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Abstract—Few-shot classification of tabular data is challeng-
ing due to the limited labeled samples and unstable decision
boundaries. Most existing approaches rely on statistical pattern
matching or shallow metric learning, which often fail to capture
the underlying semantic structure of tabular features, such as
domain constraints and column meanings, under extreme data
sparsity. As a result, models are prone to overfitting or boundary
collapse in low-shot regimes. To address this problem, we propose
SSEC (Semantic Self-Enhanced Few-Shot Classification), a learn-
ing method that explicitly incorporates semantic reasoning into
few-shot tabular classification. SSEC constructs structured class-
level semantic representations from limited labeled samples and
iteratively refines them through an adversarial reasoning process,
which sharpens decision boundaries and suppresses spurious
correlations. Unlike purely statistical methods, SSEC leverages
semantic constraints to provide a stronger inductive bias for few-
shot learning. Experiments on multiple public tabular bench-
marks demonstrate that SSEC performs competitively across
varying few-shot settings, with particularly strong results in the
4-shot and 8-shot regimes. These results indicate that semantic
enhancement is an effective strategy for improving robustness
and generalization in few-shot tabular classification.

Index Terms—few-shot learning, tabular data classification,
large language models, adversarial reasoning, human-in-the-loop

I. INTRODUCTION

In the era of the digital economy, data has solidified
its status as a core strategic asset, underpinning intelligent
governance and value creation across industries [1]. As organi-
zations accelerate their digital transformation, the capacity to
classify data accurately and efficiently becomes a prerequisite
for data security, privacy compliance, and downstream ana-
lytical utility [2]. While data-driven paradigms have achieved
remarkable success in scenarios abundant with labeled supervi-
sion, practical applications in scientific and industrial domains
are frequently constrained by a “data scarcity” bottleneck.

Specifically, the explosion of business dimensions and the
emergence of long-tail scenarios have made acquiring high-
quality labeled samples prohibitively expensive or legally
restricted [3]. This creates a pervasive “few-shot” constraint.
Under such regimes, traditional machine learning algorithms
(e.g., XGBoost) and deep tabular architectures (e.g., TabNet)
often suffer from decision boundary collapse. Relying primar-
ily on the statistical matching of low-level feature distributions,

these models lack the inductive bias necessary to capture
robust internal correlations in sparse feature spaces [4], [5].

To mitigate these limitations, recent research has pivoted
towards Foundation Models. In the textual domain, Large
Language Models (LLMs) have demonstrated exceptional few-
shot generalization via In-Context Learning (ICL) [6]. Inspired
by this, the tabular domain has witnessed the rise of Tabular
Foundation Models, such as TabPFN [7] and its scalable
successors, TabDPT [8] and Real-TabPFN [9]. While these
models improve performance by pre-training on vast datasets,
they predominantly operate on statistical patterns. They often
fail to comprehend the underlying semantic connotations of
metadata (e.g., column headers, domain-specific constraints),
which human experts rely on heavily when classifying data
with limited examples.

Conversely, while general-purpose LLMs possess the se-
mantic reasoning capabilities lacking in tabular models, their
direct deployment in vertical domains faces significant hurdles.
In particular, LLMs often struggle to align unstructured lan-
guage priors with the structured logic of tabular data, making it
difficult to enforce domain-specific constraints (e.g., financial
risk thresholds or clinical rules). Moreover, they are prone to
cognitive bias and hallucinations when dealing with special-
ized domain logic, such as generating plausible but incorrect
reasoning paths in tasks like credit assessment or medical
triage [10], [11]. These limitations restrict their reliability and
controllability in high-stakes tabular applications.

To bridge the gap between few-shot statistical constraints
and high-level semantic reasoning, we propose Semantic Self-
Enhanced Classification (SSEC). Unlike approaches that uti-
lize LLMs merely as feature extractors or direct classifiers,
SSEC leverages them as logic engines to distill general knowl-
edge into robust, task-specific discriminative rules. We intro-
duce a “Cognition-Competition-Feedback” closed-loop mech-
anism, which orchestrates a multi-agent adversarial game.
This process iteratively refines categorical semantic profiles,
effectively transforming vague general knowledge into precise
decision boundaries. Furthermore, acknowledging the risks of
automated reasoning, SSEC integrates a Human-in-the-Loop
(HITL) adaptation mechanism. Drawing on recent insights into
human-LLM interaction dynamics [12], our system fuses ex-
pert feedback with machine intelligence to ensure continuous,



reliable model evolution.
The main contributions of this paper are summarized as

follows:
• We establish the SSEC framework, a novel paradigm

that shifts from static descriptions to dynamic adversarial
optimization, effectively filling the “semantic vacuum” in
data-sparse scenarios.

• We construct a multi-agent adversarial loop that dynam-
ically traces and resolves discriminative conflicts, sig-
nificantly enhancing the robustness of semantic profiles
against few-shot overfitting.

• We propose a Human-AI adaptation mechanism that sup-
ports online refinement and enables seamless integration
of expert knowledge into the learning process, enhancing
model adaptability in complex domain scenarios.

II. RELATED WORK

A. Few-Shot Tabular Classification

Early deep tabular models (e.g., FT-Transformer [13]) often
struggled to outperform GBDTs on small datasets due to
the lack of inductive bias. To address this, the community
has moved towards Tabular Foundation Models. TabPFN [7]
pioneered this direction by introducing a Transformer pre-
trained on synthetic priors to approximate Bayesian inference,
enabling strong zero-shot performance.

Current research has evolved into two high-potential direc-
tions: scaling statistical laws and integrating semantic reason-
ing. On the statistical front, Ma et al. proposed TabDPT [8],
which employs In-Context Learning (ICL) on massive real-
world tabular corpora, demonstrating scaling capabilities anal-
ogous to LLMs. Similarly, Garg et al. introduced Real-
TabPFN [9], showing that continued pre-training on curated
real data significantly boosts robustness against distribution
shifts. Parallel to statistical scaling, recent works have begun
to exploit the reasoning capacity of LLMs for tabular tasks.
Chain-of-Table [14] treats classification as a structured reason-
ing task, dynamically evolving table structures to guide LLM
inference. Furthermore, TableLLM [15] and SheetAgent [16]
investigate LLM-based approaches for table manipulation and
reasoning in real-world spreadsheet scenarios. However, a
critical gap persists: statistical foundation models largely re-
main “black boxes” that ignore rich metadata (e.g., column
descriptions), while LLM-based reasoning methods often lack
explicit optimization for discriminative boundaries in few-shot
scenarios.

B. LLMs for Data Understanding and Reasoning

To inject semantic understanding into tabular tasks, recent
works have begun to utilize LLMs directly. TabLLM [17]
proposes a framework that serializes table rows into narrative
texts, allowing LLMs to apply their world knowledge to tabu-
lar few-shot learning. TableLLM [15] extends this by training
7B+ parameter models specifically for manipulating tables
in real-world office documents. Additionally, methods like
Chain-of-Table [14] treat table classification as a structured
reasoning task, dynamically evolving table structures to guide

LLMs. Despite these advances, reliance on general LLMs
introduces challenges: they incur high inference costs and can
suffer from hallucinations when reasoning about specialized
vertical domains without external verification [10], [11]. Our
work addresses this by using LLMs to generate logic rather
than just predicting labels.

C. Adversarial Reasoning and Human-in-the-Loop

Adversarial Agents: While adversarial training is well-
established in GANs, its application to logical reasoning
is a frontier research area. Liu et al. proposed the Gen-
erative Adversarial Reasoner (GAR) [18], which enhances
LLM capabilities through a generator-discriminator game that
refines chain-of-thought paths. Similarly, Chen et al. developed
AgentCourt [19], where agent-lawyers engage in adversarial
debate to refine legal arguments. SSEC adapts this “debate-for-
truth” philosophy to optimize classification rules for tabular
data.

Human-AI Collaboration: Real-world systems must adapt to
concept drift. While Human-in-the-Loop (HITL) is standard,
recent research scrutinizes the quality of interaction. Schroeder
et al. [12] investigated LLM-assisted annotation, warning that
humans might overly rely on machine suggestions. To counter
this, SSEC employs an “active alignment” strategy [16], where
experts do not merely label data but review and correct the
reasoning logic generated by the model, creating a virtuous
cycle of interpretability and accuracy.

III. OUR SOLUTION

A. Overall Framework

The SSEC framework is designed to tackle the boundary
collapse caused by feature sparsity. Its core philosophy is
the construction of a ”Cognition-Competition-Feedback” self-
enhancement loop. As illustrated in Fig. 1, the architecture
consists of three deeply coupled stages:

• Heuristic Semantic Cognition: The process begins with
an LLM acting as a general logic engine. Using our
proposed Hierarchical Categorical Semantic Schema the
model serializes raw structured samples and metadata
(e.g., header semantics, value ranges). The LLM extracts
not just statistical features but also leverages its prior
knowledge to build an initial semantic profile covering
core concepts, positive indicators, and boundary con-
straints.

• Adversarial Semantic Evolution: To eliminate potential
biases in the initial semantics, we build an adversarial
loop comprising a Generator, a Discriminator, an Op-
timizer, and Quality Assessor. The generator constructs
challenging ”hard negative” samples via feature masking,
while the discriminator audits these samples based on
current semantics, providing rational explanations. The
optimizer then performs precise logical tracing to propose
revisions, followed by a Quality Assessor that rigorously
filters these candidates via multi-dimensional utility met-
rics to ensure robust version evolution.



• Human-in-the-Loop Adaptation: To handle concept drift,
we introduce an adaptive evolution mechanism. During
prediction, experts can perform real-time corrections,
which are re-injected as ”feedback patches” into the
semantic profiles, enabling the model to improve con-
tinuously during deployment.

B. Category Semantic Initialization via Prompt Learning

The primary challenge in few-shot tasks is extrapolating
discriminative categorical criteria from limited instances.To
address this, we leverage prompt engineering to guide Large
Language Models (LLMs) in synthesizing common feature
patterns from sparse samples, thereby constructing a structured
Category Semantic Description. We denote this foundational
generation process as Category Semantic Initialization via
Prompt Learning (CSI), which serves as the baseline module
in our subsequent ablation study.

1) Categorical Semantic Schema Design: To ensure de-
scriptions are highly structured, we define a three-layer Cate-
gorical Semantic Schema (CSS).

• Core Definition Layer (C): Defines the macro-level on-
tological properties of the category. The LLM must
perform a comprehensive scan of the input samples to
summarize a “prototype definition” Ck for class Ck in
the target domain. This prototype definition acts as the
global semantic anchor for classification.

• Key Indicators Layer (P) : This layer explicitly mod-
els the discriminative feature patterns. It includes the
extraction of highly discriminative features and their
interdependencies. The LLM identifies key indicators
Pk = {p1, p2, . . . , pn} that reflect strong correlation with
class membership, based on single-feature statistics and
multivariate associations.

• Boundary Constraints Layer (N ): Aimed at establishing
defensive classification boundaries by explicitly identi-
fying critical differences between the current class and
potential neighboring (hard negative) classes. These hard
negative constraints Nk = {n1, n2, . . . , nm} effectively
prevent semantic drift in overlapping feature regions by
delineating where the class Ck should not extend.

2) Initial Mapping Function: To realize the transformation
from concrete data to abstract logic, we construct a prompt-
driven semantic mapping function. In an N -way K-shot task,
the training dataset is defined as:

Dtrain = {(xi
k, yk) | i = 1, . . . ,K; k = 1, . . . , N (1)

Given the labeled support set for class c:

Sc = {x1
c , x

2
c , . . . , x

K
c }, and corresponding metadata M

the initial semantic representation D(0)
c is defined as:

D(0)
c = Promptinit(M, Serialize(Sc), Schema) (2)

Here, Promptinit serves as a heuristic induction operator
that guides the LLM to extract deep structured knowledge in
compliance with the predefined three-layer CSS structure.

Each structured instance xi
c is first serialized into a natural

language description. The LLM receives these serialized in-
stances and, leveraging its internal inductive reasoning mech-
anisms, compares attribute differences across samples and
outputs a highly condensed initial semantic sketch following
the CSS:

D(0)
c = (Cc,Pc,Nc) (3)

This structured output format provides precise and atom-
ically modifiable candidate components for the subsequent
adversarial semantic optimization module.

C. Adversarial Semantic Evolution via Multi-Agent Collabo-
ration(ASE)

To mitigate the cognitive bias embedded in the initial
semantic descriptions under few-shot settings, we propose a
closed-loop adversarial evolution framework driven by mul-
tiple collaborative agents. This framework is powered by
a conflict-driven mechanism that iteratively refines category
semantics through adversarial interactions.

1) Masking and Generation: We first employ a mask-
ing strategy on the serialized support samples to simulate
uncertainty and generate challenging examples. For a given
serialized instance x ∈ Sc, represented as a sequence of
semantic clauses {c1, c2, . . . , cL}, we independently apply a
probabilistic masking process to each clause. Specifically, each
clause cj is transformed into a masked version c̃MASK

j as
follows:

c̃MASK
j =

{
[MASK], with probability ρ

cj , with probability 1− ρ
(4)

Applying this sampling process across all clauses yields a
masked instance:

x̃ = {c̃1, c̃2, . . . , c̃L} (5)

A generator agent G then takes the masked input x̃, current
semantic profile D(t)

c , and generation strategy as input to
reconstruct the latent feature distribution:

xsyn ∼ PG(x | x̃,D(t)
c , strategy) (6)

Unlike naive data augmentation, the generator operates
under the semantic constraints of D(t)

c , targeting edge-
case scenarios that challenge current classification bound-
aries—effectively creating high-utility “hard negatives.”

2) Discrimination and Feedback: A discriminator agent D
acts as a logical adjudicator, not only evaluating the fidelity
of the synthetic sample but also diagnosing semantic flaws
through cross-class reasoning. Formally, the discriminator
maps a sample to a tuple:

D(xsyn)→ (v, ŷ,R) (7)

where v ∈ {0, 1} denotes the fidelity score (i.e., whether the
sample adheres to real-world distribution and domain logic),
ŷ is the predicted class label, and R is a rational explanation.

Two types of conflict signals can arise:



Fig. 1. Overview of the Proposed SSEC Framework.

• Distributional Audit: If v < τ (a predefined confidence
threshold), the sample is flagged as distributionally im-
plausible.R pinpoints violated attribute combinations, in-
dicating a breakdown in the statistical alignment encoded
in Pc.

• Semantic Confusion: If v ≥ τ but ŷ ̸= ytrue, semantic
ambiguity is diagnosed. R then details the misclas-
sification logic, often exposing boundary drift toward
competitive categories.

This feedback mechanism converts non-differentiable logi-
cal contradictions into interpretable cognitive signals, offering
precise modification targets and guiding semantic refinement
toward greater exclusivity and robustness.

3) Conflict-Driven Semantic Evolution: Upon detecting
conflicts, a semantic optimizer O is activated to trace the logic
back to the root of failure within D(0)

c . It receives the full
context tuple (xsyn,D(t)

c ,R) and proceeds with a hypothesis-
evolution strategy:

1) Defect Localization: O parses R to identify failure
layers (e.g., indicator-level P or constraint-level N ).

2) Multi-Path Evolution: It generates M candidate re-
visions D(t+1,m)

c ∈ Dcand, covering strategies such
as broadening, fine-grained adjustment, or constraint
enhancement.

3) Structured Reconstruction: All candidates must com-
ply with the CSS schema to ensure consistency and
interpretability:

Dcand = {D(t+1,m)
c }Mm=1 (8)

This multi-path evolution balances generality and discrim-
ination, transforming isolated conflict events into robust se-
mantic corrections.

4) Multi-Dimensional Quality Evaluation: A quality asses-
sor E then rigorously filters the candidate semantics. Each
D(t+1,m)

c ∈ Dcand is evaluated across three criteria, forming
a composite utility function UD:

UD = λ1 · Sep + λ2 · Cov− λ3 · Comp (9)

Where:

• Separability (Sep): Measures semantic distance from
neighboring class constraints N .

• Coverage (Cov): Assesses alignment with support set Sc,
avoiding overfitting to hard negatives.

• Compactness (Comp): Penalizes structural complexity
per Occam’s razor.

Only when utility shows a significant positive delta is a
candidate promoted. Otherwise, the optimizer rolls back to
the last stable version. If improvements plateau or updates fall
below a threshold ε, semantic convergence is declared.

This game-theoretic optimization and evaluation loop en-
sures that the evolved semantics are not only logically precise
but also grounded in distributional fidelity and task-specific
robustness.



D. Human-in-the-Loop Continual Optimization

To enhance long-term model robustness and ensure adaptive
alignment with evolving business semantics, we introduce
a human-guided continual optimization mechanism into the
SSEC framework. Unlike static optimization routines, this
mechanism enables real-time injection of expert knowledge
during operational workflows, fostering a “getting-better-with-
use” paradigm. Domain experts interact with the system by
interpreting LLM-generated reasoning paths and supplying
structured feedback, which continuously refines class-level
semantic prototypes in response to emerging edge cases and
evolving data patterns.

1) Semantic Inference-Driven Classification: Given a set
of refined semantic descriptions {D∗

cj}
|C|
j=1, each following

the HCSS format D∗
cj = {Cj , Pj , Nj}, we serialize any test

instance x into a natural language form Serialize(x). This is
incorporated into a prompt:

Π(x) = Promptcls

(
Serialize(x), {D∗

c1 , . . . ,D
∗
c|C|
}
)

(10)

The LLM classifier outputs:
• A predicted label ŷ,
• A semantic reasoning trace R(x, ŷ),
• A confidence score computed as:

Conf(x) =
exp(sŷ)∑|C|
j=1 exp(sj)

(11)

If Conf(x) < δ, the instance is routed for human review.
2) Expert Feedback and Semantic Alignment: When

flagged, the expert supplies a feedback tuple:

Fx = (y∗,R∗) (12)

where y∗ is the corrected label and R∗ includes supporting
logic or domain rules. If ŷ ̸= y∗, the system performs a
semantic correction:

Dt+1
y∗ = U(Dt

y∗ , x,R∗) (13)

The update operator U refines P , sharpens N , and adjusts
ambiguous concepts in C, enabling zero-retraining adaptation.

3) Prototype Evolution through Gold-Standard Instance
Injection: To strengthen class semantics over time, expert-
endorsed “gold-standard” samples are incrementally accumu-
lated into a structured memory module Sexpert. These instances
act as trusted reference anchors and support semantic stability
during domain shifts. Each new gold sample x is integrated
into its class prototype Ck using a momentum update mecha-
nism:

Cnew
k ← (1− α) · Cold

k + α · x (14)

This continuous enrichment strategy enables adaptive ex-
pansion of the few-shot knowledge base while preserving
semantic coherence, making the class representations increas-
ingly robust in the face of data heterogeneity and label sparsity.

4) Semantic Refinement via Expert-Guided Prompt Injec-
tion: Beyond sample-level feedback, expert knowledge can be
injected directly into the classification pipeline through adap-
tive prompt editing and semantic patching. When systematic
misclassifications are detected, experts articulate high-level
rationales R∗ that are translated into structured constraints or
new rules, which are then embedded into either:

• Updated prompt templates guiding future LLM inference,
or

• The core semantic schema D∗
c for relevant categories.

This tight feedback loop allows the system to rapidly
absorb tacit human knowledge and evolve its decision logic
accordingly—without requiring full retraining or architecture
modification.

By embedding real-time expert interventions into the
model’s semantic representation and inference mechanics, this
mechanism enables classification systems to improve contin-
ually as they are used—creating a virtuous cycle of domain
alignment, interpretability, and task robustness.

To facilitate reproducibility, the detailed prompt specifica-
tions for the main agents are presented in Fig. 2.

IV. EXPERIMENTS

To comprehensively evaluate the effectiveness of the
proposed Semantic Self-Enhanced Classification (SSEC)
framework under data-scarce conditions, we conduct a series
of few-shot classification experiments on a standard tabular
benchmark. This section describes the dataset, experimental
setup, baseline methods, and empirical results.

A. Dataset

We evaluate SSEC on two representative tabular bench-
marks: Credit-g and Heart Disease, which typify data chal-
lenges in the financial and medical domains, respectively.
These datasets are characterized by limited labeled samples,
heterogeneous feature types, and ambiguous class bound-
aries—conditions that pose significant difficulty in few-shot
scenarios.

Credit-g assesses credit risk based on diverse financial and
personal attributes, reflecting real-world challenges in credit
scoring where labeled data is often scarce. Heart Disease
involves clinical risk prediction from compact and seman-
tically entangled features, making it a rigorous testbed for
evaluating model generalization and reasoning under minimal
supervision.

B. Experimental Setup

a) Few-shot Evaluation Protocol: We adopt a standard
few-shot evaluation protocol for tabular data. The full dataset
is randomly split into a training pool and a held-out test set,
where 20% of the data is reserved for testing. The remaining
samples constitute the training pool used to construct few-shot
support sets.

Under the N -way K-shot setting, we randomly sample K
labeled instances per class from the training pool to form
the support set, with K ∈ 0, 4, 8, 16, 32. Each experiment is



Fig. 2. Prompt Templates for the Core Agents of the Proposed Method.



TABLE I
PERFORMANCE COMPARISON UNDER DIFFERENT FEW-SHOT SETTINGS ON DIFFERENT DATASETS

Dataset Method 0-shot 4-shot 8-shot 16-shot 32-shot

Credit-g

ProtoNet — 0.54± 0.07 0.55± 0.07 0.60± 0.07 0.65± 0.05

XGBoost — 0.50± 0.00 0.51± 0.07 0.59± 0.05 0.66± 0.03

TabPFN — 0.58± 0.08 0.59± 0.03 0.64 ± 0.06 0.69 ± 0.07

SSEC 0.54 ± 0.03 0.60 ± 0.09 0.64 ± 0.05 0.64 ± 0.04 0.69 ± 0.04

Heart

ProtoNet — 0.81± 0.12 0.82± 0.09 0.87± 0.06 0.90± 0.06

XGBoost — 0.50± 0.00 0.55± 0.14 0.84± 0.07 0.88± 0.04

TabPFN — 0.84± 0.06 0.88 ± 0.05 0.87± 0.06 0.91 ± 0.02

SSEC 0.63 ± 0.02 0.87 ± 0.04 0.88 ± 0.07 0.88 ± 0.04 0.90± 0.03

repeated with multiple random seeds (seed = 0, 1, 2, 3, 4),
and the mean performance along with standard deviation is
reported.

b) Evaluation Metric: We use the Area Under the Re-
ceiver Operating Characteristic Curve (AUC) as the primary
evaluation metric. AUC is particularly suitable for few-shot
tabular classification, as it evaluates ranking quality across all
decision thresholds and is less sensitive to class imbalance
than accuracy-based metrics. This makes AUC a more reli-
able indicator of decision boundary quality under data-scarce
conditions.

c) Model Configuration: We employed OpenAI’s GPT-
5.1 (snapshot gpt-5.1-2025-11-13 via OpenRouter1) as the
core engine, leveraging its adaptive reasoning capabilities.
To balance stability and diversity, we set the temperature to
τ = 0.2 for deterministic reasoning tasks and τ = 0.7 for
adversarial generation.

C. Baseline Methods

We compare SSEC against several representative few-shot
classification baselines, including:

• ProtoNet [20]: A metric-based few-shot learning method
that classifies samples based on distances to class proto-
types.

• XGBoost [21]: A gradient-boosted decision tree model
representing strong traditional machine learning baselines
for tabular data.

• TabPFN [7]: A transformer-based model pre-trained on
synthetic tabular tasks for fast adaptation.

All baseline methods are evaluated under the same few-shot
protocol and data splits to ensure fair comparison.

D. Results and Analysis

Table I presents the AUC scores across varying few-shot
settings on both the Credit-g and Heart datasets. These results
reflect the behavior of each method under limited supervision
and highlight the impact of semantic modeling in SSEC.

On Credit-g, SSEC shows clear advantages in the low-
shot regime. In the 0-shot setting, it achieves 0.54 ± 0.03,

1https://openrouter.ai/openai/gpt-5.1

traditional baselines such as ProtoNet, XGBoost, and TabPFN
are not applicable under 0-shot, as they require at least one
labeled instance per class. This highlights SSEC’s unique
capability to induce coarse decision boundaries solely from
semantic priors, without any labeled supervision.As the num-
ber of labeled examples increases, SSEC demonstrates steady
improvements—reaching 0.64±0.04 at 16-shot and 0.69±0.04
at 32-shot—comparable to the strongest baselines, while main-
taining low variance.

On Heart, SSEC consistently yields favorable outcomes
across all few-shot levels. It achieves the best or tied-best
results from 0- to 16-shot, and remains close to the top-
performing model at 32-shot (0.90 ± 0.03 vs. 0.91 ± 0.02).
These results suggest that the semantic structure and adver-
sarial refinement in SSEC provide a stable inductive bias,
particularly beneficial in low-data regimes.

Overall, SSEC demonstrates reliable generalization under
varying degrees of supervision, without relying on large-scale
training or heavy parametrization. While its advantage is most
evident in low-resource settings, it remains competitive as
supervision increases, supporting its suitability for real-world
scenarios where labeled data is scarce or costly to obtain.

E. Ablation Study

To assess the contribution of each component in SSEC, we
conducted an ablation study on the Credit-g dataset using three
configurations: (1) LLM-as-Classifier, which serves as the
baseline by directly prompting the LLM to output class labels
without structured modeling; (2) LLM + Semantic Initializa-
tion, which incorporates class-level semantic prototypes; and
(3) Full SSEC: + Semantic Refinement, which further adds
the adversarial loop for iterative optimization.

As shown in Table II, introducing semantic initialization
improves performance across most few-shot settings, indicat-
ing that even static class-level semantics provide a useful
inductive bias. In particular, the 8-shot AUC increases from
0.61 to 0.63. The full SSEC framework yields further gains,
notably at 4-shot and 16-shot, where the AUC reaches 0.60 and
0.64, respectively. These improvements suggest that adversar-
ial refinement helps sharpen decision boundaries and mitigate
overfitting.



TABLE II
ABLATION STUDY OF SSEC COMPONENTS ON CREDIT-G DATASET (AUC)

Configuration 4-shot 8-shot 16-shot 32-shot
LLM-as-Classifier 0.58± 0.08 0.61± 0.08 0.61± 0.05 0.69± 0.03

LLM + Semantic Initialization 0.59± 0.06 0.63± 0.07 0.62± 0.02 0.69± 0.06

Full SSEC: + Semantic Refinement 0.60± 0.09 0.64± 0.05 0.64± 0.04 0.69± 0.04

In the 32-shot regime, all methods converge to a similar
AUC of around 0.69, reflecting the reduced marginal benefit
of semantic modeling when sufficient supervision is available.
This reinforces that SSEC is especially effective under data-
scarce conditions (e.g., ≤16 shots), where structured semantic
reasoning is most needed.

V. CONCLUSION

This paper proposes SSEC, a semantic self-enhanced clas-
sification framework that integrates large language models,
adversarial optimization, and label-guided feedback for few-
shot tabular learning. Unlike purely statistical methods, SSEC
constructs and iteratively refines structured semantic profiles
to improve the robustness of decision boundaries. Experiments
on the Credit-g and Heart datasets demonstrate that SSEC per-
forms favorably under low-shot supervision, with competitive
performance as the number of labeled samples increases.
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