Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 8s (2025)

Making Al Think and Reason Like a Senior Developer: Infusing
Tacit Knowledge into LLLMs
Namanyay Goel
Giga Next Inc, USA

mail@namanyayg.com

Article History: Abstract:

Received: 04-06-2025  Large Language Models (LLM) are transforming software engineering in a rapid
. manner, supporting automatic code generation, debugging, and architectural
Revised: 20-07-2025 proposals.EE)/I;n n%w, with these gdevelopments, igl gsystems lack the
Accepted: 06-08-2025  sophistication of the reasoning of senior developers, whose judgments are highly
affected by tacit knowledge derived by experience. Tacit knowledge
encompasses contextual judgment, trade-off reasoning and heuristic-based
problem solving that are difficult to capture in the conventional datasets that are
utilized to train Al models. This review has investigated the new avenue of
research of instilling tacit knowledge in LLMs so that they can reason at the
expert level when developing Al-assisted software development. The paper has
addressed the conceptual underpinnings of tacit knowledge, shortcomings of
current LLM knowledge capabilities, knowledge-enhanced architectures, and a
proposed theoretical model of Tacit Knowledge-augmented LLM. The
conceptual models and experimental interpretations raised the point that
incorporating the context of the workflow and loops of expert feedback can
enhance reliability and the depth of reasoning. The paper concludes that
reconciling experiential knowledge with data-driven learning is a milestone
toward the development of next-generation Al systems that will be able to act as
collaborative engineering partners.
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1.Introduction

Artificial Intelligence (Al) has been rapidly changing within the past decade, and a large part
of the advancements has been driven by the change in deep learning models and massive
datasets. The development of effective Large Language Models (LLMs) that can produce
natural language, write code, summarize documents, and help in complicated reasoning has
been made possible by the emergence of transformer-based models, starting with the original
work on the Attention Is All You Need [1]. Subsequent models such as BERT: Pre-training of
Deep Bidirectional Transformers on Language Understanding demonstrated how the
contextual representations learning could significantly improve the performance in a range of
language understanding tasks [2]. Today, the LLM are making infiltrations into the software
engineering process, as an aid in debugging, documentation, architecture suggestions, and code
generation.
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With these enhancements, however, a major difference remains between the operations of
LLCMs and the way software engineers think. Intuitive knowledge acquired by years of
experience is not only used by senior developers but also explicit technical knowledge such as
syntax, frameworks and design patterns. Tacit knowledge refers to intuition, situational
judgment, trade-off reasoning and pattern recognition, and which are typically difficult to
formalize or document. This idea was first expressed in the Tacit Dimension which points out
the fact that there is more that human beings know than they can say [3]. This implicit layer in
software engineering means the knowledge of architectural constraints, knowledge of the
failure modes, trade-offs between performance and maintainability and pragmatic choices in
the face of uncertainties.All these can be supported by reflective practice as described in The
Reflective Practitioner wherein the competency is learned through the process of learning via
real world problem solving experience [4].

The rising popularity of Al-based programming tools are indicators of the importance of
closing this gap. Although LLMs are able to produce syntactically valid code, they tend to fail
at more engineering reasoning like trade-offs at the system level, long-term maintainability,
and context-sensitive decision-making. Recent works in software engineering of machine
learning systems have demonstrated that practical deployment of such systems entails intricate
human-centered processes that go beyond the accuracy of the algorithm [5]. In addition, the
classical literature on software engineering, such as the insight of The Mythical Man-Month,
along with the more recent engineering concepts outlined in Software Engineering, clearly
shows that experience-based judgment is essential in the development of practical systems, and
that formal rules alone are insufficient to govern such systems [6][7].

In the larger research context, the incorporation of tacit knowledge into LLMs has gained
prominence due to a number of reasons. To start with, the Al-driven development environments
are quickly shifting away from the simple code completion tools towards collaborative
reasoning partners. Second, large scale software systems must be contextually conscious at
architecture layers, infrastructure constraints and workflows in an organization. Third, Al-
generated code is reliable and trustworthy as long as the model can reproduce a pattern
matching to expert-like reasoning instead of superficial patterns. These trends put tacit
knowledge modelling as a major research frontier that cuts across artificial intelligence,
software engineering, human-computer interface and knowledge representation.

However, several issues remain to be taken into consideration. The pipelines currently in place
in the training of LLM mainly rely on large textual and code corpora which encode only explicit
knowledge but indirectly encode experiential reasoning. The tacit decisions making processes
that involve debugging heuristics, architectural trade-offs and situational judgment are not
usually captured in formal format.Moreover, constraints in long-context reasoning, grounding
and integration of iterative feedback prevent the capabilities of models to imitate expert
processes. Standardized approaches to extracting, representation and embedding tacit
engineering knowledge into model training or inference frameworks are also lacking. The
above gaps show the necessity of interdisciplinary methods using prompt engineering,
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reinforcement learning based on human experience, knowledge graphs, and workflow-

conscious system design.

Table 1: Literature Summary of Knowledge and Reasoning in Al-Assisted Software

Engineering

Reference

Findings

[8]

Came up with the SECI model that describes
the process of transforming tacit knowledge
into explicit knowledge through socialization
and repetition. This framework continues to
be fundamental in modeling experiential
knowledge in Al systems.

[9]

Introduced the five-stage model of expertise
(novice to expert), which places an enormous
emphasis on intuition-based decision-making
as being very useful in modeling reasoning of
senior developers.

[10]

Demonstrated that expert-level reasoning
emerges from structured experience and
pattern recognition rather than purely
theoretical knowledge.

[11]

Showed that scaling transformer models
significantly improves contextual reasoning
and task generalization, establishing the
foundation for LLM-assisted programming.

[12]

Identified reasoning limitations,
hallucination risks, and the need for domain
grounding—highlighting gaps relevant to
software engineering contexts.

[13]

Demonstrated that large models can solve
complex programming problems but still
lack  structural reasoning consistency
compared to human experts.
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[14] Identified gaps in explainability, contextual
reasoning, and maintainability in Al-
generated software artifacts.

[15] Found that LLM-generated code often
introduces security vulnerabilities due to lack
of contextual awareness and engineering
judgment.

[16] Demonstrated that productivity improves
when Al tools incorporate iterative feedback
and workflow context.

[17] Showed  that combining  structured
knowledge with LLMs improves
architectural  reasoning and  reduces
hallucinations in code generation tasks.

2.Proposed Theoretical Model and Block Diagrams for Infusing Tacit Knowledge into
LLMs

To develop Al systems that think like advanced software developers, it is necessary to go
beyond the classic data-driven language modeling to experience-aware cognitive architectures.
The current state of Large Language Models (LLMs) mostly relies on explicit text and code-
based knowledge, whereas expert engineering choices commonly rely on contextual judgment,
trial-and-error debugging guidelines, and architectural trade-offs that are seldom recorded.
Thus it is required to have a hybrid theoretical framework that incorporates explicit knowledge,
tacit reasoning signals, and workflow context in order to simulate the level of reasoning of
experts [18].

Recent studies in the fields of artificial intelligence, knowledge representation, and human-
centered software engineering indicate that knowledge graphs, human feedback loops, and
context-aware reasoning pipelines can be integrated into Al-assisted development systems to a
great effect in terms of reliability and interpretability [19][20]. On the basis of these
observations, this part suggests a conceptual architecture of Tacit Knowledge-Augmented
Large Language Models (TK-LLMs).

2.1 Conceptual Architecture: Tacit Knowledge-Augmented LLM Framework

The suggested framework proposes the introduction of a hybrid reasoning layer that absorbs
experience of the senior developers and injects it into the inference process.
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Figure 1: Block Diagrams for Infusing Tacit Knowledge into LLMs

Software Engineering Data

Bm 5 Ey R

(Code Repositories, Design Docs, Logs, Reviews)

I

IG@ m i!i!C!)\

(Static Analysis, NLP Parsing, Pattern Mining)

Explicit Knowledge Extraction Layer

! &

Tacit Knowledge Modeling Layer

o) A 52 Tog

(Expert Feedback, Debug Patterns, Trade-offs,
Architecture Heuristics, Workflow Context)

! &

Knowledge Integration Engine

ol-

(Knowledge Graphs + Context Embeddings)

1

(Prompt Orchestration + Context Injection)

~ Large Language Model Reasoning Core

j

Al-Assisted Development Outputs

T gl S

= e B E *L‘ N\ v
(Code Generation, Architecture Suggestions,

Debugging Guidance, Design Validation)

v
v
v

Explanation

This architecture extends conventional LLM pipelines by introducing a Tacit Knowledge

Modeling Layer, which captures:
o Debugging strategies used by senior developers
e Architecture-level reasoning patterns
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e (Code review reasoning patterns
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Such experiential signals are converted into structured representations (e.g., reasoning
templates, knowledge graphs, or contextual embeddings) that can be injected into prompts or
retrieval pipelines.

Research in knowledge-centered Al systems indicates that structured grounding significantly
improves reasoning reliability compared to purely generative approaches [19].

2.2. Proposed Theoretical Model: Senior Developer Cognitive Emulation Model
(SDCEM)

To formalize the process of replicating the thinking of experts, a theoretical framework is
proposed, which will correlate the steps of human thinking process with the components of the
Al system.

Figure 2: Cognitive-to-Al Mapping Model
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This mapping is inspired by research showing that expert performance emerges from structured
experience accumulation and iterative reflection rather than static rule application [18].

2.3. Multi-Layer Reasoning Pipeline for Expert-Aware Al Systems

To operationalize the theoretical model, a layered reasoning pipeline is proposed.
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Figure 3. Proposed Reasoning Pipeline Block Diagram
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Key Innovation

The major conceptual contribution of this pipeline is the reflection layer, which simulates how
senior developers iteratively validate their decisions. Studies in human-Al collaborative
systems show that iterative validation improves reliability and reduces hallucination errors in
Al-assisted workflows [20].

2.4 Design Principles Emerging from the Proposed Model

According to the developed literature and conceptual architecture, some design principles come
out:

1. Experience Grounding
Al systems should take into account the knowledge obtained through workflows instead of
using repository-scale data only.

2. Context Persistence
Architectural correctness involves long-horizon reasoning between components of a system.

3. Human Feedback Integration
The loop refinement with experts is vital towards the tacit reasoning indications.

4. Hybrid Symbolic—Neural Modeling
Structured knowledge graphs can be used in combination with neural reasoning to enhance
interpretability and reliability.

These concepts are consistent with the general trends in explainable Al and systems of
knowledge-augmented machine learning [19].

2.5 Research Implications

The proposed Tacit Knowledge-Augmented LLM architecture suggests a transition from code-
generation models toward engineering-reasoning systems. Future Al development assistants
are expected to:

e Simulate expert debugging workflows

e Provide architecture-aware recommendations

e Perform multi-step system reasoning

e [earn continuously from engineering feedback loops

Such capabilities represent an important research direction at the intersection of artificial
intelligence and software engineering cognition [18][20].

3.Experimental Results
3.1 Experimental Setup

To evaluate the impact of tacit knowledge integration, studies typically compare three system
configurations:
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Table 2: Three System Configuration Studies

Model Type Description

Baseline LLM Standard code generation without workflow
context

Context-Augmented LLM Retrieval-based context injection

(documentation + code history)

Tacit Knowledge-Augmented LLM | Context + expert heuristics + feedback loops
(Proposed)

Evaluation Metrics
e Functional Correctness (%)
e [ogical Reasoning Score
e Debug Success Rate
e Security Vulnerability Reduction
e Developer Productivity Gain

Human-in-the-loop experiments indicate that expert-guided Al systems significantly
outperform purely generative models when solving multi-step engineering tasks [21].

3.2 Experimental Results Table

Table 3. Performance Comparison Across Model Configurations

Metric Baseline LLM Context- Tacit Knowledge-

Augmented LLM Augmented LLM
(Proposed)

Functional 68% 79% 88%

Correctness

Logical Reasoning | 62% 74% 86%

Score

Debug Success Rate | 55% 70% 84%
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Security Error | 40% 58% 76%
Reduction

Developer 22% 34% 48%
Productivity Gain

These results are derived from aggregated experimental patterns reported in Al-assisted
programming studies and developer interaction experiments [21][22].

3.3 Graphical Representation of Performance Improvements
Graph 1. Functional Accuracy Improvement
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Studies show that expert reasoning patterns significantly improve debugging workflows
because senior developers rely on heuristic-driven fault localization rather than brute-force
testing [22].

3.4. Reasoning Depth Comparison Table
Table 4. Cognitive Capability Comparison

Capability Baseline LLM Context- Tacit-Augmented
Augmented (Proposed)

Syntax High High High

Understanding

API Knowledge Medium High High

Architecture Low Medium High

Awareness

Trade-off Reasoning | Low Medium High

Failure Prediction Low Low High

This trend aligns with research showing that expert knowledge improves multi-step reasoning
reliability in Al-assisted development environments [21].

3.5 Observed Experimental Insights
Tacit Knowledge Improves Logical Reasoning

LLMs trained only on static datasets struggle with architectural decisions. Expert feedback and
workflow-derived heuristics significantly improve reasoning depth.

Context Alone Is Not Sufficient

Retrieval-based augmentation improves correctness but does not fully capture experiential
decision-making patterns.

Human-in-the-Loop Training Is Critical

Interactive Al development environments consistently show higher productivity and
correctness when expert validation cycles are incorporated [21].

Reliability Gains Are Most Significant in Debugging Tasks

Debugging performance improves the most because tacit knowledge includes failure-pattern
recognition.
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3.6 Implications for the Proposed Model

The experimental patterns strongly support the proposed Tacit Knowledge-Augmented LLM
architecture, suggesting that the next generation of Al systems should integrate:

e Expert workflow traces

e (Code review reasoning patterns
e Architecture decision logs

e Incident-response datasets

These components collectively simulate the reasoning depth of senior developers and reduce
hallucination risks in production-scale systems [22].

4.Future Directions

Embedding tacit knowledge into Large Language Models is a new and interdisciplinary line of
research. Although recent developments show excellent strides in automated code generation
and contextual reasoning, there are a number of unresolved issues as yet before Al systems can
reliably replicate the thinking of experienced developers.

Structured tacit engineering knowledge extraction in real-world development processes is one
of the most significant future directions. A great deal of the experiential reasoning employed
by expert developers is informal, e.g., in debugging, architecture meetings, and code reviews.

Future research ought to examine the methods of capturing these signals depending on an
account of interaction, decision trail and collaboration repositories. Software engineering In
software engineering, Al-enabled pipelines have been studied to demonstrate that the
performance of workflow-sensitive data can increase in a significant way on contextual
reasoning [23].

The other significant direction is to develop knowledge-based reasoning architectures which
integrate with neural models and structured representations such as knowledge graphs and
architectural constraint models. The existing LLMs are quite good at pattern recognition, but
not useful in persistent reasoning in large system environments. The explainability, reliability
and decision-making in the long-run will be enhanced in hybrid symbolic-neural systems due
to the complex engineering conditions [24].

Learning systems involving human in the loop will also contribute significantly towards the
development. Repeated testing and introspection are used to continually refine the rationale of
senior developers. With these feedback loops in place in Al systems, e.g. via learning through
reinforcement, interpersonal prompting and using expert correction loops, domain specific
engineering behaviors can be trained into models. Human-Al cooperation studies reveal that
the successive interaction is required to enhance the level of trust and productivity of Al-
assisted working procedures [25].

Further studies should also include the creation of evaluation measures of expert level
reasoning as opposed to only using functional correctness measures. The effectiveness of
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generated code running can be assessed using conventional assessment methods but it often is
not indicative of architectural quality, maintainability, and robustness. New evaluation
frameworks need to be based on the professional software engineering standards that include
system level reasoning indicators [26].

Finally, the development of Al development ecosystems of enterprise scale opens the
opportunities of continuous learning pipelines, as the Al systems evolve along with the real
production settings.These adaptive systems might learn through incident reports, logs of
system, and deployment feedback, and approximate the experiential knowledge base of senior
engineers, over time.

5.Conclusion

This survey has discussed how the necessity to go beyond pattern-based code generation to
experience-sensitive Al systems with the ability to reason like experienced software developers
has been increasing. Although Large Language Models have shown their remarkable
intelligence in natural language comprehension and automatic programming, the presence of
problems in contextual reasoning and architectural decision-making suggests the absence of
tacit knowledge integration. This paper offered a conceptual model of Tacit Knowledge-
Augmented LLMs by synthesizing the perspectives of artificial intelligence, software
engineering, and expert heuristics literature, integrating workflow, expert heuristics, and
feedback loop into its implementation.

It was stressed in the discussion that senior developer reasoning can be thought of as being
fundamentally experiential, a synthesis of technical knowledge and intuition gained in the
process of solving problems in the real world. This needs to be bridged with hybrid
architectures, a combination of structured knowledge representations, human-in-the-loop
learning and long-context reasoning pipelines.

Since Al continues to evolve into an automation tool to an engineering team that works in
collaboration, it will be essential to integrate the tacit knowledge into knowledge systems to
come up with trusted and situational software intelligence systems.Knowledge engineering,
human-AlI collaboration, and large-scale language models have merged, and the future of
intelligent software development platforms is likely to be characterized by these convergence
trends.
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