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Active Abstract Finding for Generalization in
LLM-Based Al Systems

Hong Su

Abstract—Identifying key factors that determine whether a
method can be applied across different scenarios is important
for improving the generalization ability of large language model
(LLM)-based agents. However, existing approaches typically rely
on passive observation or static datasets, making it difficult to
discover the underlying abstract structures that enable methods
to transfer across diverse contexts.

In this paper, we propose an active abstract finding frame-
work that enables AI systems to discover common factors
across different observations and derive generalized reasoning
structures. The proposed framework models abstraction as a
process of identifying shared factors among observations while
removing instance-specific factors. To improve the probability
of discovering such structures, the AI system actively collects
observations from different times, places, and contexts, and
performs similarity comparison to extract common factors. The
discovered abstractions are then represented symbolically and
can be reused to derive reasoning methods applicable to new
scenarios.

Experimental results demonstrate that abstraction-oriented
observation strategies improve the ability of LLMs to identify
method applicability. In our experiments, the proposed strategy
achieves an average accuracy of 0.6417, outperforming the ran-
dom observation baseline (0.5083) and the place-diverse strategy
(0.6167), confirming the effectiveness of active abstraction in
identifying key factors for generalization.

Index Terms—Large Language Models, Abstraction Learning,
Active Observation, Method Generalization

I. INTRODUCTION

Large language models (LLMs) have demonstrated strong
capabilities in reasoning, problem solving, and knowledge
generation [1] [2]. When deployed as Al systems in dynamic
environments, LLM-based systems often need to determine
whether a previously learned method can be applied to a new
object or scenario. This requires the ability to identify the
key factors that determine the applicability of a method. Such
a capability is essential for generalization, since real-world
environments typically contain large variations across objects,
contexts, and situations.

Humans often address this challenge through abstraction.
By observing multiple instances of similar phenomena, people
identify common structures while ignoring instance-specific
details. The resulting abstractions allow a method discovered
in one context to be applied to other related situations. In
contrast, many current LLM-based systems rely primarily
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on passive observations or static datasets, which limits their
ability to discover such shared structures. When observations
lack diversity or when key factors are hidden among many
irrelevant features, it becomes difficult for the system to
correctly determine whether a method should be applied.

To address this challenge, we propose an active abstract
finding framework for LLM-based agents. The core idea is
to model abstraction as the process of identifying shared
factors across multiple observations while removing instance-
specific factors. Instead of relying on randomly available
observations, the proposed framework enables the Al system to
actively collect observations across different places, times, and
contexts. These diverse observations increase the likelihood
that irrelevant factors vary while the essential factors remain
stable, making it easier to identify the underlying structure that
determines method applicability.

The proposed framework also introduces a symbolic repre-
sentation mechanism for abstractions. Once common factors
are identified, they can be represented as symbolic structures
that simplify reasoning and allow higher-level abstractions to
be constructed from lower-level ones. This hierarchical ab-
straction process resembles human reasoning, where complex
concepts are gradually built from simpler patterns.

The main contributions of this paper are summarized as
follows:

o We propose an active abstract finding framework that
enables LLM-based Al systems to identify shared fac-
tors across observations and generalize methods, while
allowing the AI system to autonomously collect diverse
information from the environment.

« We introduce an abstraction mechanism that separates
instance-specific factors from shared factors and rep-
resents the resulting structures symbolically, enabling
hierarchical abstraction and reusable reasoning structures.

« We design observation collection strategies that actively
increase contextual and informational diversity by contin-
uously collecting observations across different places and
time periods, thereby facilitating abstraction discovery.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on abstraction and reasoning in
Al systems. Section IV presents the experimental setup and
verification results. Finally, Section V concludes the paper and
discusses future directions.

II. RELATED WORK

Research related to this work can be broadly categorized
into three areas: reasoning and decision-making in large lan-
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guage model (LLM) based agents, abstraction and representa-
tion learning in artificial intelligence, and active data collection
for improving learning and generalization.

A. LLM-Based Agents and Reasoning

Large language models have recently been extended from
text generation systems to interactive agents capable of reason-
ing, planning, and tool usage. Frameworks such as ReAct [3]
integrate reasoning and action by allowing LLMs to interact
with external environments through iterative reasoning steps.
Similarly, tool-augmented LLM systems enable models to
perform complex tasks by invoking external functions or tools
during reasoning [4]. Other works explore multi-step reasoning
through chain-of-thought prompting [5] and self-reflection
mechanisms [6].

These approaches primarily focus on improving reason-
ing processes during task execution. However, they typically
assume that relevant observations are already available and
do not explicitly address how agents should actively collect
diverse observations to discover the key factors that determine
whether a method can be applied to new scenarios. In contrast,
the framework proposed in this paper emphasizes the role
of observation diversity and active exploration in enabling
abstraction discovery.

B. Abstraction and Representation Learning

Abstraction has long been studied in artificial intelligence as
a mechanism for reducing complexity and enabling general-
ization. Classical symbolic Al research explored abstraction
through hierarchical planning and symbolic representation
of knowledge. In machine learning, representation learning
methods aim to extract latent features that capture essential
structures in data [7]. More recently, several studies have
explored abstraction capabilities in neural networks and LLMs,
including concept learning and structured reasoning [8].

While these approaches focus on learning abstract represen-
tations from data, they often rely on large datasets and offline
training processes. The proposed abstract-finding framework
differs in that it models abstraction as an interactive process
performed by an Al agent. Instead of passively learning
representations from static datasets, the agent actively collects
observations and identifies common factors across them.

C. Active Learning and Exploration

Active learning and exploration strategies have been widely
studied as methods for improving learning efficiency. In active
learning, algorithms select informative samples to reduce
uncertainty during model training [9]. In reinforcement learn-
ing, exploration strategies enable agents to discover useful
information about the environment [10]. Recent works have
also explored curiosity-driven exploration mechanisms for
improving representation learning [11].

Although these methods emphasize the importance of ex-
ploration, their primary goal is usually to improve prediction
accuracy or policy learning. In contrast, the proposed frame-
work focuses on exploration for abstraction discovery. The

system actively collects observations across different contexts
to identify shared factors that determine method applicability.
This perspective treats abstraction as the central objective of
exploration rather than as a byproduct of model training.

In summary, existing research has explored reasoning in
LLM-based agents, abstraction in representation learning, and
exploration in active learning. However, the interaction be-
tween observation diversity, abstraction discovery, and method
applicability has received limited attention. The proposed
active abstract-finding framework aims to bridge this gap by
enabling Al systems to actively collect diverse observations
and discover the key factors that support generalization across
scenarios.

III. ACTIVE ABSTRACT FINDING FOR GENERALIZATION
IN LLM-BASED AGENTS

Humans often extend the applicability of a method through
abstraction. Instead of relying solely on concrete solutions for
individual problems, people actively collect observations from
different situations, times, and locations, and then identify
common relationships or patterns among these observations.
By comparing objects obtained from diverse contexts, humans
can remove instance-specific details and extract higher-level
structures. Such abstraction enables a method discovered in
one context to be applied across multiple related scenarios.

Large language model (LLM) based systems can adopt a
similar capability. Rather than treating each task indepen-
dently, an AI system can identify common structures across
different observations and generalize them into reusable rea-
soning patterns. This capability is particularly important in
complex environments where knowledge must be transferred
across different objects, contexts, or situations.

In this paper, we propose a framework that enables Al
systems to discover such common structures and apply them
across broader scenarios. We refer to this process as abstract
finding. An Al system capable of performing this process is
referred to as an abstract-finding Al system. Through abstract
finding, the system actively collects objects from different
times, places, and environments, compares their character-
istics, and derives generalized structures that support wider
applicability of methods or relationships.

a) Definition of Abstract Finding: Definition 1 (Ab-
stract Finding). Let {A}, A», ..., A,;} denote a set of observed
objects or scenarios collected from different contexts (e.g.,
different times, locations, or environments). Each observation
is represented as a set of factors

A ={F;,C}, i=1,...n (1)
where F; denotes instance-specific factors and C denotes
factors shared across observations.
Abstract finding is the process of identifying the shared
factors C while removing the instance-specific components F;.

The resulting abstraction

2
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represents a generalized structure that enables a method,
relationship, or reasoning pattern to be applied across multiple
scenarios.

An abstract-finding Al system performs this process by
actively collecting observations, comparing similarities across
objects obtained from different times and places, extract-
ing common factors, and verifying the resulting abstractions
through interaction and feedback.

In practice, observations collected from different places or
time points tend to contain different instance-specific factors
with high probability. Let p denote the probability that two
observations share the same instance-specific factor. When ob-
servations are collected from different contexts, the probability
of obtaining different instance-specific factors increases:

P(Fi# Fj))=1-p 3)

As the number of diverse observations increases, the inter-
section of common factors becomes easier to identify:

n
c=(a )
i=1
Therefore, collecting observations from different times and
locations improves the probability of correctly identifying the
shared structure C. This observation motivates the need for
an active abstraction process, where the system intentionally
performs actions to gather diverse observations and then does
the abstraction instead of relying only on randomly available
data.

A. Active Abstraction

In many real-world situations, only a single instance of an
object or scenario may be observed at a given time. However,
abstraction generally requires multiple observations in order
to identify common structures. Therefore, an Al system needs
to simulate the way humans perform abstraction by actively
collecting observations across different situations.

Unlike passive learning systems that rely on externally
provided datasets, an abstract-finding Al system can actively
interact with its environment. Through its own actions, the
system may intentionally explore different situations, observe
the resulting changes, and collect new objects or scenarios that
contribute to the abstraction process. This active interaction
enables the system to discover relationships that may not
appear in static datasets.

Let s; denote the system state at time ¢, and a, denote
an action performed by the AI system. Interaction with the
environment produces a new observation

0rv1 = 8(81,ar, €) )

where e, represents environmental conditions. The resulting
observation can be represented as

Arv1 = {Fi+1, Crar } (6)

where F;;1 contains instance-specific factors and C;4; con-
tains candidate shared factors.

Algorithm 1: Abstract Finding Process

1: Collect observations {A, Az, ..., A, } from different
times, spaces, or objects

2: Represent each observation as factor set A; = {F;, C;}

3: Compare observations to detect shared factors C

4: Remove instance-specific factors F; to derive abstraction
A=C

5: Use the LLM to infer reasoning method M from
abstraction A

6: Apply M to new scenarios and update abstraction using
feedback

Active abstraction can therefore be interpreted as selecting
actions that increase the diversity of collected observations.
One simple objective is to maximize observation diversity

max D({A}, As, ..., A:}) 7

where D(-) measures diversity among observed factor sets.
Higher diversity increases the likelihood that instance-specific
factors differ while shared factors remain consistent.

Through repeated interactions the system collects a se-
quence of observations

{A1,As, ..., Ap} ®)

from which the shared factors can be estimated

C:ﬂcl- 9)

The resulting abstraction C represents a generalized struc-
ture that supports broader applicability of methods or reason-
ing patterns.

This self-driven process allows the system to gradually
accumulate observations across different times, spaces, and
object instances:

(1,5,0} % C (10)

where T, S, and O denote variations across time, space, and
objects, respectively, and a represents the active exploration
process used to identify common factors C.

When a method or relationship is first observed in a sce-
nario, abstraction may not yet be possible because only one
instance exists. The system therefore schedules future obser-
vations or exploration actions to collect additional comparable
cases.

To summarize the overall process, the abstract-finding
mechanism can be described as an iterative procedure that
combines observation, abstraction discovery, and verification.

Algorithm 1 summarizes the workflow of the proposed
abstract-finding process.
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1) Active Feedback Acquisition: After an abstracted rela-
tionship or method is applied, the outcomes provide feedback
for evaluating its validity. If the abstraction performs well
across different scenarios, the extracted common factors are
likely meaningful. Otherwise, the system may refine the ab-
straction by reconsidering the factors involved.

Feedback may originate from internal system sensors or
observed environmental changes. Both sources help improve
the abstraction process over time.

2) Factor Removal for Abstraction Discovery: Iterative
Testing and Verification: When similar objects are not im-
mediately available, abstraction can be explored by iteratively
removing potential factors and testing whether the method still
applies.

sin}

A method is first applied to the issue as a whole. The system
then removes individual factors and evaluates whether the
method remains effective. Factors that can be removed without
affecting the method are considered instance-specific, while
factors that cannot be removed represent essential components
of the abstraction.

(1)

issue = {iy, i, ..

3) Active Collection: Continuous Collection and Similarity
Comparison: The abstraction process is inherently iterative. In
many situations, a single observation does not provide enough
information to distinguish instance-specific factors from shared
structures. Therefore, the Al system must continuously collect
observations from different contexts and compare them to
identify common patterns.

The overall process can be summarized as

O—-S8S—>A—->L (12)

where O denotes observation collection, S denotes simi-
larity comparison among observations, A denotes abstraction
discovery, and L denotes the learning update stage.

Continuous collection is necessary because observations
obtained at different times, places, or situations are likely to
contain different instance-specific factors F;. By accumulating
observations across diverse contexts, the system increases the
probability that irrelevant factors vary while the shared factors
remain stable. Similarity comparison then enables the system
to identify the stable components that appear consistently
across multiple observations, which correspond to candidate
common factors used for abstraction.

Learning is required to ensure that the discovered abstrac-
tions can be reused and improved over time. After an ab-
straction C is identified and a reasoning method M is derived
from it, the system applies the method to new scenarios and
evaluates the outcome. The resulting feedback is used to refine
the abstraction and update the system’s internal knowledge:

feedback

(C,M) —— L (13)

Without this learning stage, the system would repeatedly
rediscover similar abstractions and would not accumulate
generalized knowledge across tasks.

Through repeated cycles of observation, comparison, ab-
straction discovery, and learning, the system gradually accu-
mulates generalized structures that apply to broader situations.

B. Symbolic Representation of Common Factors for Simplify-
ing Complex Relationships

After common factors are identified through abstraction,
they can be represented symbolically to simplify reasoning
about complex relationships. Removing instance-specific fac-
tors leaves only the shared structure among observations,
which can be represented by a symbolic abstraction. For
example, if two observations contain different specific factors
but share a common structure, the abstraction can be expressed
as

Ay ={F,C},

A2={F2,C} — A=C (14)

where F| and F, denote instance-specific factors and C
denotes the shared structure. The abstraction A therefore
represents the common factors across the observations.

Once a symbolic representation is introduced, the abstrac-
tion can be reused in more complex reasoning processes.
Instead of repeatedly describing the detailed factors that form
the abstraction, the system can operate directly on the sym-
bol representing the shared structure. This greatly simplifies
reasoning in complex scenarios.

Symbolic abstraction also allows the formation of hierar-
chical abstraction layers. A newly discovered abstraction may
itself become a component of a higher-level abstraction. For-
mally, if multiple abstractions share a higher-level structure,
they can be further abstracted as

{A1, Ay, ., A} > A (15)

where A’ represents a higher-level abstraction constructed
from lower-level abstractions. Through repeated abstraction,
the system gradually builds multiple abstraction layers.

This hierarchical abstraction process resembles human rea-
soning. Humans often summarize repeated patterns into sym-
bolic concepts and then reuse these concepts to reason about
more complex situations. For example, multiplication can be
viewed as a symbolic abstraction of repeated addition. Instead
of repeatedly writing a sequence of addition operations, a
single multiplication symbol represents the entire process.

Similarly, complex methods or processes observed across
multiple scenarios can be represented by symbols and treated
as single reasoning units. This allows the system to perform
reasoning at a higher level of abstraction while hiding lower-
level implementation details.

Symbolic representation can also capture temporal rela-
tionships. When a sequence of events consistently follows a
pattern, the sequence can be represented as a symbolic causal
relationship. For example,

A— B (16)

may represent a cause—effect relationship discovered across
multiple observations.



JOURNAL OF I4TEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Through symbolic abstraction, LLM-based agents can or-
ganize discovered knowledge into hierarchical structures, en-
abling more efficient reasoning and supporting generalization
across broader scenarios.

IV. VERIFICATION
A. Experimental Setup

This section evaluates whether identifying key factors
through abstraction improves the ability of an Al system to
determine whether a method is applicable to new objects.

The experiment has two objectives. First, we evaluate
whether observations with higher diversity help an LLM
identify key factors required for method applicability. Sec-
ond, we examine whether the active data collection process,
corresponding to the proposed active abstraction mechanism,
improves abstraction quality compared with purely random
observations.

Three observation strategies are compared, denoted as my,
m1, and my. These strategies differ in how observations used
for abstraction are collected. Each strategy follows the same
overall procedure but applies different constraints during data
collection.

The system first collects n groups of observations (n = 6)
from a local server named InfoMethodRandomServer.
Each observation contains a set of information factors, a
method label, and a place identifier.

The three strategies are defined as follows.

mo (random collection). The system randomly collects n
groups of observations without any constraints. This strategy
serves as a baseline where no abstraction-oriented exploration
is performed.

m (place-diverse collection). The system attempts to col-
lect n groups of observations with different places. The server
is queried up to 20 times and observations that maximize place
diversity are selected.

my (place-and-information diverse collection). The sys-
tem attempts to collect n groups of observations that maximize
both place diversity and information diversity. The server is
queried up to 20 times and observations with the most distinct
places and information factors are selected.

After collecting the observation groups, they are provided
to a large language model (LLM). The LLM is asked to
determine whether Method 1 can be applied to a set of test
objects.

The applicability of the method depends on the presence
of a key factor ;. Objects containing /5 should be classified
as applicable to Method 1, whereas objects without I, should
not.

The test objects are generated using DeepSeek' on March 3,
2026. The dataset contains objects with different combinations
of information factors, where some contain the key factor I,
and others do not.

The evaluation metric is classification accuracy. Let N
denote the number of test objects, and let §; and y; denote
the predicted and ground-truth applicability labels for object
i, respectively. The accuracy is defined as

Uhttps://chat.deepseek.com/

TABLE I
ACCURACY RESULTS OF THE THREE STRATEGIES

Run my my mp
1 0.3333  0.5000  0.5000
2 0.3333  0.5000  0.5000
3 0.6667 0.8333  0.8333
4 0.6667  0.6667  0.6667
5 0.3333  0.6667 0.6667
6 0.6667  0.5000  0.5000
7 0.5000 0.5000 0.6667
8 0.6667  0.6667  0.5000
9 0.3333  0.5000  0.5000
10 0.3333  0.5000 0.8333
11 0.6667 0.6667 0.6667
12 0.5000 0.6667  0.8333
13 0.5000 0.6667  0.5000
14 0.6667  0.5000  0.6667
15 0.3333  0.5000 0.6667
16 0.5000  0.5000 0.6667
17 0.5000 0.6667  0.6667
18 0.6667  0.8333  0.8333
19 0.3333  0.8333  0.5000
20 0.6667  0.6667 0.6667
N

1
Accuracy = v Z 1(9: = i)

i=1

where 1(-) denotes the indicator function.

B. Results and Analysis

The experiment was repeated 20 times for each strategy.
The resulting accuracies for mg, m;, and m, are summarized
in Table 1 and illustrated in Fig. 1.
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Fig. 1. Accuracy comparison of the three abstraction strategies

The average accuracies are

mo = 0.5083, m; =0.6167, my=0.6417.

Table 1 shows that the random strategy mg frequently
produces low accuracy values (e.g., 0.3333), indicating that
the LLM often fails to correctly identify method applicability
when observations are collected without abstraction-oriented
guidance. In contrast, the abstraction-guided strategies m; and
my frequently achieve higher accuracies such as 0.6667 and
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0.8333, suggesting that more informative observation sets help
the LLM identify the key factor /5.

Fig. 1 further illustrates this trend. Both m; and m, con-
sistently outperform the random baseline mg, and m, slightly
outperforms m in several runs. This indicates that increasing
both place diversity and information diversity improves the
identification of the underlying abstract relationship.

A two-sample t-test confirms that the abstraction-guided
strategies (m; and m;) significantly outperform the baseline
strategy (mg) (p < 0.05).

The performance difference can be explained by the diver-
sity of observations used for abstraction. Let D ,j4c. denote
the diversity of observation locations and D 740 denote the
diversity of information factors. The probability that the LLM
correctly identifies the key factor can be expressed as

P(COI’I’CCt) = f(Dplace, Dfactur)

where f(-) increases with both diversity terms. The three
strategies can therefore be interpreted as

mo : (Dplaces Dfactor) ~ low
my (Dplacea Dfactor) ~ (high, low)

my : (Dplace» Dfactor) ~ (high, high)

which explains the empirical observation

Py, (correct) > Py, (correct) > P, (correct).

C. Discussion

The experimental results indicate that abstraction-oriented
observation strategies improve the ability of the LLM to
determine method applicability for new objects. Compared
with the random strategy mg, both m; and m, guide the
observation process to increase contextual diversity, which
helps the LLM identify the key factor I,.

The comparison between m; and mj further highlights
the importance of factor diversity in abstraction. While m
increases only place diversity, m, increases both place and
information diversity, providing stronger evidence for iden-
tifying common structures. Consequently, the LLM is more
likely to correctly identify the factor that determines method
applicability.

These results support the proposed abstraction framework.
When an Al system actively collects observations that dif-
fer in contextual and informational factors, instance-specific
components become easier to remove and the shared structure
becomes more visible.

Furthermore, the experiment reflects the role of active
abstraction in Human Simulation Computation (HSC) [2].
Instead of passively receiving observations, the Al system in-
tentionally explores diverse scenarios to facilitate abstraction.
Such action-driven abstraction enables the system to progres-
sively identify key factors that determine method applicability
across different contexts.

V. CONCLUSION

This paper proposed an active abstract-finding framework
for improving the generalization ability of LLM-based agents.
The framework models abstraction as the process of iden-
tifying shared factors across observations while removing
instance-specific factors. To facilitate abstraction discovery, the
Al system actively collects observations from diverse contexts
and performs similarity comparison to extract common struc-
tures.

Experimental results show that abstraction-oriented obser-
vation strategies improve the ability of LLMs to determine
method applicability. In particular, the proposed strategy
that increases both place diversity and information diversity
achieves higher accuracy than random observation strategies,
demonstrating the effectiveness of active abstraction in iden-
tifying key factors.

Future work will investigate more complex environments
where multiple interacting factors influence method applica-
bility and explore how abstraction mechanisms can be inte-
grated with autonomous exploration strategies in large-scale
Al systems.
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