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In the dynamic field of artificial intelligence as of late 2025, agentic AI represents a 
significant advancement, utilizing foundation models such as large language models to 
develop autonomous systems that can perceive environments, plan actions, employ 
external tools, and carry out multi-step tasks. These systems, grounded in models 
from series like GPT or multimodal equivalents, exhibit impressive capabilities across 
areas from scientific exploration to routine automation. Nevertheless, agentic AI 
encounters ongoing obstacles, including inconsistent tool utilization resulting in 
mistakes, restricted ability for extended planning in varying conditions, gaps in 
domain-specific reasoning that impair effectiveness in niche sectors, issues with 
robustness in unpredictable or real-world settings, and inadequate generalization to 
new or unfamiliar tasks. 

The paper “Adaptation of Agentic AI” by Pengcheng Jiang and collaborators, available 
on arXiv as 2512.16301v2 and released on November 4, 2025, tackles these 
challenges directly, advocating adaptation as a key approach for improving agentic 
systems. The main argument is that while foundation models possess substantial 
power, they necessitate specific adjustments to attain superior performance, 
dependability, and adaptability. To systematize the growing body of work in this 
domain, the authors introduce a cohesive framework that classifies adaptations into 
two main categories—agent adaptation and tool adaptation—subdivided into four 
paradigms: A1, involving agent optimization through verifiable tool results; A2, guided 
by assessments of the agent’s ultimate outputs; T1, featuring tools trained separately; 
and T2, where tools are adjusted using cues from a static agent. This classification, 
depicted in the paper’s Figure 1, which overviews adaptations illustrating interactions 
between agents and tools, establishes a theoretical structure that integrates varied 
techniques and underscores compromises. 

Accompanying the paper is a supporting GitHub repository at 
https://github.com/pat-jj/Awesome-Adaptation-of-Agentic-AI, compiling a broad array of 
adaptation techniques, datasets, and evaluation metrics. Updated as recently as 
December 22, 2025, it incorporates recent developments such as Orion, a 
co-adaptation system for multi-agent environments, and QAgent, a subagent optimized 
for queries in search-intensive tasks, demonstrating the area’s vitality and positioning 
the repository as an evolving asset for users. 
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The paper’s organization, shown in Figure 2 as a hierarchical outline from foundational 
elements to prospects, proceeds logically from basics to sophisticated uses and future 
outlooks. It starts with background material, defining agentic AI systems as 
self-governing entities centered on large language models or multimodal models acting 
as reasoning hubs. Essential elements encompass planning units for breaking down 
tasks, like static approaches such as chain-of-thought or dynamic ones like ReAct, tool 
employment for outside engagements such as APIs or code runners, and memory for 
preserving context. Adaptation types are presented as prompt engineering, modifying 
actions through contextual directives without altering parameters, and fine-tuning, 
refining model weights with targeted data. 

The overview formalizes the framework with mathematical symbols, portraying agents 
as functions converting inputs to actions or results, tools as invocable units, and 
adaptations as enhancements over parameters or strategies. The paradigms are 
elaborated: A1 employs tool execution cues like code outputs or retrieval metrics for 
agent refinement; A2 uses comprehensive reviews of agent outputs, including answer 
precision; T1 trains tools autonomously, such as pre-trained retrievers; and T2 refines 
tools with agent-provided signals, like feedback for rerankers. Concrete instances 
anchor these, for example, A1 in code creation where execution environments indicate 
errors, or T2 in flexible memory where agent reviews enhance retrieval. 

Agent adaptation explores A1 and A2. For A1, initial efforts involve supervised 
fine-tuning on tool-interaction records and off-policy techniques gathering data from 
varied explorations. Methods based on reinforcement learning with verifiable rewards 
enhance agents using outcome-oriented incentives, as seen in Toolformer or 
retrieval-enhanced configurations. A2 concentrates on agent outputs: without tools, it 
applies preference ratings or self-assessments for reasoning improvement; with tools, 
it includes final response evaluations after tool integration, as in outcome-guided 
fine-tuning for planning. 

Tool adaptation addresses T1 and T2. T1, independent of agents, covers base 
systems like HuggingGPT, coordinating pre-trained models as tools, and ViperGPT for 
visual duties. Groups and training approaches include retrievers, specialized domain 
models, and subagents trained through supervised or self-supervised goals on 
extensive datasets. T2, overseen by agents, includes early techniques like 
reward-guided adjustment, subagent-as-tool where compact models are refined on 
agent input such as search subagents, and agentic memory with modules optimizing 
recall based on agent evaluations. 

Comparisons examine the paradigms: A1 versus A2 contrasts precise, detailed signals 
in A1 with infrequent, comprehensive ones in A2, highlighting A1’s overfitting potential; 
T1 versus T2 emphasizes T1’s broad applicability but absence of agent tailoring 
against T2’s customized efficiency. Strategic advice directs choices according to 
assets, favoring T1/T2 for budget-limited cases. Applications demonstrate the 
paradigms: deep research employs mixed A1/T2 for repeated hypothesis evaluation; 
software creation uses A2 for code enhancement; computer operation utilizes T1 for 

Mamun, SM (2025)…………………………………………..2 



Adaptation of Agentic AI: A Unified Framework for Enhancing Autonomous Systems 
A CHAPEAUX NOTE 
 
browser instruments; and drug development merges A1/T1 for molecular modeling. 
Opportunities investigate co-adaptation for combined agent-tool refinement, continual 
adaptation for shifting environments, safe adaptation to reduce hazards, and efficient 
adaptation for limited-resource contexts. 

The paper’s strengths reside in its classification, which elucidates a disjointed domain 
by merging adaptation tactics under a consistent structure. It explicitly outlines 
compromises that were formerly tacit, such as A1’s dependence on verifiable tool 
indicators for accurate optimization compared to A2’s holistic assessments for wider 
synchronization, which may encounter feedback scarcity. This lucidity is novel, linking 
conventional fine-tuning with nascent reinforcement-style techniques, offering a 
perspective to consider efforts like ReAct as A1 models or Reflexion as A2. Practical 
direction is a further advantage: the authors stress combined methods, observing how 
leading systems integrate paradigms, such as T1 pre-trained retrievers with T2 flexible 
subagents and A1 tuned reasoners in layered designs. This confronts practical issues, 
as evidenced in applications where erratic tool use is alleviated through A1’s execution 
input in software creation, or domain discrepancies are spanned via T1’s dedicated 
models in drug development. The prospective opportunities segment pinpoints vital 
unresolved matters, like attributing progress in co-adaptation and catastrophic 
forgetting in continual adaptation, providing a guide extending past existing studies. 

In general, the framework’s modularity—viewing tools as interchangeable or 
agent-customized—advances versatility, while the focus on empirical standards across 
fields highlights the paper’s thoroughness. By encompassing mathematical 
formalisms, it attracts theorists, yet stays reachable via examples, rendering it an 
essential consolidation. 

Despite its thoroughness, the paper openly recognizes constraints in agentic AI, such 
as erratic tool use arising from mismatched calls or interpretation faults, and confined 
long-term planning where agents stumble in chained dependencies. Robustness 
concerns surface in turbulent settings, where disturbances interrupt reasoning, and 
weak generalization obstructs shift to unseen duties. In agent adaptation, A1 and A2 
hazard overfitting: A1 to particular tool runs without moderation, A2 to scarce signals 
that might disregard intermediate flaws. Tool adaptations confront their own barriers: 
T1’s standalone training may produce general tools unsuited to certain agents, while 
T2’s dependence on fixed agents restricts range if the agent’s cues are prejudiced or 
partial. Computational expenses are recurrent, with agent fine-tuning requiring 
considerable assets for vast-parameter models, opposing tool adaptations’ thrift but 
possibly at depth’s cost. 

The challenges section emphasizes profound issues: co-adaptation’s stability-plasticity 
conflict, where shared optimization threats instability or loss of earlier knowledge; 
continual adaptation’s management of changing data flows, worsening forgetting; safe 
adaptation’s susceptibilities like specification gaming or hazardous exploration in 
critical areas; and efficient adaptation’s needs for on-device customization amid 
resource limits, such as peripheral computing in portable agents. 
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Extending the paper’s examination with further viewpoints enriches the discourse. 
Ethically, adaptation endangers bias escalation if training data incorporates social 
biases, potentially aggravating disparities in uses like drug development. Privacy 
worries arise in T2’s on-device tools, where agent-overseen adaptations could disclose 
user information in feedback cycles. Accountability in arising behaviors—unforeseen 
interplays between adapted agents and tools—demands examination, as mixed 
systems might produce erratic results. Theoretically, shortcomings encompass 
convergence assurances for co-adaptation algorithms, where shared gradients could 
diverge, or uniform benchmarks for fluid, multi-agent situations beyond single-agent 
emphases. Broadening to multi-agent setups, adaptations might include coordination 
indicators, such as a human-signaled variant merging supervision to tackle A2’s 
infrequent feedback, inspired by human-in-the-loop models. 

Hardware amalgamation provides sustainability perspectives: efficient adaptations 
could exploit neuromorphic processors emulating biologically inspired plasticity for 
continual learning, lessening energy demands in extended tasks. Interdisciplinary 
connections are plentiful—neural plasticity from biology could guide anti-forgetting 
systems in A1/A2, while socio-economic effects, like employment shifts in software 
creation, highlight the necessity for fair implementation. These concepts augment the 
framework by suggesting expansions, such as blended human-tool signals in T2 for 
sturdiness in low-signal settings. 

Drawing on the opportunities segment, trends beyond 2026 may intensify, bolstered by 
the GitHub repository’s revisions, like Orion’s multi-agent co-adaptation for joint duties 
and QAgent’s query enhancement in T2, directing toward expandable, dispersed 
adaptations. Unified co-adaptation structures could incorporate meta-learning for 
sparse-data scenarios, facilitating swift customization with fairness-conscious goals to 
lessen biases. Theoretical progress might formalize adaptation mechanics, supplying 
limits on generalization similar to PAC learning for agent-tool duos. Societally, adapted 
agentic AI vows change: in drug development, hybrid paradigms could hasten 
treatments, while in research, they nurture innovations. However, excessive 
dependence threats reducing human proficiency, prompting issues about AI oversight. 
The paper’s function as a fundamental guide—assembling tactics and 
compromises—places it to shape these paths, encouraging empirical confirmations in 
varied, practical benchmarks. 

“Adaptation of Agentic AI” emerges as a pertinent amalgamation, condensing the 
domain’s intricacies into a practical framework amid 2025’s swift progress. Its 
classification and counsel enable scholars and practitioners to maneuver adaptations, 
cultivating more proficient systems. As the associated repository advances, the 
paper’s impact will expand, but fulfilling its promise requires stringent empirical 
examination of paradigms in developing contexts. In the end, it delineates a route 
toward sturdy, principled agentic AI, equilibrating advancement with prudence. 
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