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Abstract

Zero-shot stance detection (ZSSD) seeks to determine the
stance of text toward previously unseen targets, a task critical
for analyzing dynamic and polarized online discourse with
limited labeled data. While large language models (LLMs)
offer zero-shot capabilities, prompting-based approaches of-
ten fall short in handling complex reasoning and lack robust
generalization to novel targets. Meanwhile, LLM-enhanced
methods still require substantial labeled data and struggle
to move beyond instance-level patterns, limiting their inter-
pretability and adaptability. Inspired by cognitive science,
we propose the Cognitive Inductive Reasoning Framework
(CIRF), a schema-driven method that bridges linguistic in-
puts and abstract reasoning via automatic induction and ap-
plication of cognitive reasoning schemas. CIRF abstracts
first-order logic patterns from raw text into multi-relational
schema graphs in an unsupervised manner, and leverages a
schema-enhanced graph kernel model to align input struc-
tures with schema templates for robust, interpretable zero-
shot inference. Extensive experiments on SemEval-2016,
VAST, and COVID-19-Stance benchmarks demonstrate that
CIRF not only establishes new state-of-the-art results, but
also achieves comparable performance with just 30% of the
labeled data, demonstrating its strong generalization and effi-
ciency in low-resource settings.

Introduction

Zero-shot stance detection (ZSSD) aims to identify the
stance of text towards targets unseen during training, a chal-
lenge increasingly important for analyzing polarized social
media discourse as new topics rapidly emerge and labeled
data remain scarce (Allaway and Mckeown 2020; Liang
et al. 2022a). Recent advances in large language models
(LLMs) offer new opportunities for ZSSD, as their zero-
shot prompting and strong contextual understanding enable
deeper semantic reasoning and generalization to novel tar-
gets (Binz and Schulz 2023). However, LLMs applied via
prompting strategies (Li et al. 2023a; Zhang et al. 2023; Lan
et al. 2024; Zhao et al. 2024; Weinzierl and Harabagiu 2024)
typically exhibit suboptimal performance on ZSSD. In con-
trast, LLM-enhanced methods (LEM) combine the rich
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knowledge encoded in LLMs with the task-specific adap-
tation capabilities of supervised neural models, and have re-
cently become a prominent research direction (Zhang et al.
2024; Dai et al. 2025; Zhang et al. 2025b). Nevertheless,
these approaches still face two challenges: substantial re-
liance on labeled data and limited generalization beyond
surface-level lexical cues (Wang et al. 2020).

On the other hand, cognitive science suggests that humans
reason not only by memorizing specific examples, but also
by abstracting generalizable reasoning schemas—structured
templates that capture the logical relationships underlying
diverse arguments (e.g., causality, value judgments, condi-
tional inference) (Halpern 1990; Barwise 1977; Tenenbaum
et al. 2011). For instance, arguments such as “increases
health risks” and “reduces economic stability” both instan-
tiate a schema of negative consequence, leading to opposi-
tion, regardless of surface wording or topical context. Such
schemas disentangle reasoning logic from lexical or contex-
tual specifics, enabling robust generalization to novel targets
(Cocchi et al. 2013; Ragni and Knauff 2013). This cogni-
tive insight motivates us to integrate schema-level reasoning
into stance detection, aiming to overcome the data depen-
dency and limited generalization of current instance-based
approaches.

Reasoning schemas have shown strong potential for im-
proving generalization and interpretability in domains such
as question answering and causal inference (Peng et al.
2024; Li et al. 2024; Cheng et al. 2024; Su et al. 2025;
Tao et al. 2025). However, their application to stance detec-
tion—especially in the zero-shot setting—remains largely
unexplored. This is mainly due to two core challenges: (1)
the lack of effective methods for modeling and extract-
ing stance-specific reasoning schemas that can generalize
across diverse targets; and (2) the absence of mechanisms
for aligning input instances with abstract schemas to enable
schema-guided inference. Existing neural and LLM-based
approaches predominantly rely on instance-level lexical or
contextual patterns, rarely inducing or leveraging reusable
schema-level reasoning. This limits both their generalization
and interpretability in ZSSD.

To address these challenges, we propose the Cognitive In-
ductive Reasoning Framework (CIRF), a schema-driven ap-
proach for ZSSD that bridges linguistic input and abstract
reasoning via automatic schema induction and schema-



guided inference. Specifically, CIRF comprises two key
components: (1) Unsupervised Schema Induction (USI),
which leverages LLMs to abstract structured reasoning pat-
terns from raw text by converting predicates into first-order
logic (FOL) expressions and clustering them into a multi-
relational schema graph, capturing stance-relevant logi-
cal relations independent of specific targets or vocabulary;
and (2) Schema-Enhanced Graph Kernel Model (SEGKM),
which represents each input as an FOL graph, maps predi-
cate nodes to corresponding schema nodes, and employs a
learnable graph kernel to align input structures with schema
templates for stance prediction. Unlike standard graph neu-
ral networks, which often struggle to capture reusable high-
order reasoning motifs, our kernel-based approach enables
direct and interpretable alignment between input reasoning
structures and abstract schema templates. This explicit struc-
tural and semantic matching is essential for robust zero-
shot generalization and interpretability in stance detection,
and cannot be easily achieved by conventional neural ar-
chitectures. This framework enables CIRF to generalize ef-
fectively to novel and diverse targets by combining the in-
terpretability of symbolic schemas with the adaptability of
neural inference, setting a new paradigm for schema-driven
zero-shot stance detection.

In summary, the contributions of this work are as follows:

* We propose the CIRF, a first schema-driven approach for
ZSSD that bridges linguistic input and abstract reason-
ing via automatic induction and application of cognitive
reasoning schemas.

We introduce a unified framework combining unsuper-
vised schema induction—leveraging LLMs to abstract
FOL patterns into multi-relational schema graphs—and
SEGKM for effective schema-guided stance inference
and unseen target generalization.

Extensive experiments on the SemEval-2016, VAST,
and COVID-19-Stance benchmarks demonstrate that
CIRF outperforms state-of-the-art ZSSD baselines and
achieves competitive results with 70% fewer labeled ex-
amples than LLM-enhanced methods.

Related Work

ZSSD Methods. ZSSD has attracted increasing attention
due to its importance in identifying stances toward previ-
ously unseen targets (Liang et al. 2022a). Early approaches,
such as JointCL (Liang et al. 2022b) and TarBK (Zhu et al.
2022), rely heavily on supervised learning with large anno-
tated datasets, limiting their generalization to novel targets.
Recent advances in LLMs have introduced new paradigms
for ZSSD, including zero-shot prompting LLMs (Zhang
et al. 2023; Lan et al. 2024) and LLM-enhanced fine-tuned
models (Li et al. 2023a; Zhang et al. 2024; Dai et al.
2025; Zhang et al. 2025b). However, zero-shot prompting
LLMs often underperform due to their lack of task-specific
adaptation, while LLM-enhanced fine-tuned models still re-
quire extensive instance-level supervision. These limitations
highlight the need for frameworks that can generalize rea-
soning patterns to unseen targets without relying on large
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amounts of labeled data, thereby motivating schema-driven
approaches.

First-Order Logic for Neural Reasoning. FOL provides
a structured and interpretable foundation for encoding logi-
cal relations such as causality, implication, and conditional-
ity, and has been widely adopted to enhance consistency and
transparency in neural reasoning (Hu et al. 2016b; Huang
et al. 2022). Recent methods integrate FOL constraints into
neural architectures via posterior regularization (Hu et al.
2016a; Zhang et al. 2022) or joint FOL-neural embeddings,
aiming to unify symbolic rigor with statistical flexibility.
In stance detection, recent studies (Dai et al. 2025; Zhang
et al. 2025b) prompt LLMs to generate FOL-based reason-
ing chains, achieving notable improvements over conven-
tional models. However, such FOL-based techniques typ-
ically rely on instance-specific rules, limiting their ability
to induce domain-agnostic abstractions or generalize logic
across unseen topics—a critical bottleneck in zero-shot sce-
narios. Moreover, manually crafted or instance-specific FOL
rules often struggle to capture high-level reasoning schemas
that generalize across domains or topics, an aspect critical
for ZSSD.

Schema Induction Methods. Schema induction has been
widely explored in event-centric scenarios (Edwards and Ji
2023; Huang et al. 2016; Shen et al. 2021), where both
bottom-up concept linking and top-down clustering are em-
ployed to capture relational patterns. The advent of LLMs
has further enabled schema construction through genera-
tive and summarization capabilities (Li et al. 2023b; Tang
et al. 2023; Dror, Wang, and Roth 2023; Shi et al. 2024;
Rong et al. 2025; Finch, Josyula, and Choi 2025; Lee et al.
2025). However, most existing approaches focus on multi-
sentence or event-level analysis, making them ill-suited for
sentence-level stance detection, which requires inferring im-
plicit and diverse semantic relations from less structured
input. Among recent efforts, SenticNet8 (Cambria et al.
2024) and LogiMDF (Zhang et al. 2025b) are most rele-
vant, aiming to abstract lexical items or induce logical rules
via LLMs. Yet, these methods fundamentally operate at the
word or predicate level and largely overlook the relational
structures that govern inter-concept dependencies—such as
causality or contradiction—that are vital for robust reason-
ing. As a result, they often yield semantically shallow or
fragmented schema representations, limiting generalization
and structural expressivity. In contrast, our CIRF treats en-
tire FOL reasoning chains as the unit of schema induction.
This allows us to abstract and transfer not only individual
semantic items but also the relational patterns binding them,
enabling more expressive and transferable schemas for zero-
shot stance detection.

Method

Our CIRF tackles ZSSD through a two-stage pipeline that
combines schema abstraction with graph-based neural in-
ference. Specifically, as shown in Figure 1, CIRF consists
of: (1) an USI module, which leverages large-scale un-
labeled data and LLMs to automatically induce a library
of abstract, multi-relational reasoning schemas; and (2) a
SEGKM, which parses each input argument into a FOL



graph, aligns it with the induced schemas, and predicts
stance via learnable graph kernel matching.

Task Definition. Let X = (z;, qi)i]il represent the la-
beled data collection, where x refers to the input text and ¢
corresponds to the source target. [N denotes the total num-
ber of instances in X. Each sentence-target pair (x,q) € X
is assigned a stance label y (e.g., favor, against, or none).
ZSSD aims to train a model from source known targets and
predict the stance polarity towards unseen targets.

USI: Unsupervised Schema Induction

To bridge the gap between specific instance-level reason-
ing and general, transferable inference patterns, we design
an unsupervised schema induction pipeline that extracts ab-
stract cognitive schemas from LLM-generated logical rea-
soning. Unlike prior approaches that directly cluster raw
logical forms, our method involves a multi-stage reasoning
analysis to ensure the resulting schemas are both meaningful
and generalizable. Our pipeline consists of four main stages
as follows.

FOL Reasoning Generation. For each sentence-target
pair, we first prompt an LLM to generate a reasoning chain
in the form of FOL.

FOL Interpretation and Abstraction. We further
prompt the LLM to analyze the internal structure and in-
ference logic of each generated FOL chain, and to produce
alternative but logically equivalent FOL expressions that
exhibit diverse syntactic or structural forms. By collecting
these logically similar yet structurally varied formulations,
we are able to expose the underlying reasoning strategy be-
yond surface realization. Subsequently, we prompt the LLM
to summarize the shared reasoning pattern among these vari-
ants into a generalized FOL template, which captures the es-
sential logic in a reusable and domain-independent manner.
For example, consider the following case: Vx , (is robot(x)
— (helps humans(x) — (must be safe(x) A requires test-
ing(x)))) — recommend regulation. After interpretation and
abstraction, it will be generalized as: Vz , ((is target(x) A
meets condition(x)) — entails consequence(x)) — policy ac-
tion.

Schema Clustering and Hierarchical Abstraction. We
cluster the abstracted FOL templates into logical categories
(schemas) by prompting the LLM to group them accord-
ing to both semantic and inference pattern similarity. For
each resulting schema, if a logic form does not fit any exist-
ing category, the LLM creates a new schema with a unique
ID, name, and description. To capture the shared reason-
ing structure within each cluster, we prompt the LLM to
synthesize a representative logic chain using both the clus-
ter’s description and its FOL members. For large clusters,
we adopt a hierarchical strategy: FOLs are first grouped into
fine-grained sub-clusters, each summarized into an interme-
diate logic chain, and these summaries are finally merged to
form the schema-level template.

Schema Graph Construction. Finally, we represent the
induced schemas as nodes in a multi-relational graph, with
edges indicating logical relations such as causality, con-
trast, or implication. This multi-stage abstraction process
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distills diverse reasoning instances into a compact, inter-
pretable, and transferable set of schema-level templates, en-
abling CIRF to robustly generalize reasoning patterns to pre-
viously unseen targets.

SEGKM: Schema-Enhanced Graph Kernel Model

To leverage both instance-specific logical reasoning and ab-
stract schema knowledge for zero-shot stance detection, we
propose the SEGKM, as illustrated in Figure 1. SEGKM
is designed to integrate transferable, concept-level cogni-
tive schemas directly into the reasoning process of each
test instance. These schemas are induced from LLM ra-
tionales via the USI module. This enables the model to
systematically align local reasoning structures with global,
generalizable patterns, thus supporting interpretable and ro-
bust inference across unseen stance targets. While standard
GNNs primarily rely on local message passing, SEGKM
explicitly matches input reasoning structures to abstract
schema templates, facilitating structure-level generalization
and interpretability. Specifically, schema-driven reasoning
in SEGKM proceeds as follows:

FOL Graph Construction. Given an input sentence-
target pair (x,q), we first generate step-by-step reasoning
rationales using LLM prompting (as in USI), and convert
them into a FOL graph G/ = (V/| E¥), where nodes repre-
sent predicates and edges encode logical relations extracted
from the input, such as implication, conjunction, or nega-
tion, corresponding to common FOL constructs.

Schema Knowledge as Graph Filters. To inject ab-
stract reasoning motifs into node-level feature extraction,
we initialize the graph kernel filters using local subgraphs
of the induced cognitive schemas. Specifically, for each
schema graph GU), we extract a set of subgraph filters

HO) = {Hl(j), cey H,(Lj)}, where each filter Hi(j) is a sub-
graph centered on a schema node, retaining its neighbor-
hood structure and relational context. Collecting filters from

all schema graphs yields a filter pool H = |J L H (4), where

each group H) corresponds to a coherent, high-level rea-
soning schema. Compared to using the full schema graph,
these subgraph filters efficiently capture fine-grained rela-
tionships while reducing computation, and enable the kernel
network to match localized reasoning structures from input
graphs to reusable schema patterns.

Kernel-Based Node Representation. To infuse schema-
level reasoning patterns into the FOL-based input graph, we
propose a kernel-based node representation method that in-
tegrates both structural and semantic similarity between the
local subgraph around each node and pre-induced schema
filters. Each node and edge embedding is initialized via a
pretrained BERT encoder (Devlin et al. 2019), ensuring rich
semantic information.

Let G denote the k-hop local subgraph centered at node

veV/f , which serves as the local reasoning structure for v.

To evaluate how well G{f aligns with a schema filter Hi(j ),

we define a semantic-aware deep kernel function inspired by
the p-step random walk kernel (Feng et al. 2022), enhanced
with edge features. Specifically, given the set of schema

graphs G'U) and their subgraph filters H i(j ) constructed as



'USI b

1 11
: (Unsupervised Schema Indyct‘ion):
e

L

I
I
1
| ' :
1
! Schema Granh | 41| N IRl e Hioeeiand
1 chema Grapl ! N | e I
| Construction. HE ; n |::>: o\() 8 B o .
1 ) i ! ) i | 11— :implies |
| i \ GH il [ " |
N gty R IR a l' Ill |
e AR Schema Graphs |l/ ]
] Schema Clustering | '|! (From USI) ~ | .
: @ and Hierarchical : : oo . :
1 Abstraction. ) ! ' ' i
AN Joh ! Ob H Kp( QO s qo ) viveeh
J—— 0 . O “E| S
1/ A B 1 1 e e |
' @ FOL Interpretation | ||| E>: o :E> E> |
! and Abstraction. R ! O\(% ! Ko ( Qt]g ’ 8 ) W |
1 il of! ' é
FOL Graph: G/ 1 ! !
! aty ek P [ H Subgraphs  Filters \/2 !
e N i Top-g .
' FOL Reasoning R !
] Generation. " ]
)\ il :
LR [P Kernel-Based }\Iode ..., Kernel-Based !\Tode _’(_D - E — !
Unlabeled Corpus | Representation | Representation g !
X :
. | T :
!

Figure 1: The framework of CIRF. The red-bordered circles represent the central nodes of subgraphs or filters.

described previously, inspired by Yin and Zhong (2024), we
first encode edge semantics into node features via a relation-
aware projection. For each node embedding x and its asso-
ciated edge feature e, we define:

2’ = ReLU (z + Proj(e)), eeR/Zl (1)

where Proj(e) denotes a linear transformation of edge-type
or relation embeddings. This mechanism ensures that both
structural and relational patterns are captured during ker-
nel evaluation. This operation is applied over all nodes in
Gf and H i(J ), yielding semantic-aware node representations
XlGﬁ and X;I_(j).

Next, we compute a similarity matrix based on these re-
fined node features:

S =Xl (X))

@

Let s = vec(S) € R™” denote the flattened similarity

vector between all node pairs in GJ, and H, i(j ). We then de-
fine the deep kernel response as:

¢1,5(v) = K, (GI, HY) = sTW A2 s (3)

Here, A?, denotes a learnable p-step transition matrix over

/
&)
HY

the product graph of GJ and H Z-(j ), which captures higher-
order structural alignment, and W is a learnable weight
matrix that parametrizes the kernel response. This explicit
product graph kernel formulation enables direct modeling
of complex structural correspondences between input and
schema. In contrast, standard GNNs mainly rely on local
message passing and often struggle to capture reusable,
high-level reasoning motifs. Note that while edge semantics
are not directly injected into A%, they implicitly influence
kernel computation through the edge-aware node features
used in S.
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Rather than selecting individual schema filters, we group
filters by their originating schema graph and perform selec-
tion at the graph level. This grouping further reinforces the
transferability and interpretability of schema-guided reason-
ing.

To compute the overall alignment between the input graph
G/ and a schema graph GU), we aggregate the average ker-

nel responses of all constituent filters H, i(J ) across every node
ve Vs

1
[HD)]

S — Z

veV f

> ¢1av)

HP eHG)

“4)

It ensures that the schema score reflects both local compat-
ibility at each node and global coverage across the graph,
capturing the degree to which the reasoning pattern embed-
ded in GU) manifests throughout the input structure.

We then select the top-g schema graphs with the high-
est scores S as the candidate schema set G*, which will
provide the filter set for node representation. The filters as-
sociated with these selected schema graphs are aggregated
to form the candidate reasoning motifs used for downstream
node representation learning.

Finally, we construct the node representation ¢1(v) by

concatenating the responses ¢; ;(v) for all filters Hl,(j) be-
longing to the selected top-g schema graphs:
¢1(v) = Concat | ¢ ;(v) Hi(j) c U H@ (5)

G eg*

This yields a schema-aware node representation that re-
flects the most semantically and structurally relevant rea-
soning motifs. By explicitly aligning local reasoning pat-
terns with high-level schemas through the graph kernel, our



method supports interpretable and transferable inference,
which is particularly advantageous for ZSSD.

Hierarchical Kernel-Based Graph Representation.
Real-world stance reasoning often requires multi-hop logic
and the flexible composition of multiple schema patterns.
To support this, we stack multiple layers of schema-driven
kernel feature extraction. At each layer [, node representa-
tions are recursively updated by matching their expanded
local subgraphs to the schema filters, allowing deeper layers
to aggregate schema knowledge from increasingly broader
reasoning contexts. This design enables SEGKM to cap-
ture both fine-grained local logic and higher-order, compos-
ite reasoning motifs. The final graph representation is con-
structed by concatenating the aggregated node features from
all layers:

®(G7) = Concat Z ¢(v)|1=0,1,....,.L
veGS

(6)

The final graph representation is used for stance predic-
tion, and the model is trained end-to-end using cross-entropy
loss.

Experimental Setups

Experimental Data. We evaluate CIRF on three widely
used stance detection benchmarks: SEM16 (SemEval-2016
Task 6; (Mohammad et al. 2016)) consists of tweets anno-
tated for stance towards three targets: Hillary Clinton (HC),
Feminist Movement (FM), and Legalization of Abortion
(LA). VAST (Allaway and Mckeown 2020) contains New
York Times opinion texts covering diverse topics, with 4,003
training, 383 development, and 600 test examples. Topic
phrases are refined by human annotators to ensure quality.
COVID-19 (COVID-19-Stance; (Glandt et al. 2021)) in-
cludes data on four COVID-19-related targets: Wearing a
Face Mask (WA), Keeping Schools Closed (SC), Anthony
S. Fauci, M.D. (AF), and Stay at Home Orders (SH). All
datasets follow standard splits and label settings from previ-
ous work.

Evaluation Metrics. For the SEM16 and COVID-
19 datasets, which include three classes (“FAVOR”,
“AGAINST”, and “NONE”), we follow Liang et al. (2022a)
and report macro-F1 (F7,,) computed over the “FAVOR”
and “AGAINST” categories. For the VAST dataset, which
comprises three categories (“Pro”, “Con”, and ‘“Neutral”),
we follow Li, Zhao, and Caragea (2023) and report the
macro-F1 across all classes, along with individual macro-F1
scores for the “Pro” and “Con” categories.

Implementation Details. We use GPT-3.5 as the default
LLM for FOL elicitation and summary generation, follow-
ing prior baselines. To evaluate robustness, we also test with
GPT-40 and DeepSeek-v3 . Dataset splits follow Li et al.
(2023a); Lan et al. (2024): for SEM16 and COVID-19, one
target is held out for testing; for VAST, we use the official
zero-shot setup. USI uses temperature 0 for LLM queries.
SEGKM adopts a two-layer graph kernel, and applies a fully
connected ReLU layer. Training (on a 40GB A100 GPU)
uses AdamW (batch size 32, learning rate 5 x 10~%), early
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stopping (patience 10), up to 20 epochs, and selects the
checkpoint with the lowest validation loss (validation every
0.2 epoch). We report the average result over three indepen-
dent runs.

Baseline Methods. To evaluate the performance of ex-
isting stance detection models on our dataset, we employed
the following models: (1) Non-LLM methods: CrossNet (Du
et al. 2017), JointCL (Liang et al. 2022b), TarBK (Zhu
et al. 2022), and PT-HCL (Liang et al. 2022a). (2) Zero-shot
prompting LLMs: GPT-3.5 (Zhang et al. 2023), COLA (Lan
et al. 2024), and KASD (Li et al. 2023a). (3) LLM-
enhanced fine-tuned models: KAI (Zhang et al. 2024),
LCDA (Zhang et al. 2025a), FOLAR (Dai et al. 2025), and
LogiMDF (Zhang et al. 2025b).

Experimental Results

Main ZSSD Experimental Results. The main ZSSD re-
sults are summarized in Table 1. CIRF consistently outper-
forms all baseline models across all three datasets, demon-
strating the effectiveness of our approach in challenging
zero-shot scenarios. For example, CIRF achieves an average
F1 score of 76.2 on SEM16 and 80.9 on VAST, represent-
ing a 1.9-point improvement over FOLAR and a 0.6-point
gain over LCDA, respectively, and surpassing LogiMDF, the
most competitive method on the COVID-19 dataset, by 3.7
points. Statistical significance tests (p < 0.05) confirm that
CIRF’s improvements over FOLAR and LogiMDF are sig-
nificant.

A closer examination reveals several trends: First, tradi-
tional non-LLM methods perform substantially worse on
ZSSD, while LLM-based models yield notable gains, em-
phasizing the crucial role of LLMs’ reasoning capabil-
ities. Furthermore, fine-tuned LLM-based models (KA,
LogiMDF, FOLAR, and CIRF) generally surpass direct
prompting strategies (GPT-3.5, COLA, and KASD), sug-
gesting that combining annotated data with the knowledge
encoded in LLMs is more effective.

Breaking down by dataset, CIRF’s advantage is most pro-
nounced on VAST, which features greater topic diversity
and fine-grained targets, showcasing its robustness in real-
world scenarios. On SEM16 and COVID-19, where the tar-
gets are more constrained, all LLM-based models perform
more closely, but CIRF still consistently ranks first.

We also compare different knowledge representations.
Models using FOL knowledge elicited from LLMs (CIRF
and FOLAR) generally outperform those using natural lan-
guage (KAI), indicating that FOL provides a more compact
and effective abstraction for reasoning transfer. Notably,
CIRF further outperforms KAI, the strongest prior LLM-
based method, highlighting the added value of our cognitive
framework enhancement.

These results collectively demonstrate that CIRF not only
sets a new state-of-the-art for ZSSD but also provides
insights into the importance of structured LLM-elicited
knowledge and cognitive schema design for robust zero-shot
stance reasoning. Overall, this validates our hypothesis that
explicit schema-guided abstraction enables better general-
ization to unseen targets and diverse domains.



SEM16 VAST (100%) VAST (10%) COVID-19
Model "4 "EM LA Pro Com Al Pro Con Al AF  SC  SH WA
Glove CrossNet 383 41.7 385 462 434 434 373 329 362 413 400 404 382
T T T JointCLT T 54477540 0 500 649 632 712 538 571 655 57.60 4937 4357 6317
Bert TarBK 55.1 538 487 657 639 736 - - - - - - -
PT-HCL 545 546 509 61.7 635 716 - - - - - - -
N GPT-35 789 683 623 638 568 651 638 568 651 6927 4357 6657 57.87
COLA 81.7 634 71.0 - - 73.0 - - 73.0 657" 466" 5357 7397
KASD 803 704 627 - - 670 - - - - - - -
KAI 764 737 694 667 73.0 763 635 740 752 - - - -
GPT-3.5 LCDA 798 700 694 73.8 759 803 721 770 80.1 - - - -
FOLART 819 712 699 712 758 772 701 755 767 695 672 654  73.1
LogiMDF! 751 679 680 - - 767 - - 766 704 688 649 754
" CIRFY 801 747 739 741 785 809 734 784 807 741 703 688 810
DeepSeek-v3  80.7 783 77.7 750 743 1759 750 743 759 763 743 711 876
GPT-40 81.6 798 7716 776 787 800 77.6 787 800 827 788 769 892
"7 "CIRF (DeepSeek-v3) ~83.8 798 7827 764 7717803 762 768 80.1° 785 788 7783 8917
CIRF (GPT-40) 832 804 782 788 80.1 828 786 79.6 825 849 805 786 89.4

Table 1: Comparison of different models on the ZSSD task. The best scores are highlighted in bold, and the second-best scores
are underlined. ¥ indicates that CIRF outperforms FOLAR, LCDA, and LogiMDF in macro-F1 across targets (paired t-test,
p < 0.05). T denotes results reproduced using the official open-source code. The lower part of the table represents CIRF
evaluated with more powerful LLM backbones to examine scalability.

85
w/o SEGKM w/o USI
30 w/o Schema Ours
w/o SE
§075
<
=~ 70
65
60

SEMI6 5y, COVID-19 5,oVAST (100%) VAST (10%)

Figure 2: Ablation study results. Here, 4,4 denotes the aver-
age performance.

To further investigate the scalability of CIRF, we evalu-

ate it with stronger LLM backbones, including DeepSeek-v3
and GPT-40. CIRF’s performance rises notably with these
advanced models: for example, switching from GPT-3.5 to
GPT-40 increases the average F1 on VAST from 80.9 to
82.8, and on WA from 81.0 to 89.4. Similar gains are ob-
served with DeepSeek-v3, confirming that CIRF can effec-
tively capitalize on the enhanced reasoning capabilities of
newer LLMs. These results highlight CIRF’s scalability and
suggest that combining schema-guided abstraction with con-
tinually improving LLMs is a promising direction for future
zero-shot stance detection research.

Ablation Study. Figure 2 presents ablation results on
SEM16, COVID-19, and VAST, quantifying the contribu-
tion of each key component in CIRF. Removing the cog-
nitive schema (w/o Schema) or the SEGKM (w/o SEGKM)
leads to the most substantial performance drops across
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Figure 3: Performance comparison across different training
scales. Dashed lines denote the strongest baseline method
for each dataset.

all benchmarks, underscoring the central role of explicit
schema-guided reasoning and relational logic encoding in
robust zero-shot transfer. We also observe that eliminating
edge semantics (w/o SE) or replacing LLM-based schema
induction with simple clustering (w/o USI) consistently de-
grades results, though to a lesser extent, highlighting the
importance of both rich relational structure and semanti-
cally grounded schema construction. Notably, the perfor-
mance gaps become even wider under low-resource settings
such as VAST (10%), emphasizing that each component is
critical for generalization in challenging domains. Overall,
these findings confirm that the synergy of schema abstrac-
tion, semantic relations, and LLM-driven structure under-
pins CIRF’s effectiveness in zero-shot stance detection.

Low-Resource Performance. To assess data efficiency
under limited supervision, we evaluate CIRF on VAST
(10%), SEM16, and COVID-19 with varying proportions
of labeled data. As shown in Figure 3, CIRF consistently
and substantially outperforms strong LLM-based baselines
(FOLAR, LCDA, LogiMDF) across all training scales. On



COVID-19, CIRF outperforms LogiMDF by 2.8 points with
only 10% of supervision. Similarly, on SEM16, CIRF ex-
ceeds FOLAR by 0.6 points with just 20% of labeled data.
On VAST (10%), CIRF steadily improves with more su-
pervision and begins to outperform LCDA at 30%. The
performance gap against most baselines remains stable or
widens as supervision increases. These results demonstrate
that the abstract cognitive schema, constructed from unla-
beled data in other domains, enables CIRF to achieve strong
cross-domain generalization with minimal supervision. Our
findings highlight the power of explicit, domain-agnostic
schema abstraction for robust and data-efficient stance de-
tection in low-resource settings.

Case Study. We present an example illustrating how
schema-guided graph reasoning enables correct stance pre-
diction under mixed sentiment (Figure 4). While the text
overall supports body cameras, it contains a hypothetical
cost concern introduced by an adversative “BUT.” Baseline
models may be misled by this structure and overemphasize
the cost issue, leading to misclassification. In contrast, our
schema graph aligns key arguments with salient, domain-
agnostic nodes such as prevents harm, ensures collective
responsibility, and mitigates risks. This structured reason-
ing allows CIRF to robustly capture the author’s supportive
stance, even in nuanced or hedged cases.

(Text: Why not? This protects both the officer and the civilian )
and it keeps things transparent. Then it would not be simply a
matter of opinion when things go awry. It will be on
videotape. BUT how much will it cost to store all this data
and for how long? Hmmm...
Target: body camera

( Stance: Pro

COLA Predict: Con X
CIRF Predict: Pro

J
¥
< =\  nl:prevents harm
@ @ @ n2: ensures collective responsibility
n3: mitigates risks
n4: support
Schema Graph |0—0 :and — :implies
Figure 4: Case Study.
Effect of the Number of Induced Schemas. We investi-

gate the effect of varying the number of schemas on CIRF’s
zero-shot stance detection performance. As illustrated in
Figure 5, the model’s performance remains highly stable
across a wide range of schema counts, with only minor
fluctuations (generally less than 1 point) observed for each
dataset. This robustness indicates that CIRF is largely insen-
sitive to the schema number: a moderate schema set is suffi-
cient to capture key reasoning patterns, and further increas-
ing the number yields little additional benefit or risk of insta-
bility. These results support our hypothesis that stance rea-
soning can be well-abstracted by a structured, logic-inspired
schema set, and demonstrate that CIRF is practical and easy
to tune in real-world scenarios.
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Figure 5: Impact of schema number (left) and selected
schema graph number (right).

Effect of Top-g Schema Graph Selection. We analyze
how varying the number of schema graphs dynamically se-
lected during inference affects CIRF’s zero-shot stance de-
tection performance. As shown in Figure 5, performance
across all datasets remains highly stable as the number of
selected schema graphs increases from 2 to 16, with only
minor fluctuations observed for each dataset. The absence of
any clear trend or performance drop demonstrates that CIRF
is robust to this hyperparameter, and that a modest number
of selected schema graphs is sufficient to capture the essen-
tial reasoning patterns for each instance. Increasing the num-
ber beyond this range offers little additional benefit. These
findings support our design hypothesis that stance reasoning
can be abstracted by a compact set of logic-based schema
graphs, and further simplify model tuning and deployment,
confirming that CIRF is practical and easy to adapt to diverse
domains and resource settings.

Conclusion

In this work, we introduce the CIRF, a schema-driven ap-
proach for zero-shot stance detection that bridges linguistic
input and abstract reasoning through automatic schema in-
duction and schema-guided inference. By leveraging unsu-
pervised abstraction of first-order logic patterns and schema-
enhanced graph kernel alignment, CIRF enables robust gen-
eralization and interpretability across diverse and previously
unseen targets. Extensive experiments on multiple bench-
marks demonstrate that CIRF not only achieves new state-
of-the-art performance, but also maintains competitive re-
sults with minimal labeled data, highlighting its practical
value in low-resource settings. Despite these advances, our
framework still faces challenges, such as scaling schema in-
duction for extremely large or noisy corpora, and integrat-
ing richer world knowledge or multimodal signals. Future
work includes exploring more efficient schema induction al-
gorithms, adaptive schema selection strategies, and extend-
ing CIRF to broader reasoning tasks in natural language un-
derstanding. Looking ahead, we will refine cognitive schema
generation and extend CIRF to broader linguistic and cul-
tural contexts to further improve its generalizability and real-
world effectiveness.
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