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Abstract

This work proposes a hypothesis-driven retrieval paradigm for discovering unseen knowledge
schemata from text corpora without supervision. The framework generates hypothetical semantic
signals derived from linguistic regularities and validates them through evidence retrieval across the
corpus. A signal verification module filters inconsistent hypotheses, while a semantic clustering
component consolidates validated structures. The system delivers notable improvements on
OpenSchema-ZS, CorpusGraph-ZS, and Narrative-ZS datasets, achieving +19.5%, +21.3%, and
+17.8% gains in structural retrieval accuracy. It also reduces schema hallucination errors by 28.4%.
Human judges rate the extracted structures 24.9% higher on interpretability metrics.
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1. Introduction

Schema discovery in text has traditionally been guided by what can be directly observed in the
data. Most information extraction systems learn predefined schemas and populate them with
evidence found in a corpus, limiting the resulting structures to categories anticipated by the
annotation or ontology design [1]. Open information extraction methods relax this constraint by
extracting subject—predicate—object statements without fixed relation types, yet even neural OpenlE
systems primarily capture local facts rather than broader organizational structure [2]. These
approaches seldom reveal how related facts group together into higher-level configurations, nor do
they treat schema discovery as a process that requires forming hypotheses and evaluating them
against corpus-wide evidence.

Unsupervised schema induction research moves closer to this objective by grouping events and
arguments into repeated structures. Slot-induction methods for dialogue identify coarse and fine slots
from contextualized representations, while event-schema induction organizes events into graph-
structured templates that encode shared roles and dependencies [3]. Complementary work on
grammar and syntax induction demonstrates that neural representations can surface latent
regularities without labeled data [4]. Recent advances in hierarchical attention and relational-
transformer modeling show that large models can highlight structured semantic relations that extend
beyond observed surface patterns, offering mechanisms for generating candidate schema hypotheses
that can later be tested against contextual evidence [5]. However, most existing approaches operate
in a single bottom-up step: they infer patterns from data but do not generate explicit hypotheses that
can be validated or rejected using corpus-wide signals. Zero-shot and low-resource relation
extraction attempts to reduce reliance on labeled supervision, but these methods still depend on
external descriptions, prompts, or manually provided guidance. Models predict unseen relation
types using label text, contrastive representations, or prompt-based reasoning [6,7]. Open-schema
entity structure discovery and zero-shot knowledge graph construction further aim to infer attributes
or schema fragments without fixed ontologies, yet they rely on user-specified constraints or prompts
rather than deriving hypotheses directly from the corpus [8,9]. Thus, these techniques relax label
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requirements but do not enable fully unsupervised schema discovery in which semantic structure
emerges from testable hypotheses driven by the data itself. Research on retrieval and retrieval-
augmented modeling highlights the importance of targeted evidence search for hypothesis
evaluation. Dense retrievers and hybrid retrieval systems improve grounding when leveraging finer
retrieval units such as propositions or frames [10]. Frame-based retrieval methods incorporate
structured templates to locate more specific evidence, and biomedical or scientific retrieval
approaches increasingly integrate hypothesis generation or hypothesis checking into the retrieval
process [11]. Yet most retrieval-based research remains oriented toward question answering or RAG,
and seldom frames schema discovery as a retrieval problem in which candidate semantic structures
must be verified across the entire corpus [12,13]. These observations reveal several gaps for
hypothesis-driven schema discovery. Existing unsupervised schema induction methods rarely
generate explicit hypotheses that can be evaluated using corpus evidence. Zero-shot and open-
schema methods remain dependent on external guidance and do not support fully unlabeled schema
formation. Retrieval-based research, while effective for targeted evidence search, is designed for
answering queries rather than validating or rejecting semantic structures [14]. These gaps limit our
ability to identify unseen schema-like structures in a fully data-driven and interpretable manner.
This study proposes a hypothesis-driven semantic retrieval framework for unsupervised
schema discovery. The method derives hypothetical semantic signals from recurring linguistic
patterns and coarse distributional cues, treating these signals as candidate schema hypotheses. They
are then used as retrieval queries across the corpus to evaluate whether the underlying semantic
pattern is consistently supported by contextual evidence. A verification module filters out hypotheses
that fail under retrieved contexts, and a clustering stage organizes the validated signals into readable
schema candidates. Drawing inspiration from hierarchical attention and relational modeling, the
framework emphasizes the role of structured contextual signals in supporting or rejecting candidate
schema structures. We evaluate the approach on three zero-label datasets—OpenSchema-ZS,
CorpusGraph-ZS, and Narrative-ZS—to assess structural retrieval accuracy, semantic stability, and
interpretability. The results show robust improvements over strong unsupervised baselines, fewer
hallucinated schemas, and substantially higher interpretability scores from human reviewers. These
findings demonstrate that hypothesis-driven semantic retrieval offers a feasible and scalable path
toward unsupervised schema discovery, enabling schema formation to emerge naturally from the
interaction between initial semantic guesses and the evidence distributed across the corpus.

2. Materials and Methods

2.1. Corpus Description and Study Scope

The study uses three unlabeled corpora—OpenSchema-ZS, CorpusGraph-ZS, and Narrative-ZS.
OpenSchema-ZS contains 480,000 short analytical passages. CorpusGraph-ZS includes 520,000
segments from technical reports, encyclopedic entries, and structured summaries. Narrative-ZS
provides 390,000 narrative and semi-structured paragraphs. All samples contain at least one complete
sentence and more than 15 tokens to ensure basic context. Documents with corrupted encoding,
repeated content, or incomplete text were removed during cleaning. These corpora cover different
writing styles and allow us to test whether hypothesis-driven retrieval works across domains.

2.2. Experimental Setup and Control Conditions

The main experiment evaluates a model that creates semantic hypotheses and tests them with
retrieval. Three baseline settings were used. The first uses nearest-neighbor retrieval based on
sentence embeddings without hypothesis generation. The second uses a pattern-matching approach
that relies on frequent lexical patterns. The third uses a clustering approach that induces structures
directly from sentence vectors without a retrieval step. These baselines represent common
unsupervised methods that do not combine hypothesis formation with corpus-level evidence.
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Comparing them with the proposed model helps assess whether hypothesis-driven retrieval
improves schema discovery.

2.3. Measurement Methods and Quality Control

Texts were split into sentences using a domain-general segmenter, and each sentence was
encoded with a pretrained encoder that performs reliably on both general and technical material.
Segments containing abnormal characters or malformed tokens were discarded before retrieval. The
evaluation examined whether the retrieved sentences provided evidence for the proposed structure,
whether validated hypotheses remained consistent across comparable contexts in the corpus, and
how often a hypothesis lacked any dependable support. To maintain quality, a random sample of 1%
of the retrieved outputs was independently reviewed by two annotators, and any differences in their
judgments were resolved through discussion.

2.4. Data Processing and Model Formulation

A document d; consists of sentences s;;. Each hypothesis h, is represented by a vector

template. The retrieval score between a hypothesis and a sentence is [15]:
RetrievalScore(hy,s; ;)= cos (4,v;),

where t is the hypothesis template and v;; is the sentence vector.
A hypothesis is accepted if its average support meets a threshold [16]:
Ny
1
Support(hy)= v 1 (RetrievalScore(hk,si,j)>t),
=1
where Ny is the number of retrieved sentences and 1 is the support threshold.
Validated hypotheses are grouped using a clustering method that reduces within-group variation.

2.5. Computational Environment and Reproducibility

All experiments were run on a workstation with two 24-GB GPUs and 128 GB of RAM. Encoder
settings, similarity thresholds, and clustering parameters were kept constant across all corpora. Each
experiment was repeated five times with different seeds, and mean values were reported. All
preprocessing steps, hypothesis generation modules, retrieval procedures, and evaluation scripts
were version-controlled so that the experiments can be reproduced under the same settings.

3. Results and Discussion

3.1. Structural Retrieval Accuracy Across the Three Corpora

Across OpenSchema-ZS, CorpusGraph-ZS, and Narrative-ZS, the hypothesis-driven model
achieves higher structural retrieval accuracy than all baseline methods. The gains are 19.5% on
OpenSchema-ZS, 21.3% on CorpusGraph-ZS, and 17.8% on Narrative-ZS. These improvements are
most visible in cases where schema cues appear across several sentences, which simple similarity-
based retrieval cannot capture [17].
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Figure 1. Structural retrieval accuracy on the three corpora for all evaluated methods.

3.2. Stability of Schema Signals and Reduction of Unsupported Patterns

The model also reduces unsupported or unstable schema signals. Compared with the strongest
baseline, the schema hallucination rate decreases by 28.4%. This drop is especially clear in Narrative-
ZS, where figurative and indirect language often misleads pattern-based methods. The retrieval check
removes hypotheses that do not receive enough support across the corpus [18,19].
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Figure 2. Illustrative schema examples confirmed by the hypothesis-driven retrieval framework.

3.3. Comparison with Retrieval-Based and Clustering-Based Baselines
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Nearest-neighbor retrieval often finds sentences that look similar but lack the complete role
pattern required for a schema. Pattern-matching methods work well when surface cues repeat
consistently, but they fail when vocabulary varies across documents. Clustering-based methods can
group related sentences, yet the resulting groups do not always correspond to clear schema roles and
are often difficult to interpret [20]. In contrast, the hypothesis-driven model first proposes a small set
of likely structures and then verifies them through retrieval. This two-step approach produces fewer
but clearer schema groups. Human evaluation shows that the extracted structures receive 24.9%
higher interpretability scores than those produced by clustering baselines. These findings show that
combining hypothesis generation with retrieval improves both accuracy and human readability.

3.4. Cross-Domain Behavior and Remaining Limitations

Cross-domain tests show that many hypotheses learned on OpenSchema-ZS remain valid when
applied to CorpusGraph-ZS. The model preserves over 90% of its structural retrieval accuracy in this
setting. This stability suggests that the hypotheses capture general structural patterns rather than
domain-specific wording. However, the approach still has limits [21]. If the initial hypotheses are
weak, retrieval cannot recover them. In specialized domains with rare terminology, the model
sometimes fails to form strong schema signals. Another limitation is sensitivity to corpus size: small
corpora may not provide enough evidence to confirm or reject hypotheses. Future work should
explore better hypothesis proposal mechanisms, simple forms of weak supervision, and adaptive
thresholds that adjust to different corpus densities.

4. Conclusions

This study presents a hypothesis-driven method for identifying hidden knowledge structures in
unlabeled text. The model forms simple semantic hypotheses from repeated linguistic patterns and
checks them through retrieval across the entire corpus. This process increases structural retrieval
accuracy on the three evaluated datasets and lowers the number of unsupported schema signals.
Human reviewers also find the extracted structures clearer and easier to follow than those produced
by clustering-based or surface-pattern methods. These results indicate that linking hypothesis
generation with retrieval is a useful way to discover latent schema patterns without annotated data.
The method can support tasks such as early-stage domain analysis, document grouping, and
extensions to existing knowledge resources. There are still limits. The quality of the results depends
on the strength of the initial hypotheses, and domains with rare terms or small corpora may not
provide enough evidence for stable schema formation. Further work should develop improved
hypothesis proposal methods, make use of simple domain cues, and design adaptive filtering rules
that help the model work better in specialized or low-resource settings.
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