation favors an “Occam’s
Razor” approach: the RL process effectively opti-
mizes the policy by pruning redundant logic. Cru-
cially, this analysis offers a tangible explanation
for the Pass@1 degradation observed in naive CoT
distillation. The “Cold-start” model illustrates how
overly long, redundant reasoning chains introduce
noise, thereby increasing the probability of error
accumulation. This further validates the necessity
of RL: it functions as a critical mechanism to prune
superfluous cognitive steps, robustifying the policy
against the fragility inherent in verbose reasoning.

B Case Study

From a qualitative perspective, we demonstrate the
model’s improvements across multiple capability
dimensions through representative cases, as shown
in Figure 8:

Knowledge. In Case 1, the query term is “Capy-
bara” and the item title is "water pig plush toy."
After distillation from the teacher model, the model
has internalized sufficient world knowledge to rec-
ognize that “Capybara” is an alternative name for
“water pig,” thereby correctly determining their rel-
evance.

Reasoning. In Case 2, the query is “8 month
maternity clothes", while the item title contains no
explicit exclusion keywords regarding pregnancy.
Through reasoning capability, the model analyzes
that: the user’s intent for “maternity wear” in-
herently implies a functional demand for loose,
strictly comfortable cuts to accommodate physical
changes; conversely, the item emphasizes a “Slim
Fit” design, which implies a silhouette structured to
hug the body closely. The model deduces that this
specific design attribute is functionally incompati-
ble with the spatial and comfort requirements of the
target demographic, identifying a hidden mismatch
in applicability, leading to a correct judgment.

Multimodal Understanding. Case 3 represents
a typical scenario of joint text-image discrimina-
tion. For the query “1/4 Black Soft,” the model suc-
cessfully correlates the title attribute “Black Soft”
with visual evidence. Crucially, this capability is
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explicitly attributed to the Relevance-guided Cap-
tioning module (teacher VLM), which accurately
extracted the key text “Kase MAGNETIC BLACK
MIST 1/4” engraved on the item from the image.
By converting this pixel-level signal into explicit
text, the pipeline enables LoRE to synthesize visual
and textual cues for coordinated reasoning, demon-
strating the synergy between the VLM captioner
and the reasoning model.

Query Item Ground Truth LoREAbility

Capybara 
plush toy Knowledge

Official water pig 
Plushie Hanging 
Charm Stuffed Toy 
Doll Keyring

Title

L4

<think> In the user query "Capybara 
plush toy," the term "Capybara" is an 
alternative name for the water pig. 
The product title clearly contains 
"Authentic Capybara Lulu Plush Toy," 
which directly corresponds to the 
user's demand for a capybara plush 
toy....... </think> <answer>L4</answer>

8-month 
maternity 
clothes

Reasoning Grey V-Neck Knitted 
Cardigan - Elegant & 
Slimming

Title

L2

<think> The user query "maternity 
wear for August" seeks clothing for 
pregnant women, which inherently 
requires loose-fitting and comfortable 
designs. However, the item explicitly 
emphasizes a slim-fit style that hugs 
the body closely, directly 
contradicting the fundamental needs 
of maternity wear...... </think> 
<answer>L2-Style mismatch</answer>

1/4 Black 
Soft

Multi-modal
Kase Black Diffusion 
Filter / Soft Focus 
Lens - 43mm 46mm 
49mm 52mm - 
Suitable for Canon 
Nikon Sony

Title

L4

<think> In the user query "1/4 black 
soft," the term "black soft" refers to 
black soft filters. In the product 
information, the title clearly contains 
"black soft filter," and the product 
image shows the filter body is 
engraved with "Kase MAGNETIC 
BLACK MIST 1/4," directly matching 
the "1/4" specification in the user's 
query......</think> <answer>L4</answer>

Iphone Rule-aware
Official Flagship 
Genuine 2024 
Second-hand 15 Pro 
Ultra-thin Large 
Screen Mobile 
Phone

Title

L3

<think>The user query is "iphone," 
indicating Apple brand smartphones. 
The product belongs to the Apple iPhone 
15 Pro model, but is labeled as pre-
owned. Per the L3 rule for model-
specific searches, when a user searches 
for a particular model and receives a 
used product of that model in 
return......</think> <answer>L3</answer>

VanillaSFT

L1

L4

L2

L4

Figure 8: Example analysis of capabilities required for
relevance evaluation.

Rule Compliance. In Case 4, the attribute
matching between query and item is not inherently
complex, but the sample belongs to a special case
stipulated by rules: "searching for normal items
but returning second-hand items should be judged
as L3 (weakly relevant)." After rule-aware CoT
modeling, the model has acquired sufficient rule
compliance capability to accurately identify and
apply such business rules.

C Implementation Details

C.1 Offline Training
We utilize Qwen2.5-7B (Qwen et al., 2025) as the
backbone model. For SFT, we employ the AdamW
optimizer with a learning rate of 1e−5 and a global
batch size of 256. The model is trained on 32
NVIDIA H20 GPUs for approximately 17 hours.
For RL, we configure the rollout batch size to 256,
group size to 8, and sampling temperature to 1.0,
upper bound of clip-higher to 0.28. The training
batch size is set to 256. This phase requires 39
hours of training on 128 NVIDIA H20 GPUs.

Our training data were collected from Taobao
search logs and labeled by professional annota-
tors strictly adhering to the guidelines established
in RAIR (Lu et al., 2025). We partitioned the
dataset into training and validation sets at a 9:1

Prompt: E-commerce Relevance Assessment
with CoT
You are an expert in e-commerce relevance analysis. Your
task is to assess the relevance between a user Query and a
item based on provided information.
Key Attributes: Pay attention to Category, Brand, Style
Details, Material, Target Audience, Season, Model ID,
Specifications, Shop, Color, Function, Accessories, Set/S-
ingle, Price, Year, Special Attributes, and IP image.
Instructions:

• Synthesize Information: Combine insights from the
item Title, Shop, Details, Selling Points, and Image Cap-
tion.

• Reference User Intent: Analyze the Top Clicked Items
to infer the user’s implicit intent (e.g., preferred style or
category). Note: High CTR may stem from popularity
rather than relevance; treat these items strictly as
auxiliary context to avoid bias.

• Leverage Selling Points: Use Item Selling Points to
identify specific item highlights or hidden attributes that
satisfy the query.

• Chain of Thought (CoT): You must enclose your rea-
soning process within <think> and

</think>

</think>

tags before outputting the final result.

• Output Format: For L2 cases, specify the
mismatch type in brackets, e.g., [L2-Style
Mismatch].

Relevance Levels:

• L1 (Irrelevant): Complete category mismatch with no
association.

• L2 (Partially Irrelevant): Category mismatch but re-
lated; or Category matches but key attributes (e.g., Brand,
Spec, Gender) fail.

• L3 (Closely Relevant): Proximate category/attributes
but lacks full intent alignment; or contains minor at-
tribute conflicts.

• L4 (Perfectly Relevant): Completely satisfies the query
intent.

Input:
User Query: {query}
Top Clicked Items: {top_click_titles}
Item Title: {title}
Item Shop: {shop_name}
Item Selling Points: {selling_points}
Item Details: {detail_info}
Item SKU: {sku_info}
Image Caption: {image_caption}

Figure 9: The prompt template used for relevance assess-
ment. We explicitly instruct the model to treat high-CTR
items as reference-only to mitigate popularity bias.
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Table 9: Definitions of the 17 intent dimensions consti-
tuting our refined relevance rule system.

Dimension Definition

Category The primary classification of the good (e.g., dress, smartphone).
Style Aesthetic style or visual design (e.g., vintage, Korean-style, thickened).
Special Special queries involving abstract needs, promotions, or new arrivals.
Audience Target demographics, including gender and age group (e.g., for kids, men).
Bundle Constraints on set completeness or quantity (e.g., suit vs. single jacket).
Season Applicable time or season of use (e.g., summer, winter thermal).
Color Visual color attributes (e.g., red, navy blue).
Brand Specific brand requirements (e.g., Nike, Apple).
Material Composition material of the product (e.g., cotton, leather).
Component Relationship between the main product and accessories/parts.
Specification Technical parameters (e.g., size, weight, capacity).
IP Intellectual Property rights or character associations (e.g., Disney, Marvel).
Function Specific efficacy or usage scenarios (e.g., whitening, gaming).
Attributes Other specific product properties not covered above (e.g., second-hand, origin).
Year Specific model year or vintage (e.g., 2023 version).
Store Constraints on the seller or channel (e.g., official flagship store).
Feel Subjective perception of fit or tactile quality (e.g., soft, lightweight feel).

ratio. The validation set was specifically utilized to
determine the optimal data ratio for the Supervised
Fine-Tuning (SFT) stage.

C.2 Online Distillation

To address the architectural distinction between
the offline data generation pipeline and the online
inference system, we clarify our asymmetric distil-
lation strategy. This design balances the trade-off
between maximizing reasoning accuracy and satis-
fying strict industrial latency constraints.

Offline Teacher (Accuracy-Oriented): Dur-
ing the construction of synthetic training data, our
primary goal is to reach the highest possible accu-
racy upper bound. Therefore, the teacher model
(LoRE) utilizes a resource-intensive configuration:
it integrates Relevance-guided VLM Captioning
to extract visual details, employs RAG to incorpo-
rate top-5 historical high-CTR items for user intent
alignment, and processes comprehensive textual
metadata (full selling points and detailed descrip-
tions).

Online Student(Latency-Oriented): Con-
versely, for the online serving stage, real-time ac-
cess to VLM modules or retrieval engines is compu-
tationally prohibitive. Consequently, the deployed
student model is a lightweight BERT-like model.
It operates on a streamlined input schema consist-
ing solely of the User Query, item Title, and
Truncated Key Attributes. Despite lacking di-
rect access to visual and historical context during
inference, the student model effectively approxi-
mates the teacher’s decision boundaries via knowl-
edge distillation.

D Prompt Details

To ensure reproducibility, we provide the prompt
used for SFT as shown in Figure 9.

E Intent Dimension Taxonomy

Our refined taxonomy comprises 17 distinct intent
dimensions for characterizing query-product mis-
match types. The full definitions are provided in
Table 9.
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