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Abstract

Zero-shot classification for structured tabular
data has attracted increasing attention in recent
years. An important line of research is lever-
aging textual explanations as supervision to
improve the modeling of tabular attribute fea-
tures. Previous studies usually serialize tabular
data into flattened explanation sequences, or
employ logical rules to model directional asso-
ciations between tabular attributes and labels.
However, these methods often suffer from two
major limitations: the former disrupts the inher-
ent row-column topological structure of tables,
while the latter mainly represents relations with
fixed logical operators or aggregation weights,
making it difficult to model learnable dependen-
cies among features. To address these issues,
we propose a novel method (MULEG), which
harnesses multi-level textual explanations with
a feature attribute graph to model both tabular
topology and cell-element relations. Specifi-
cally, to preserve the intrinsic row-column topo-
logical structure of tables, we propose a multi-
level textual explanation modeling with sample-
level, attribute-level, and label-level perspec-
tives. Moreover, to capture fine-grained fea-
ture dependencies, we propose a differentiable
message-passing mechanism using a feature at-
tribute graph that allows heterogeneous features
to propagate through message passing. Finally,
extensive experimental results on datasets cov-
ering sixteen tasks demonstrate the effective-
ness of the proposed approach. Our code is
available at MULEG.

1 Introduction

Structured tabular data has attracted attention in
the past few years due to its ubiquity in real-world
applications, including classification and regres-
sion (Arik and Pfister, 2021), retrieval (Yu et al.,
2025; Yan et al., 2026), question answering (Yan
et al., 2025b; Xu et al., 2025; Tan et al., 2021)
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Figure 1: Illustration of zero-shot tabular classification,
with (a) showing the task description, (b) showing flat-
tened explanation-based prediction that disrupts row-
column topology, and (c) showing logical-rule-based
reasoning that overlooks cell-element dependencies.

and recommendation (Dinh et al., 2022; Guo et al.,
2017). Tabular data exhibits a row-column topol-
ogy: each row represents an individual sample,
each column corresponds to a semantic attribute,
and each feature serves as the basic unit of attribute-
value pairs, with historical observed samples. How-
ever, real-world decision-making often relies not
only on historical observations but also on high-
level logical rules expressed in natural language
(Chopra et al., 2019; Tomasello, 2009). As illus-
trated in Figure 1(a), an insurance agent may infer
a customer’s potential interest from a rule such as
“frequent travelers with high annual income are tar-
get customers,” without relying on extensive histor-
ical sales records. Inspired by this capability, zero-
shot tabular classification (R. Menon et al., 2022)
generalizes to unseen tasks using natural-language
explanations, without labeled training examples.
Given a tabular sample, models predict the target
label by jointly reasoning over attribute-value pairs
and provided tabular rules.

Previous studies follow two paradigms. The first
paradigm serializes tabular data into flattened tex-
tual sequences as natural language explanations
and combines them with conditional statements
for zero-shot classification (R. Menon et al., 2022;
Sanh et al., 2022; Team, 2024; Fang et al., 2024;

49329

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 49329-49352
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/yunxiaomr/MulEG

Ren et al., 2025; Fadlon and Bar, 2026). Such
explanations are generated post-hoc (Zhao et al.,
2025), independently of the prediction process.
R. Menon et al. (2022) formulate the classification
as textual entailment between flattened inputs and
explanation-derived hypotheses, while Ghosh et al.
(2023) model the strength of explanation rules via
quantifier-aware reasoning. Recently, instruction-
tuned large language models (LLMs) such as TO
(Sanh et al., 2022), FLAN-TS5 (Chung et al., 2024),
and LLaMA (Team, 2024; Liu et al., 2025) have
adopted this research line, treating explanations as
task instructions and converting tabular inputs into
text before inference. However, as shown in Fig-
ure 1(b), serializing tabular features into flattened
text sequences disrupts the row-column topolog-
ical structure of tables. Such flattening weakens
the alignment between rows, attributes, and fea-
tures, making it difficult to preserve how individual
features are organized within a structured sample.

The second paradigm introduces explicit reason-
ing with structured explanations, such as logical
reasoning or explanation aggregation (Fan et al.,
2026), to model relations between features and la-
bels (Han et al., 2023; Wei et al., 2023; Carrasco
et al., 2025; Lin et al., 2026). Han et al. (2023)
convert explanations into logical forms for proba-
bilistic inference, while Wei et al. (2023) aggregate
pseudo-labels from multiple explanations for test-
time adaptation. As shown in Figure 1(c), these
methods organize features through logical condi-
tions or aggregated predictions, where features
mainly contribute to labels along rule-level paths.
However, features are not always independent units:
the predictive meaning of one feature may be con-
ditioned on other related features, forming implicit
dependency relations within the table. For example,
Annual Income [1.5M] alone indicates purchasing
ability, while Frequent Flyer [Yes] reflects frequent
travel behavior and Number of Family Members [5]
suggests a larger household. When combined, how-
ever, these features form an implicit dependency
pattern: high income makes frequent travel more
likely to translate into insurance affordability, and
a larger family further shifts the implication toward
family-level travel-insurance demand. Such cases
suggest that the semantic contribution of a tabular
feature can be modulated by its interactions with
other features. Thus, fine-grained dependencies
among features remain structurally implicit, moti-
vating explicit graph-based modeling.

To this end, we propose MULEG, a novel zero-
shot tabular classification method guided by a fea-

ture attribute graph with multi-level textual ex-
planations. The core idea is to jointly construct
row-column-aware multi-level textual explanations
and an explanation-guided feature attribute graph
that organizes attribute-level evidence for zero-shot
reasoning. Specifically, we propose a multi-level
textual explanation framework with sample-level,
attribute-level, and label-level perspectives to pre-
serve the row-column topological structure of ta-
bles. Then, we propose a differentiable message-
passing mechanism using a feature attribute graph
that allows heterogeneous features to capture de-
pendency relations. Inspired by the Structural
Causal Model (SCM), (Pearl, 2009; Scholkopf
et al., 2012), we model the feature attribute graph
by linking tabular features and target labels from a
view of SCM. Finally, we conduct extensive experi-
ments on datasets covering sixteen different tabular
tasks, and the results show the effectiveness of the
proposed approach.

Our contributions can be summarized as follows:
(1) We propose MULEG, a novel zero-shot classi-
fication method that integrates multi-level textual
explanations with a feature attribute graph to model
the row-column organization of tabular data and
semantic dependencies among feature attributes.
(2) We conduct extensive experiments on sixteen
tabular tasks, demonstrating that MULEG signifi-
cantly outperforms state-of-the-art baselines across
diverse task types, including semantic, mixed, nu-
merical, ordinal, and symbolic domains.

(3) In addition, we provide the comprehensive abla-
tion, generalization and faithfulness analysis, con-
firming the effectiveness of MULEG.

2 Preliminaries

We first formalize the problem of zero-shot clas-
sification and then provide the learning objective.
Let A = {ai,...,an} denote the set of m tabular
attributes, and let z; = {(a,, &)}/, denote the i-
th tabular instance, where &;,. is the observed value
of attribute a, in x;.

Zero-Shot Classification. Given a source task
Tseen and a target task Tynseen, their label spaces
YVseen and Vunseen satisty Vseen M Vunseen = 0. The
overall candidate label space is defined as ) =
{y(1)7 ceey y(c)} = Vseen U Vunseen, Where C' =
|V|. Specifically, the model is trained using labeled
samples from the source task

7;een = {(xuyz) ’ Yi € yseen}- (1)

During testing, it predicts those samples from the
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Figure 2: The overview of our proposed MULEG.

target task Tunseen Using only the feature represen-
tation of unseen labels Vynseen-

Learning Objective. The objective is to learn a
mapping function Fy that can generalize from the
seen task Tseen to the unseen task Typseen. In this
paper, the model takes a structured tabular sample
x; together with its auxiliary explanations F; as
input, and produces a probability distribution over
the candidate label space:
Fo: (w4, B;) = Po(Y; | 24, E5), (%4, Yi) € Tunseen;
2)
where Py(Y; = y; | ;, E;) denotes the probability
that sample z; belongs to class y;, conditioned on
auxiliary explanations Ej;. In particular, F; repre-
sents task-level explanatory knowledge (R. Menon
et al., 2022) that captures the mapping between

input x; and unseen labels Vynseen-

3 Our Proposed Approach

Figure 2 outlines the overview of MULEG, a Multi-
level Explanation-Guided Graph modeling method
that provides (a) structure-aware multi-level expla-
nations, covering (b) the construction and propaga-
tion from explanations to graphs, as well as (c) the
final fusion and prediction process. In the follow-
ing sections, we elaborate on them in detail.

3.1 Structure-aware Multi-Level
Explanations

To model the topology of tabular data, we construct
multi-level explanatory information from three per-
spectives: sample, attribute, and label. Formally,

the auxiliary explanation F; can be represented as

Ei = E(«I“T,y)
= (Esample(l'i)a Eattr(T)a Elabel(y)) 5

where Egmple(2;) captures sample-level attribute-
value explanations, 7 is the task-level attribute-
value schema, Fy,(7) describes attribute-
level association rules, and Eppe(Y) =
{Elaﬂoel(y(k))}g:1 describes label semantics.

Multi-View Gated Sample Embedding. Fol-
lowing (R. Menon et al., 2022), we en-
code the sample-level explanation as h((f) =
BERT (Esample(i))rcis1 € R?. To capture het-

erogeneous tabular characteristics, we construct

3

b = LN (W [h{"; h{); h("] +bf> cR

where b ¢ Ré%, h{) € R%, and bl ¢ R
denote discretized-bin, high-order, and continu-
ous feature views (Gorishniy et al., 2022); W €
R¥*(d+dptde) and b € R?. The gate is computed

as a¥ = (Wn[ () ()]+bn) e (0,1)%,
where W} € R%*2d and by € R<. The sample
representation is

h® — (1 _

(i a@) oh{) +a® o hl € R, 4)
where © denotes element-wise multiplication.

Attribute-aware Embedding. We use Ey,(7)
as a structural prior to derive G = (V, £), where
V is the node set and £ C V x V denotes directed
structural dependencies. Let Vi, C V be the input-
node subset grounded by observable attribute-value
pairs. Each node v; € V has a textual description

49331



E,;,encoded as p; = BERT(E,, )rcis € R?. For
v;j € Vin, its relevance to x; is

(b)) Tp;
08 l2][p; 2

For v; € V \ Vi, we set p;; = 0. The relevance
embedding is r;; = W,p;; + b, € R?, where
W, € R¥*1 and b, € R?. The attribute-aware
node embedding is defined as

pij = vj € Vin. )

hg-i) = Wo[p;; h{;r;;] + by € RY,

where W, € R%*3d and b, € R,
Semantic-aware Label Embedding. For each can-
didate label y(k) € Y, we encode its label-level ex-

. k
planation as pg ) — BERT (Elabel(y(k)))ms] €
R,k =1,...,|)|. The label prototype matrix
is P, = |pf/ ),pf),...,p('y')] e RV,

3.2 Explanation-to-Graph Modeling

To model dependencies among features, we con-
struct a feature attribute graph (FAG) G = (V,€)
from the above explanations. In zero-shot tabular
classification, directly modeling

Pp(Yi | Xi) (6)

may overfit to observed task distributions and data
formats, making generalization to unseen tasks dif-
ficult. This is because seen and unseen tabular
instances often differ in feature dimensions, label
spaces, and table types. Therefore, the key is to es-
tablish the relationship between table schemas and
task labels. To this end, we first analyze the rela-
tionships among different conceptual components
in zero-shot tabular classification from the perspec-
tive of a SCM (Pearl, 2009; Scholkopf et al., 2012),
which further motivates an explanation-guided het-
erogeneous attribute graph. Specifically, we sep-
arate stable evidence from nuisance factors and
organize explanation-supported evidence through
graph structures, rather than relying on causal dis-
covery or feature intervention (Peters et al., 2017).
SCM-inspired view for Tabular Classification.
We conceptualize the observed sample X; as a
mixture of decision-relevant evidence S; and nui-
sance factors U;. For a tabular instance x; =
{(ar, &)}, the desired reasoning process is for-
mulated as:

X = fx (S, Ui, €X), S; L U; 1L €,
R; = fR(SzaEattr( 7T), fR)a
Zi = fz(R;,€7),

Y; == fy(Zi; Blaba(Y), €] ),

(7

Figure 3: SCM view for zero-shot tabular classification.
The observed sample X; contains decision-relevant ev-
idence \S; and nuisance factors U;, while explanations
guide the reasoning path S; — R; — Z; — Y.

where R; denotes explanation-derived rule factors,
Z; represents aggregated decision evidence before
prediction, and €X, e, €7, €} are exogenous noise
variables. The semicolon indicates that Fag, (7))
and Ejape1()) act as textual priors for the structural
mechanisms.

This formulation specifies the reasoning path
that MULEG aims to preserve. Instead of directly
exploiting the relation X; — Yj, inspired by the
rationalization mechanism of (Zhao et al., 2026),
attribute-level explanations guide the model to or-
ganize task-relevant evidence through:

S; > R, — Z;, = Y], )

in which, task-relevant evidence is transformed into
explanation-derived rule factors, then aggregated
into decision evidence for label prediction. Figure 3
illustrates this SCM-inspired view for zero-shot tab-
ular classification. Further discussion is provided
in Appendix B.

Feature Attribute Graph. FAG operational-
izes the above reasoning path as a graph struc-
ture. Specifically, input nodes represent observable
attribute-value evidence related to .S;, rule nodes
represent explanation-derived rule factors R;, and
convergence nodes represent aggregated decision
evidence Z;. Textual explanations are not treated
as observed causal variables; instead, they serve
as structural priors for specifying which attributes,
intermediate rules, and convergence factors should
be connected. We use LLaMA-3-70B to parse task
descriptions and attribute-level explanations into an
explanation-supported graph structure. The node
set in G is decomposed into three disjoint subsets:

V= VinUVruleOVconv' (9)

Here, V}, contains input nodes grounded by observ-
able attribute-value pairs, V., contains intermedi-
ate rule nodes derived from textual explanations,
and V.ony contains convergence nodes that aggre-
gate multiple reasoning paths into task-level evi-
dence. For an input instance x; = {(ar, &ir) } 12y,
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attribute-level explanations guide the composition
of activated input evidence into higher-level rule
representations and convergence evidence.

The edge set £ C V x V contains directed
explanation-supported reasoning dependencies be-
tween nodes. Each edge (vp,v,) € & is associ-
ated with a confidence weight wy,, € [0, 1], which
serves as the structural prior in graph learning. Im-
plementation details of FAG construction are pro-
vided in Appendix C.

3.3 Differentiable Graph Learning

Differentiable Graph Propagation. Before graph
propagation, each node v; € V is initialized with
the attribute-aware embedding hg-o’l) € R%. Given
the feature attribute graph G, MULEG performs
iterative message passing to propagate explanation-
supported evidence from input nodes through inter-
mediate rule nodes to convergence nodes. Formally,
given node representations {hg’i)} at layer [, the
next-layer embedding of node v, is defined as:

> ALOWOR ).

JEN(r)

hg-ﬁ-l,i) -0 (10)

where V() = {v; | (vj,v,) € £} denotes the set
of predecessor nodes of node v,, W) € R4*4 s a
learnable transformation matrix, and o(-) denotes
a nonlinear activation function. To enable differ-
entiable reasoning over the G, discrete reasoning
dependencies are relaxed into continuous propaga-
tion. Specifically, the propagation coefficient from
node v; to node v, is computed as:

)\gl?:Z) = SOftmaneN(r) ((Z)(h§l7z), h7(nl’7’)) . ’LUjr);
1D
where ¢(-, ) is a learnable compatibility function
and wj, denotes the explanation-derived structural
prior associated with edge (v, v,) € €.
Salience-aware Graph Aggregation. After L
propagation layers, we compute the node salience
score as sY = Th( ) where w, € R, and
perform Top-K pooling to extract the most infor-
mative reasoning nodes. The graph-level represen-
tation is then obtained by weighted aggregation

over the selected node set V(z):

hY) 3 exp(sy”’ )(L’l) h(L) € RY,
v( ) Z]ev > eXp( j )

| (12)

V}? contains the nodes with the top-K salience

scores for sample x;.

3.4 Embedding Fusion and Prediction

Finally, the sample representation hg(f ) € R? and

the graph representation h(gi ) € RY are fused into
a final representation through a fusion coefficient
a € [0,1]:
b = ahl + (1-ah erR?  (13)
where « is the learnable parameter, which controls
the trade-off between the graph representation and
the sample representation.
Furthermore, the prediction scores are deter-
mined by the cosine similarity between the fused

representation h'”

set P, = [pél), . ,pgyl)] Here, cos(h;),P ) €
RIYI denotes the vector of cosine similarities be-
tween hgf) and all label prototyp The final predic-

tion distribution is:

Py(y | z;) = Softmax <cos (hgf), Py)) . (14

and the label semantic prototype

4 Experiments

4.1 Datasets and Evaluation Metrics

We perform the MULEG on datasets from
UCI (Dua and Graff, 2019), Kaggle, and
Wikipedia, including 36 zero-shot tabular classi-
fication datasets such as Mushroom (Pinky et al.,
2019), Banknote (Merkurjev et al., 2015), and
Indian-Liver-Patient Dataset (Straw and Wu,
2022), etc. They cover diverse domains ranging
from five categories: semantic, numerical, mixed,
ordinal, and symbolic, and multi-class tasks (2-7
classes). Appendix A provides further dataset de-
tails. Following previous research (R. Menon et al.,
2022; Ghosh et al., 2023), we utilize 20 of the 36
datasets as seen datasets for training and validation,
and the remaining 16 for zero-shot testing. We use
accuracy (Acc) to evaluate zero-shot classification
performance on unseen tasks.

4.2 Baseline Models

We compare MULEG with following methods:
(i) No-Exp, a method without explanation in-
volvement; (ii) Concat, an explanation concate-
nation-based method; and (iii) Sim, a similarity-
based method. All of them use RoBERTa (Liu
et al., 2019) as the backbone model. Then, we
include one explanation-enhanced method ExEnt
(R. Menon et al., 2022) which frames prediction
as textual entailment, one logical-based zero-shot
classification method CLORE (Han et al., 2023)
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banknote liver

car-eval

contra. travel tic-tac

Method (Num) (Num) (Ord) (Mix) (Mix) (Sym) Avg.
ROBERTa (No Exp)  55.32 32.56 2237 43.45 35.81 3226 36.96
ROBERTa (Concat)  59.72 37.60 2311 45.64 4052 30.60 39.53
RoBERT (Sim) 56.73 67.83 19.08 2339 34.17 32,29 38.91
T0-3B (No Exp) 557 3217 2081 46,44 57.04 6771 4657
T0-3B (Exp) 55.27 32,17 2225 2339 4583 6771 41.10
FLAN-T5 (No Exp)  55.27 31.30 2225 4339 65.83 67.19 4754
FLAN-T5 (Exp) 29.09 32,17 2225 4339 65.83 6771 4341
LLaMA-3 (No Exp)  44.73 67.83 61.10 29.15 34.17 58.85 4930
LLaMA-3 (Exp) 52,36 67.83 70.79 37.97 34.17 6771 55.14
ExEnt 4471 35.70 57.20 2134 4561 32.36 39.49
TALC 4970 47.80 16.50 43.80 3420 47.80 39.97
CLORE 53.82 4957 66.47 38.98 46.81 6771 53.89
MULEG (Ours) 65.82 68.26 71.68 46.78 6231 6771 63.76

Table 1: Zero-shot classification accuracy (%) on six large-scale datasets similar to (Wei et al., 2023).

award coin-f coin-m elect.

s-club

s-lg hotel entr. driv.  mani.

Method (Sem) (Sem) (Sem) (Sem) (Sem) (Sem) (Ord) (Mix) (Sym) (Sym) V&
ROBERTa (NoExp) 6672 5000 5000 5000 4000 60.00 50.00 4364 37.61 5000 49.80
ROBERTa (Concat) 7070 5000 4834 5000 6000 4000 50.00 4930 3778 5000 5061
ROBERTa (Sim) ~ 2222 5000 5000 5000 6000 4000 50.00 4773 6250 5000 4824
TO-3B (NoExp) 7222 2500 5000 1250 6000 60.00 2500 5227 1250 5000 41.95
T0-3B (Exp) 6667 2500 5000 1250 40.00 4000 2500 5227 1250 5000 3739
FLAN-T5 (No Exp) 61.11 5000 5000 5000 4000 6000 2500 4773 6250 5000 49.63
FLAN-TS (Exp) 5556 5000 5000 5000 4000 60.00 50.00 5227 6250 5000 5203
LLaMA-3 (No Exp) 50.00 5000 7500 5000 100.00 100.00 50.00 4773 6250 5000 63.52
LLaMA-3 (Exp) 2222 7500 5000 6250 100.00 60.00 5000 4773 6250 100.00 63.00
ExEnt 6778 7500 5000 5000 60.00 6000 5000 4552 3751 100.00 59.58
CLORE 2222 5000 5000 5000 60.00 4000 5000 4545 3750 100.00 50.52
MULEG (Ours) 7778 7500 7500 7500 100.00 60.00 8333 5000 9583 100.00 79.19

Table 2: Zero-shot classification accuracy (%) on ten small-scale datasets similar to (R. Menon et al., 2022).

which performs logical reasoning over parsed ex-
planations, and one chain-style model TALC (Wei
et al., 2023). In addition, we also evaluate large
instruction-tuned models similar to Ghosh et al.
(2023) including T0-3B (Sanh et al., 2022), FLAN-
TS5 (Chung et al., 2024), and LLaMA 3.1-8B
(Team, 2024; Liu et al., 2025). For these LLMs, we
report results under both explanation-free (No Exp)
and explanation-enhanced (Exp) settings. The de-
tailed prompts for these two settings are provided
in Appendix D.

4.3 Main Results

(1) As illustrated in Table 1, MULEG generally
outperforms all existing baseline methods on six
widely used unseen tasks. Notably, MULEG
achieves 68.26% and 71.68% on the liver and
car-eval datasets, surpassing the best baselines,
RoBERTa (Concat) and LLaMA-3 (Exp), by mar-
gins of 10.55% and 0.89% respectively. Overall,
MULEG significantly outperforms previous meth-
ods involving different types of large and small
models, demonstrating the efficacy of MULEG.
(2) MULEG also demonstrates remarkable robust-

ness, maintaining superior performance despite the
limited availability of test samples. As reported
in Table 2, we observe that MULEG consistently
outperforms previous methods in terms of aver-
age performance. In particular, even on datasets
with extremely limited samples (e.g., s-club and
mani.) or high task difficulty (e.g., entr.), MU-
LEG still maintains competitive performance. (3)
As demonstrated from Tables 1 and 2, MULEG
exhibits robust capabilities across diverse dataset
types. MULEG achieves clear advantages across
four data types, namely Semantic (Sem), Numer-
ical (Num), Ordinal (Ord), and Symbolic (Sym).
Moreover, MULEG demonstrates competitive per-
formance on the Mixed datasets.

4.4 Ablation Study

To verify component contributions (Figure 4), we
evaluate variants across two categories: (i) Struc-
tural Modeling variants test input representations:
w/o FAG (replaces feature attribute graph with raw
text), w/o A-Exp (inputs values only), and w/o L-
Exp (only uses atomic label names); (ii) Architec-
tural Components variants assess specific module
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Figure 5: Results on recent LLMs.

removals: graph aggregation (w/o GNN).

Impact of Structural Modeling. Removing
feature attribute graph structures (“w/o FAG”) or
attribute names (“w/o A-Exp”) causes precipitous
drops of 46.25% on car-eval and 58.33% on driv.
respectively, which indicates that raw text and iso-
lated label words lack the topological certainty re-
quired for complex reasoning. Conversely, the
slight gain of 3.52% by “w/o L-Exp” on travel
implies that elaborate label descriptions may oc-
casionally introduce semantic noise, though the
structural backbone remains vital.

Effectiveness of Architectural Components.
Module ablations confirm the role of graph aggre-
gation in structured reasoning. Removing graph ag-
gregation (“w/o GNN”) prevents effective message
passing over the feature attribute graph, indicat-
ing that the complete architecture ensures superior
robustness across diverse domains.

4.5 Generalization Analysis

Results on Larger Tabular Datasets. To evaluate
the generalization ability of MULEG, we conduct
additional experiments on seven larger datasets fol-
lowing recent studies (Shi et al., 2025; Hegselmann
et al., 2023). These datasets cover different scales
and feature spaces, including Adult, Bank, Blood,

Method Adult Bank Blood Calif. Heart Airbn. Merca. Avg.
RoBERTa 65.32 67.89 52.34 48.23 62.78 46.12 4537 55.44
RoBERTa+Exp 68.27 70.23 55.67 51.45 66.34 49.85 48.62 58.63
ExEnt 72.14 73.56 60.45 54.78 70.12 52.36 51.94 62.19
CLORE 70.56 69.78 58.23 42.34 68.45 55.71 54.28 59.91
TO-3B+Exp 66.71 68.12 53.78 59.12 64.56 57.63 56.89 60.97
FLAN-T5+Exp 64.35 66.90 51.89 57.33 63.22 56.17 55.42 59.33
LLaMA-3+Exp 77.12 73.56 66.90 62.45 78.67 63.28 61.75 69.10
MULEG 89.56 88.25 74.11 76.54 84.31 77.21 75.86 80.83

Table 3: Results on seven larger tabular datasets (Shi
et al., 2025; Hegselmann et al., 2023). Avg. denotes the
average accuracy across the seven datasets.

California, Heart, Airbnb, and Mercari. As shown
in Table 3, MULEG achieves the best average accu-
racy of 80.83%, outperforming the strongest base-
line by 11.73 percentage points, indicating that the
proposed approach can generalize to larger and
higher-dimensional structured datasets.

Results on Recent LLMs. We further compare
MULEG with recent LLMs, including GPT-5.2,
GPT-4.1, and Gemini-3, under both explanation-
free and explanation-enhanced settings. Figure 5 re-
ports the average accuracy over 16 unseen datasets.
The results show that directly leveraging explana-
tions into LLMs does not always yield stable im-
provements; on structurally demanding tasks such
as car-evaluation and tic-tac-toe, explanations may
even degrade performance. In contrast, MULEG
provides an explicit feature attribute graph to model
dependency relations among features, achieving
more structurally grounded zero-shot prediction.

4.6 Faithfulness Analysis

Following established protocols (Wang et al., 2022;
DeYoung et al., 2020), we evaluate faithfulness by
measuring the performance degradation caused by
masking the top-K nodes versus a random base-
line (Appendix E provides details). As shown in
Figure 7, masking nodes identified by MULEG
causes a larger accuracy drop than random mask-
ing. The widening gap as K increases indicates
that the model relies on joint attribute dependen-
cies rather than isolated features. Moreover, the
moderate degradation at lower K values suggests
that MULEG avoids over-reliance on fragile single-
feature shortcuts by aggregating evidence across
multiple supporting factors.

4.7 Sensitivity Analysis

In MULEG, « in Eq.(13) controls the trade-off
between the tabular sample representation alone
(av = 0.0) and the multi-level explanation prop-
agated graph representation (o« = 1.0). Figure 8
summarizes the overall accuracy distribution across
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all datasets under different o values. We ob-
serve that when « approaches 1.0, the performance
reaches its peak, highlighting the critical role of
our graph representation in MULEG. Figure 6 fur-
ther shows that graph representations provide clear
gains on Semantic, Numerical, Ordinal, and Sym-
bolic tasks, while improvements on Mixed-type
tasks are weaker due to heterogeneous node in-
terference during graph propagation. Additional
analyses are provided in Appendix F.

4.8 Qualitative Case Study

Finally, we provide additional case studies as
shown in Figure 9. More Analysis can be seen
in Appendix G. Appendix H also investigate the
impact of graph propagation depth.

5 Related Work

Classification and Zero-shot Classification. Clas-
sification learns a mapping f : X — ) from inputs
to labels (Murphy, 2012). Prior work improves gen-
eralization by incorporating auxiliary signals such

Feature Value Baseline

Income + Surface

Annual Income | 1.5M | » Frequent Flyer Correlation \I Prediction
Freq. Flyer Yes : Over-relies on high income and frequent flyer. Baseine:[VES] X
Aborad Hist. Yes MulEG
" aee | 34 || Chromic | [HealthRisk | [ nsurance MulEG: v
& Condition Factor Decision
Num Of Fam 5

Activates decision-relevant CAG path.

Figure 9: Qualitative Case Study.

as semantic labels, metadata, descriptions, prompts,
and explanations (Hancock et al., 2018; Kuhn and
Johnson, 2019; Srivastava et al., 2018; He et al.,
2024), often with multi-task learning (Suresh et al.,
2017), self-supervised/transfer learning (Dosovit-
skiy et al., 2014; Chen et al., 2020), or prompt-
based generalization (Ye et al., 2021; Mishra et al.,
2022; Chen et al., 2022; Sanh et al., 2022). Zero-
shot classification predicts unseen labels without
labeled training examples (Pourpanah et al., 2022).
Our setting further requires modeling tabular row-
column topology and feature dependencies.
Tabular Classification with Explanations.
Explanation-based zero-shot tabular classification
mainly follows two research lines. One line
serializes tables into text for entailment- or
instruction-based prediction (Yin et al., 2019;
R. Menon et al., 2022; Sanh et al., 2022; Ghosh
et al., 2023; Team, 2024; Liu et al., 2025; Fang
et al., 2024; Ren et al., 2025; Fadlon and Bar,
2026), but weakens the row-column structure of
tabular data. The other line converts explanations
into logical forms, task descriptions, or executable
reasoning structures (Han et al., 2023; Wei et al.,
2023; Carrasco et al., 2025; Lin et al., 2026), but
does not sufficiently model semantic dependencies
among feature attributes. MULEG differs from
these approaches by combining multi-level textual
explanations with a feature attribute graph.

6 Conclusion

In this paper, we propose a novel zero-shot clas-
sification framework termed MULEG, which inte-
grates a feature attribute graph with multi-level ex-
planations to capture both the row-column structure
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of tabular data and semantic dependencies among
feature attributes. We build the feature attribute
graphs with multi-level explanations and then intro-
duce a differentiable message-passing mechanism
that allows feature attributes from heterogeneous
representation to propagate through the graph. We
conduct extensive experiments on zero-shot classi-
fication datasets covering sixteen unseen tasks, and
the results validate the effectiveness of MULEG.

Limitations

Despite its overall effectiveness, MULEG may en-
counter challenges on mixed-type tabular tasks.
In these tasks, heterogeneous node types may
introduce interference during graph aggregation
and representation propagation, potentially affect-
ing attribute graph updates and limiting perfor-
mance. Addressing these interactions and improv-
ing instance-specific reasoning over heterogeneous
node types are important directions for future work.
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Appendix
A Dataset Description

We present detailed statistics and brief descriptions
of all datasets used in our experiments in this ap-
pendix. In total, the benchmark comprises 36 real-
world tabular classification tasks spanning five dis-
tinct task types. Specific details and statistics for
each dataset are summarized in Table 4. We clas-
sify these tasks based on their feature semantics
and reasoning requirements:

Task Types. Semantic tasks involve rich textual
or categorical metadata that require semantic under-
standing of attribute labels. Mixed tasks contain het-
erogeneous numerical, categorical, and textual fea-
tures. Numerical tasks are primarily composed of
continuous measurements requiring distributional
modeling. Ordinal tasks involve labels or features
with an intrinsic ordering, such as ratings or levels.
Symbolic tasks involve logical rules, board states,
or mathematical properties that require symbolic
reasoning.

A.1 Seen Tasks (20 Datasets)

Semantic tasks.

* website-phishing: Classifies websites as le-
gitimate, suspicious, or phishing based on hand-
crafted URL and webpage indicators.

* internet-firewall: Predicts firewall actions
from network-flow metadata, including ports,
bytes, packets, and duration.

* mushroom: Predicts whether a mushroom is edi-
ble or poisonous from categorical morphologi-
cal attributes such as cap shape, gill color, and
odor.

* shill-bidding: Detects shill bidding behavior
from auction-level and bidder-level behavioral
statistics.

* water-potability: Predicts whether water is
potable from physicochemical measurements
such as pH, solids, and turbidity.

e color-luminance: Predicts whether lumi-
nance exceeds a predefined threshold from color
identifiers.

Numerical tasks.

* dry-bean: Predicts bean variety from numeri-
cal shape descriptors.

e occupancy-detection: Predicts room occu-
pancy from continuous environmental sensor
readings.

* vertebral-column: Predicts orthopedic as-
sessment categories from numerical spinal mea-
surements.

* mammographic-mass: Predicts mass severity
from numerical imaging assessment features.

Mixed tasks.

e caesarian-section: Predicts C-section ver-
sus non-C-section deliveries from maternal and
clinical indicators.

e stroke-prediction: Predicts stroke occur-
rence from medical history, demographics, and
lifestyle features.

¢ job-change: Predicts whether an individual is
likely to change jobs from demographic and
experience-related features.

e campus-placement: Predicts student place-
ment outcomes from academic records and pro-
file features.

* engineering-placement: Predicts placement
outcomes from mixed academic and experiential
indicators.

Ordinal tasks.

* wine: Predicts wine category from chemical
analysis features.

* student-performance: Predicts academic per-
formance levels from demographic and school-
ing features.

e teaching-assistant-evaluation: Predicts
teaching assistant performance on a three-level
ordinal scale.

* somerville-happiness: Predicts resident hap-
piness from survey-based quality-of-life indica-
tors.

Symbolic tasks.

* proteinogenic-acid: Predicts whether an amino
acid is proteinogenic from symbolic biochemi-
cal indicators.

A.2 Unseen Tasks (16 Datasets)

Semantic tasks.

* award-nomination-result: Predicts whether
an entry is awarded based on award-related
metadata.
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Split Dataset Name Samples Feats. Classes Task Type Source

internet-firewall (int, 2019) 65,531 5 4 Semantic UCI
mushroom (Pinky et al., 2019) 8,124 5 2 Semantic UCI
website-phishing (Abdelhamid et al., 2014) 1,353 5 3 Semantic  UCI
shill-bidding (shi, 2020) 6,319 5 2 Semantic UCI
water-potability 2,010 5 2 Semantic  Kaggle
color-luminance 23 3 2 Semantic ~ Wikipedia
dry-bean (Koklu and Ozkan, 2020) 13,611 5 7 Numerical UCI
occupancy-detection (Candanedo and Feldheim, 2016) 8,141 5 2 Numerical UCI
Train / Dev mammographic-mass (Elter et al., 2007) 830 5 2 Numerical UCI
(Seen Tasks) vertebral-column (Ma et al., 2019) 310 5 3 Numerical UCI
caesarian-section (Amin and Ali, 2018) 80 5 2 Mixed UCI
job-change 8,954 5 2 Mixed Kaggle
stroke-prediction 4,918 5 2 Mixed Kaggle
engineering-placement 2,965 5 2 Mixed Kaggle
campus-placement 214 5 2 Mixed Kaggle
teaching-assistant (Loh, 1997) 151 5 3 Ordinal UCI
student-performance 666 5 4 Ordinal UCl
somerville-happiness (Koczkodaj, 2017) 143 5 2 Ordinal ucCl
wine (Aeberhard et al., 1994) 178 5 3 Ordinal UCI
proteinogenic-acid 41 3 2 Symbolic  Wikipedia
award-nomination-result 54 3 2 Semantic  Wikipedia
coin-face-value 21 3 2 Semantic  Wikipedia
coin-metal 24 4 3 Semantic ~ Wikipedia
election-outcome 24 5 2 Semantic  Wikipedia
soccer-club-region 15 5 2 Semantic  Wikipedia
soccer-league-type 15 5 2 Semantic  Wikipedia
Test banknote-auth (Merkurjev et al., 2015) 1,373 4 2 Numerical UCI
(Unseen Tasks) indian-liver-patient (ILPD) (Straw and Wu, 2022) 575 5 2 Numerical UCI
contraceptive-method (Rahman et al., 2015) 1,473 5 3 Mixed UCI
entrepreneur 218 5 2 Mixed Kaggle
travel-insurance 1,986 5 2 Mixed Kaggle
car-evaluation(Bohanec and Rajkovic, 1988) 1,728 5 4 Ordinal UCI
hotel-rating 16 4 2 Ordinal Wikipedia
tic-tac-toe-endgame 958 5 2 Symbolic UCI
driving-points 21 5 2 Symbolic  Wikipedia
manifold-orientability 18 3 2 Symbolic  Wikipedia

Table 4: Dataset Splits and Statistics. The datasets are grouped by the data split (Train/Dev vs. Test) and their
specific Task Type. Sources without formal citations include clickable links.

e coin-face-value: Predicts whether a coin’s ¢ banknote-authentication: Predicts whether

face value exceeds one unit from numismatic a banknote is genuine or counterfeit from nu-
attributes. merical image-statistics features.

* coin-metal: Predicts the type of precious e indian-liver-patient: Predicts liver disease
metal used in a coin, such as gold, silver, or status from numerical laboratory test results.
none.

Mixed tasks.

e election-outcome: Predicts whether a candi-

) . e contraceptive-method-choice: Predicts
date is elected or defeated from election-level ’

contraceptive method categories, including

metadata. no-use, short-term, and long-term use, from
* soccer-club-region: Predicts the geographic socio-demographic features.
region of a soccer club from club and league .
. * entrepreneur-competency:  Predicts en-
descriptors.

trepreneurial competency from personal profile
e soccer-league-type: Predicts whether a club attributes and psychometric ratings.
belongs to a men’s or women’s league from

. e travel-insurance: Predicts whether travel in-
metadata attributes.

surance is purchased from demographic and
Numerical tasks. travel-history attributes.
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Ordinal tasks.

e car-evaluation: Predicts car acceptability on
a four-level ordinal scale.

* hotel-rating: Predicts whether a hotel rating
exceeds a predefined threshold.

Symbolic tasks.

e tic-tac-toe-endgame: Predicts game out-
comes from symbolic board configurations.

e driving-championship-points: Predicts
whether season points exceed a predefined
threshold from structured racing metadata.

e manifold-orientability: Predicts whether a
manifold is orientable from symbolic topologi-
cal invariants.

B Structural Causal Models Foundation

Structural Causal Models (SCMs) provide a prin-
cipled language for describing how variables are
generated through structural mechanisms, where
directed edges represent assumed structural depen-
dencies rather than symmetric statistical correla-
tions (Pearl, 2009; Peters et al., 2017). Following
the SCM view in Section 3.2, we regard the ob-
served tabular sample X; as being generated from
decision-relevant evidence .S; and nuisance factors
U;. Since directly modeling Py(Y; | X;) may ex-
ploit unstable shortcuts induced by U;, FAG orga-
nizes the explanation-supported reasoning path

Here, attribute-level explanations Fy,(7) guide
the construction of rule factors R;, while label-
level explanations Ejape()) guide the alignment
between aggregated evidence Z; and the target la-
bel Y;. Therefore, the graph G = (V,€&) is an
SCM-inspired structural prior graph: edges in £
denote explanation-supported reasoning dependen-
cies, rather than statistically identified causal ef-
fects.

Principle 1: Explanation-supported Common
Cause Principle. Reichenbach’s Common Cause
Principle states that statistical dependence among
variables can be explained by a shared cause or
common mechanism (Reichenbach, 1956). In-
spired by this principle, when multiple observable
attribute-value elements provide evidence for the
same decision-relevant factor in textual explana-
tions, FAG introduces an intermediate rule node in
Viule to summarize their shared contribution. In the

SCM view, this corresponds to using explanations
to organize the relevant part of \S; into rule factors
R;, rather than directly connecting all observed in-
put nodes in Vi, to the prediction target. Thus, the
common cause principle is used as an explanation-
level structural prior: it motivates grouping related
evidence through shared rule factors, but does not
imply that the introduced rule nodes are statistically
verified latent causes.

Principle 2: Independent Causal Mechanisms
Principle. The Independent Causal Mechanisms
principle suggests that different causal mechanisms
should be modeled as autonomous and modular
components whenever possible (Scholkopf et al.,
2012; Peters et al., 2017). Following this principle,
FAG represents different explanation-supported
reasoning factors as separate rule nodes in V; e,
and connects them to convergence nodes in Veopy
only when such relations are supported by Fattr (7))
or the provided textual explanations. This mod-
ular structure avoids entangling unrelated deci-
sion mechanisms in a single opaque representation
(Zhao et al., 2024), while supporting reasoning
from S5; to R; and ultimately to Z;. Accordingly,
FAG provides an SCM-inspired organization of
explanation-supported structural mechanisms.

C Implementation Details of Feature
Attribute Graph Construction

This appendix provides implementation details for
constructing the feature attribute graph. While Sec-
tion 3.2 introduces the explanation-to-graph mod-
eling process, this appendix specifies the graph
construction procedure, node types, edge defini-
tions, structural prior weights, validation rules, and
the LLM prompt template used for reproducibility.
The FAG is constructed from the task schema and
attribute-level explanations E,, (7). It serves as
an explanation-supported structural prior for dif-
ferentiable reasoning, rather than a statistically dis-
covered causal graph.

C.1 LLM-based FAG Construction Procedure

Given a task schema and dataset-provided attribute-
level explanations, we construct a task-level graph
G = (V,€). Building on the insight that infer-
ence facilitates conceptual understanding (Li et al.,
2024) and the potential of LLM-based decompo-
sition and prior knowledge (Yan et al., 2025a; Su
et al., 2026), we use LLaMA-3-70B to derive struc-
tural priors from textual explanations. The LLM
receives two inputs: (1) observable attributes and
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possible values, and (2) attribute-level explanations
describing decision logic. It does not predict labels
but parses explanations into graph components.

The construction process contains three steps.
First, semantic node extraction identifies graph
nodes corresponding to observable attributes,
explanation-derived rule factors, and convergence
factors. Second, relation specification extracts
directed explanation-supported relations between
nodes and assigns structural prior weights. Third,
structural refinement removes unsupported or ill-
formed nodes and edges, and enforces a valid rea-
soning topology. The constructed FAG is shared
across samples within the same task, while node
states are initialized in a sample-conditioned man-
ner during graph-based reasoning.

C.2 Node Types

The node set V is decomposed into three disjoint
subsets:

V= Vin L:Jvrule L:JVconv . (15)

Input nodes. Input nodes Vy, correspond to ob-
servable attributes in the task schema, such as age,
annual income, odor, blood pressure, or educa-
tion level. Each input node must be grounded in
an explicit dataset attribute. For each sample z;,
its relevance is compute?)using the corresponding
1

sample representation hy’ and the node prototype.

Rule nodes. Rule nodes V;, represent interme-
diate decision factors derived from attribute-level
explanations Fytt, (7). They summarize higher-
level semantic concepts or reasoning rules sup-
ported by multiple attributes, such as travel risk,
health condition, financial capability, or eligibil-
ity. These nodes bridge raw attribute evidence and
task-level decision evidence.

Convergence nodes. Convergence nodes Veopy
aggregate multiple reasoning paths before predic-
tion. They summarize global evidence produced
by rule nodes and provide graph-level evidence for
subsequent label alignment. Candidate labels are
not represented as FAG nodes; instead, they are en-
coded separately as label-level semantic prototypes

from Ejapel()).

C.3 Edge Construction and Structural Prior
Weights

The edge set £ C V x V contains directed
explanation-supported reasoning dependencies. An
edge (vp, vg) € € is added only when the provided
explanations explicitly state or strongly imply that

source node v, contributes to target node v,. The
edge direction follows the reasoning flow from in-
put evidence to rule factors and then to convergence
evidence:
Vin — Vrule — Vconv- (16)

For example, an explanation such as “frequent fly-
ers with annual income over 1M usually take travel
insurance” supports directed edges from annual
income and frequent flyer to an intermediate rule
node such as high-income frequent flyer, which can
further connect to a convergence node summarizing
travel-insurance evidence.

Each edge (vp,vq) € € is assigned a structural
prior weight w,, € [0, 1] according to the strength
of textual support:

0.85-0.95, explicit relation,
Wpg = § 0.65-0.80, strong prior, a7
0.50-0.65, weak support.

If the LLM outputs a confidence score within
the corresponding interval, we directly use the
score. Otherwise, we use the midpoint of the in-
terval, namely 0.90, 0.72, and 0.57 for explicit,
strong-prior, and weak-support relations, respec-
tively. These weights serve as structural priors in

graph propagation and are incorporated into the
(%)
T

propagation coefficient A, in Section 3.3.

C.4 Structural Validation

To reduce unsupported or noisy graph structures,
we apply deterministic validation after LLM gen-
eration. First, schema consistency requires every
input node to correspond to an attribute in the task
schema. Second, explanation support checking
removes edges that cannot be traced to the pro-
vided textual explanations. Third, direction vali-
dation enforces the intended reasoning order from
input nodes to rule nodes and then to convergence
nodes. Direct input-to-convergence edges are al-
lowed only when explicitly supported by the expla-
nations. Fourth, acyclicity checking ensures that
G is a directed acyclic graph; when a cycle is de-
tected, the lowest-confidence edge in the cycle is
removed. Finally, near-duplicate nodes are merged
before graph propagation.

These validation steps ensure that the generated
FAG is faithful to the provided explanations, struc-
turally well-formed, and suitable for differentiable
message passing.
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C.5 Prompt Template

We use a standardized prompt to guide the LLM to
construct FAGs from the task schema and dataset-
provided attribute-level explanations. The prompt
follows the three-stage procedure described above:
semantic node extraction, relation specification,
and structural refinement. The full prompt is shown
in Figure 10.

D Prompt for Explanation Usage

This appendix presents the prompt templates used
in our experiments for two settings: inference with-
out dataset-provided explanations and inference
with dataset-provided explanations. As shown in
Figure 11, the two prompts share the same input
data, candidate labels, and output constraints, while
differing only in whether domain knowledge expla-
nations are provided to the model. This design
ensures a fair and reproducible comparison be-
tween explanation-free inference and explanation-
enhanced inference.

E Faithfulness Evaluation

We elaborate on the technical implementation of
the perturbation-based protocol utilized to quantify
the faithfulness of the learned explanations.

Evaluation Protocol. To quantify whether the
learned importance scores reflect the true decision-
making process, we perform a deletion test (also
known as comprehensiveness) (Wang et al., 2022;
DeYoung et al., 2020; Ying et al., 2019) by progres-
sively masking input features.

Masking Strategy. Given an input graph G and
the learned importance scores S, we employ two
masking policies for comparison:

» Top-K Strategy: We rank all nodes based on
S and mask the features of the top-K nodes.
To minimize the impact on graph connectiv-
ity while removing semantic information, we
replace the feature vectors of selected nodes
with the mean feature vector of the dataset
(Mean-Masking).

* Random Baseline: We randomly select K
nodes from the input to mask. To ensure sta-
tistical reliability, this random selection is re-
peated 5 times with different random seeds,
and the average performance is reported.

F Detailed Sensitivity Analysis of Fusion
Coefficient o

Figure 12 provides the complete sensitivity analysis
of the fusion coefficient o across representative
unseen tasks, where a = 0 denotes purely semantic
prediction and o« = 1 denotes purely graph-based
reasoning.

Symbolic and Ordinal Tasks. Datasets in these
categories, such as car-evaluation and tic-tac-toe,
exhibit a distinct preference for higher a values.
For instance, on the car-evaluation task, accuracy
surges from 37% (at « = 0) to 70% (at o = 0.9).
This trend suggests that purely semantic encoders
struggle to infer strict logical rules (e.g., hierarchi-
cal buying criteria) from flattened text. In these
cases, the GNN component is critical for propagat-
ing structural constraints, justifying a high fusion
weight.

Numerical Tasks. Similarly, numerical tasks
show substantial gains from structural integra-
tion. A prime example is banknote-authentication,
where performance jumps from 29% with pure text
to 56% with graph integration (ov = 0.7). This indi-
cates that while PLMs are robust in processing text,
they often fail to capture the distribution nuances
of continuous numerical features.

Semantic and Mixed Tasks. In contrast, seman-
tic tasks (e.g., award-nomination) and mixed-type
tasks (e.g., travel-insurance) often achieve peak
performance at lower to mid-range « values (typ-
ically a ~ 0.2-0.4). For these domains, the rich
semantic priors from the pre-trained encoder are
the primary signal. Excessive structural injection
(¢ — 1) may introduce noise or over-smooth
the specific semantic context. MULEG’s adaptive
mechanism successfully identifies this need, assign-
ing lower « values to preserve semantic specificity
while using the graph to resolve ambiguities.

G Qualitative Case Study

To qualitatively validate the reasoning mechanism
of MULEG, we analyze representative test in-
stances from the Travel Insurance task where
surface-level correlations mislead standard base-
lines. As illustrated in Figure 14, Case A presents
a high-income applicant (1.7M), a feature statisti-
cally correlated with purchasing insurance. Con-
sequently, the baseline falls into this shortcut trap
(red dashed path) and predicts a false positive. In
contrast, MULEG correctly predicts No by activat-

49345



ing a structured causal chain (blue solid path): it
first aggregates demographics into a Travel Profile
(w = 0.29) and subsequently identifies a latent risk
factor Chronic Condition (w = 0.08) which deci-
sively overrides the income bias. Similarly, in Case
B, MULEG successfully discerns the high cost
associated with a large family size (7 members),
avoiding the baseline’s error. These cases demon-
strate that MULEG’s performance gains stem from
interpreting underlying domain logic via interme-
diate reasoning steps rather than fitting spurious
correlations.

H Effect of GNN Depth on Performance

We investigate the influence of GNN depth by vary-
ing the number of message-passing layers from 1
to 5. Figure 13 summarizes the test accuracy across
datasets using a heatmap to facilitate the identifica-
tion of layer-wise trends.

Empirical results indicate that GNNs with mod-
erate depth (2—4 layers) consistently achieve op-
timal or near-optimal performance. Conversely,
shallow (1-layer) or excessively deep (5-layer) con-
figurations often lead to performance degradation,
reflecting a trade-off between relational modeling
capacity and the risk of over-smoothing. Specifi-
cally, a 2-layer GNN suffices for tasks with simpler
dependencies (e.g., banknote-auth, election),
whereas tasks involving complex compositional
patterns (e.g., car-eval, soccer-club) benefit
from deeper architectures (3—4 layers). The consis-
tent underperformance of 5-layer models suggests
that excessive message passing can lead to noise
accumulation, diluting discriminative signals.

award ----- 100
banknote-auth -

car-eval- ---
coin-face- ] ] 80
coin-metal - —_
. contraceptive- X
Q driving - T i g
il election 1 IS 60 3
+  entrepreneur - o
I} hotel - 2
liver- . -40 9
manifold - I <
ol gacgllde -----
tic-tac-toe -- -- 20
travel- |ns— .

2 3 4 5
Number of GNN Layers

Figure 13: Accuracy under different GNN depths.

I Implementation Details

We provide the complete implementation details to
facilitate reproducibility.

Hyperparameter Value
Optimization

Backbone Learning Rate 8 x 107°
Head Learning Rate 4x107°
Weight Decay 0.03
Effective Batch Size 128
Max Epochs 10
Gradient Accumulation 4
Loss Function

Focal Loss « 0.25
Focal Loss v 2.0
Ordinal Loss « 0.5
Ordinal Loss 3 0.2
Task-Adaptive Ranges

Top-K Nodes (K) [1,12]
Temperature (7) [0.07,1.0]
Fusion Coefficient (o) [0.0,1.0]
Evaluation

Random Seeds 6
Seed Offset 42
Computing Infrastructure  NVIDIA V100 (32GB)

Table 5: Detailed Hyperparameter Settings for MULEG.

1.1 Model Architecture

Our framework is implemented using Py-
Torch (Paszke et al., 2019) and Hugging Face
Transformers (Wolf et al., 2020). We utilize
bert-base-uncased (Devlin et al., 2019) as the
text encoder backbone. For tasks containing
primarily numerical features (more than 5 numeric
columns), we employ a hybrid encoder with
a cross-attention module to fuse numerical
embeddings with textual representations. The
causal reasoning component is instantiated as
a 2-layer graph neural network initialized with
BERT embeddings of attribute explanations.

1.2 Training Protocol

We train the model for 10 epochs using the AdamW
optimizer (Loshchilov and Hutter, 2019) with a
linear learning rate scheduler (no warmup). To
balance the stability of the pre-trained backbone
and the learning capacity of new modules, we adopt
a differential learning rate strategy:

» Backbone learning rate: 8 x 1076 (scaled by

0.2 from the base rate).

» Head & GNN learning rate: 4 x 1075 (base
rate).

We use a batch size of 32 per device with gradient

accumulation steps of 4, resulting in an effective

batch size of 128. To address class imbalance and

the ordinal nature of specific tasks, we integrate
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Dataset Samples Feat. Task
Bank 45,211 16 Binary (2)
Adult Income 48,842 14 Binary (2)
California 20,640 9 Multi-class (5)
Heart 1,025 13 Binary (2)
Blood 748 4 Binary (2)
Airbnb Listing 103,000 26  Multi-class (3)
Mercari Price 148,200 8  Multi-class (11)

Table 6: Statistics of the datasets used in the supplemen-
tary experiments.

Focal Loss (v = 2.0) and a specialized Ordinal
Loss into the training objective.

I.3 Task-Adaptive Hyperparameters

A key feature of our method is the task-adaptive
mechanism, where hyperparameters are dynami-
cally adjusted based on task characteristics (e.g.,
task difficulty and data type). Table 5 summarizes
the specific settings. Crucially, the fusion coeffi-
cient «, temperature 7, and retrieval count K vary
across tasks to optimize performance.

I.4 Computing Infrastructure

All experiments are conducted on a single NVIDIA
Tesla V100 GPU (32GB). Under these settings,
training on the full benchmark typically completes
within 4 hours. We report the mean performance
over six independent runs to ensure statistical sig-
nificance. Tables 7 and 8 present the corresponding
results on the six large-scale and ten small-scale
unseen datasets, respectively.

J Supplementary Experiments on Larger
and Multiclass Datasets

Referring to the dataset selection of (Shi et al.,
2025) and (Hegselmann et al., 2023), we con-
duct supplementary zero-shot experiments on seven
widely adopted benchmark datasets with varying
scales, feature dimensions, and class structures. In
addition to binary classification datasets, we in-
clude three multiclass datasets to further evaluate
the generalization ability of MULEG under more
complex label spaces. Specifically, the datasets in-
clude Bank (45K samples, 16 features, 2 classes),
Adult Income (48K samples, 14 features, 2 classes),
California (20K samples, 9 features, 5 classes),
Heart (1K samples, 13 features, 2 classes), Blood
(748 samples, 4 features, 2 classes), Airbnb Listing
(103K samples, 26 features, 3 classes), and Mercari
Price Suggestion (148.2K samples, 8 features, 11
classes). Detailed statistics are reported in Table 6.

K Use of AI Assistants

We use ChatGPT to improve the presentations of
this paper!.

"https://chatgpt.com/
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banknote liver car-eval contra. travel tic-tac
(Num) (Num) (Ord) (Mix) (Mix) (Sym)

RoBERTa (No Exp) 553412 32.642.1 224418 435415 35.842.4 323417 37.0+0.8
RoBERTa (Concat) 59.7+41.4 37.6+1.9 23.142.0 45.641.7 40.542.1 30.6+1.5 39.540.7

Method Avg.

RoBERTa (Sim) 56.74+1.1 67.841.5 19.141.3 234492 342418 323419 38.940.7
TO-3B (No Exp) 553423 322450 208416 464119 57.042.5 67.7+0.0 46.640.8
TO—3B (EXp) 55.3i2A1 32«2i1A8 22.3i2.1 23-4i246 45.8i2.2 67.7i0A0 41~1i0A8
FLAN-TS (No Exp) 553418 3134124 223419 434415 65.8.11 2 672411 47.540.7
FLAN-TS5 (Exp) 29.143.1 322492 2234195 434448 65.811¢6 67.710.0 434409
LLaMA-3 (No Exp) 4471256 67.841.4 61.1121 292498 342194 589419 493409
LLaMA-3 (Exp) 52.4;‘:24 67.8:‘:15 70.8:[:1_7 38.0:{:2_2 342:{:2‘6 67.7:&(]‘0 55'1108
ExEnt 447417 357421 572418 2134925 45.641.9 324499 39.54+0.9
TALC 497415 478416 16.541.4 43.841.7 342450 47.8418 40.040.7
CLORE 53.8i1A4 49.6i1A9 66.5i1,5 39.0i241 46.8i1A8 67.7i0A0 53.9i0A7
MULEG (Ours) 65.810.38 68.3+11.1 717410 46.8+1 2 623414 67.7+0.0 63.810.4

Table 7: Zero-shot classification accuracy (%) on six large-scale unseen datasets. Results are reported as mean +
standard deviation over six independent runs.

award coin-f coin-m  elect. s-club s-lg hotel entr. driv. mani.
(Sem) (Sem) (Sem) (Sem) (Sem) (Sem) (Ord) (Mix) (Sym) (Sym)

RoBERTa (No Exp) 66.7431 50.044.2 50.0435 50.0440 40.0+3s 60.0429 50.0431 43.6428 37.6436 50.0441 49.8411
RoBERTa (Concat) 70.7428 50.0+139 483141 50.0+35 60.0132 40.0136 50.0428 493124 37.8439 50.0135 50.6+11.0
RoBERTa (Sim) 222445 50.0441 50.0135 50.0436 60.0440 40.0139 50.0132 477125 625135 50.0440 482412
TO0-3B (No Exp) 722435 250452 500445 125448 60.0439 60.0435 250441 523431 125448 50.0445 42.0413
T0-3B (Exp) 66.7+3.8 250449 50.0442 1254145 40.0442 400145 250146 523129 125445 50.0+48 374113
FLAN-TS5 (No Exp) 61.144.1 50.0+45 50.0439 50.044.2 40.0+4.1 60.04358 25.045.1 47.7+35 625438 50.044.2 49.6+13
FLAN-TS (Exp) 55.644.5 50.044.8 50.0+44 50.0445 40.044.6 60.0+s42 50.0439 523134 625441 50.0146 52.041.3
LLaMA-3 (No Exp) 50.043.9 50.0+4.1 75.04+3.2 50.0+3.5 100.04+0.0 100.0+0.0 50.0445 47.7+32 62.5+35 50.0+39 63.541.1
LLaMA-3 (Exp) 222451 75.0436 50.0442 625441 100.040.0 60.0+4.5 50.043.8 477435 625440 100.0+40.0 63.041.2
ExEnt 67.83:2,8 75.013,1 50~0ﬂ:3.8 500j:3,5 60.0i3,4 6003:32 50.012,9 4545332.4 375j:55 100.03;0_() 59~6j:1.0
CLORE 222435 50.044.5 50.044.2 50.0+4.1 60.04+36 40.0+4.2 50.0435 455428 37.5+4.1 100.0+0.0 50.541.1

MULEG (Ours) 778415 750421 75.0420 75.0+1.8 100.040.0 60.0+2.5 83.3116 50.0+1.9 95.8+1.1 100.0+0.0 79.240.6

Method Avg.

Table 8: Zero-shot classification accuracy (%) on ten small-scale unseen datasets. Results are reported as mean +
standard deviation over six independent runs.
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Prompt: Feature Attribute Graph Generation with Explanations

Task Definition: You are given a structured-data classification task with: (1) a set of observable

attributes with names and possible values; (2) natural-language explanations describing how

decisions are made; (3) candidate labels for the classification task.

Your goal is to construct a task-level Feature Attribute Graph (FAG) that formalizes the

explanation-derived reasoning process.

Important:

* Use only the provided attributes and explanations.

e Do not introduce unsupported external information.

* Do not predict labels.

e Return only a JSON object.

Step 1: Semantic Node Extraction Identify a set of semantic nodes V. Each node must represent

a single, interpretable factor. Categorize each node into one of the following types:

e Input Node: Directly corresponds to an observable attribute in the task schema. Use the
original attribute name whenever possible.

e Intermediate Rule Node: Represents an abstract rule, logical implication, or intermediate
decision factor inferred from the explanations.

e Convergence Node: Aggregates multiple reasoning paths before prediction. It should summarize
decision-relevant evidence, but it should not directly duplicate a class label.

Each node must include:

e id: a unique identifier;

* name: a concise node name;

e type: input, intermediate_rule, or convergence;

e text: a brief natural-language description of its meaning.

Step 2: Causal Relation Specification Construct a set of directed edges B. Add an edge only if

the provided explanations support a relation from the source node to the target node. An edge

can be added when:

* an explanation explicitly states that one factor affects or determines another;

* an attribute contributes to an intermediate rule or decision factor;

e multiple attributes jointly support a higher-level conclusion.

Assign a confidence weight w in [0,1]:

* 0.85-0.95: explicit causal or logical relation;

* 0.65-0.80: strong domain-prior relation;

* 0.50-0.65: weak or indirect supporting relation.

Each edge must include:

* src: source node id;

e dst: target node id;

* w: confidence weight;

e rationale: a short explanation of why the edge is supported.

Step 3: Structural Refinement and Validation Ensure that:

e all input nodes correspond to provided attributes;

* edges are supported by the provided explanations;

e edges flow from input nodes to intermediate rule nodes to convergence nodes;

e the graph is acyclic;

¢ redundant nodes are merged;

e no unsupported external information is introduced.

Output Format: Return the FAG in JSON format:

{
Hnodesll: [ {Ilidll: Il..'lﬁ’ Hname‘l: H' .Il’ "type“: II.'.H’ ”teXt“: II.'.H
"edges": [ {"src": "...", "dst": "...", "w": ..., "rationale”:

b

Figure 10: Prompt template for constructing the Feature Attribute Graph from dataset-provided explanations.
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Prompt : LLMs No Explanation Tests

System: You are an expert classifier for tabular data.

Task: Your task is to classify the given data instance into exactly one of the provided candidate
labels.

Input Data: f"{data_str}”

Candidate Labels: f"{labels_str}"

Instructions:

1. Analyze the input data features.

2. Select the most appropriate label from the "Candidate Labels” list.

3. Output ONLY the label name. Do not output any explanation, reasoning, or punctuation.
Prediction:

Prompt : LLMs Use Explanation Tests

System: You are an expert classifier for tabular data.

Task: Your task is to classify the given data instance into exactly one of the provided candidate
labels, guided by the provided domain explanations.

Domain Knowledge & Explanations: f"{explanation_text}"

Input Data: f"{data_str}”

Candidate Labels: f"{labels_str}"

Instructions:

1. Read the "Domain Knowledge"” to understand the decision logic.

2. Analyze the "Input Data” features against these rules.

3. Select the most appropriate label from the "Candidate Labels” list.

4. Output ONLY the label name. Do not output any explanation, reasoning, or punctuation.
Prediction:

Figure 11: Prompt templates for LLM-based zero-shot classification under explanation-free and explanation-
enhanced settings.
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Figure 12: Sensitivity analysis of the fusion coefficient o on representative unseen tasks, grouped by task type. Each
subplot reports classification accuracy as a function of «, where ac = 0 relies solely on textual semantics and o = 1
relies solely on graph-based reasoning.
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MulEG for Travel Insurance Decision
Intermediate concept nodes in this graph are selectively activated and weight in the case studies below.

[ Annual ] A [ Frequent ] Travel College Family Chronic Trip risk
Income &¢ Flyer Abrad Graduate size Condition level

N q
Travel Profile Travel Experience Risk Health Factor
Aggregated traveler profile Aggregated traveler profile . e .
. . Combined indicator of trip
based on income, age, and based on income, age, and . ..
. . risk and health condition.
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( Convergence Nodes
| Final travel insurance decision (Yes/No)

Case A : High Income with Latent Health Risk |, Case B : Large Family Travel Risk

Input Profile

Input Profile
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- Frequent Flyer : Yes Strong surface - Frequent Flyer : Yes High cost family
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Figure 14: Qualitative comparison of reasoning paths on the Travel Insurance task. While the baseline model relies
on spurious surface correlations (e.g., high income) to incorrectly predict Yes, MULEG activates intermediate causal
concepts such as identifying latent Chronic Conditions (Case A) or High-Cost Family Structure (Case B) to correctly
derive the No decision. This validates that MULEG prioritizes structured causal logic over statistical shortcuts.
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