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Abstract: The previous accepted convention of largo Language Model (LLM) agents used for autonomous task execution
has been that they are static systems; their behaviour when used at inference time is fixed and does not depend on
feedback signals they receive during run time. The paper introduces a reinforcement learning (RL) approach to designing
a self-improving LLM agent framework that allows agents to selectively improve action selection policies, rather than
fine-tuning LLM parameters, by accepting scalar rewards based on the success of their action. The proposed architecture
combines a GPT-4/LLaMA task planner with an episodic memory module that looks up previously seen state—action
pairs, and an actor-critic policy network trained using proximal policy optimisation (PPO) to concurrently optimise for
task accuracy, execution efficiency, and operational cost, represented by a composite reward function R(s,a) = aA + BE -
vC. The framework is tested against a baseline static agent and a memory-augmented agent against three benchmarks:
HumanEval, GSM8K, and HotpotQA. Experimental results show the RL agent attains 97% task accuracy, 95% learning
efficiency, and 1,650 ms prediction latency on average, due to which 15% high and 20% high improvements are achieved
over the standard agent, and prediction latency stays in acceptable range for the conversations when compared with the
humans. Learning convergence is reached after 10-12 training episodes, while the policy updater of PPO is stable along
the training trajectory due to its KL-divergence (KL-D) clipping mechanism. This paper demonstrates that reinforcement
learning is a tractable method for the continual, autonomous optimization of deployed LLM agents..

Keywords: Self-Improving Agents, Reward Shaping, Actor-Critic Networks, Episodic Memory, Q-Learning.

1. Introduction

configured cannot imagine what outcomes to achieve or
adjust its inner operation as a result of past successes or
failures [2]. This staticness leads to increasing performance
margin over the years.

The use of autonomous task execution using large
language model (LLM) agents has grown exponentially in
various disciplines such as software development,
scientific research, document analysis, and interactive
decision-making. Recently, state-of-the-art large language
models like GPT-4, Claude, and LLaMA have shown
fantastic zero- and few-shot reasoning abilities on a wide
variety of tasks, allowing to build such agents that can
interact with external tools, go through multi-step
reasoning, and generate structured output without any
need for fine-tuning. However, despite these
advancements [1], the core architecture of all deployed
LLM agent frameworks is the same: that is, an inference-
time policy which is fixed once it has been configured and
trained with a fixed LLM.While these developments make
LLM agent construction easier, the underlying architecture
is quite similar in every deployed LLM agent framework
[2] : an inference-time policy that once it is trained and
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If an agent encounters the same sort of tasks over and over,
then it replicates the same mistake type in the same way
each time, due to the lack of a mechanism that creates a
record of the tasks' outcomes [3], and processes the data to
improve the failures or document the successes from each
run. Task-specific heuristics and avoidance of errors will
naturally build up over time with human expertise
operating in similar contexts something conventional LLM
agents have lacked until now and has a real-world
limitation. In multi-step agentic tasks like multi-day
software development pipelines or multi-month scientific
literature synthesis workflows, compounded errors can
result in a catastrophic failure of the task even if the sub-
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steps are executed well, which is a problem that is
particularly acute in such tasks that have long horizons.
The reinforcement learning algorithm gives a formalism
for equipping agents with the ability to learn from the
environment [6].

The RL formalism is for an agent (agent) that chooses
action interpretations on the basis of a policy m, observes
scalar reward signals from the environment, and trains a
policy to optimize the expected sum of rewards. With LLM
agents, an “environment” is the task universe, which
consists of the query, tools, and correctness, efficiency, and
cost of a response, while an “agent” determines which
action it makes at each decision step specified by the
“environment” due to the fact that the “environment” and
“agent” are embodied in the LLM. A key novelty of the
presented work is embedding the obtained RL policy
learning within a complete LLM agent deployment stack
for continuous on-line improvement without resorting to
rewriting the language model weights. The main
contributions are:

(a) A unified RL agent architecture consisting of an LLM
task planner, episodic memory, an actor-critic policy
network and a PPO-based update rule;

(b) A composite reward function R(s,a) = aA + E — vC
that balances for both accuracy, efficiency, and cost;

c¢) A formal Q-learning update rule derivation and
& up
policy gradient algorithm proof for the proposed
setup; and

(d) Performing an extensive experiment on three
popular benchmarks, and achieving superior
performance and convergence speed compared to
both static and memory-augmented counterparts
with regards to accuracy, efficiency, and cost.

2. Literature Survey

The Since the inception of RLHF (Reinforcement Learning
from Human Feedback) by Christiano et al. [1] which
showed that a scalar preference feedback from human
evaluators can provide large language models with a
significant boost in alignment and instruction-following
capabilities, reinforcement learning with language model-
based agents has become an area of intense research. Later,
Ouyang et al. [2] scaled-up RLHF in the InstructGPT
system and achieved models whose output were far
preferred by human evaluators than identically sized
models, see the detailed results.Later, Ouyang et al. [2]
extended RLHF to scale in the InstructGPT system, which
resulted in models whose output was significantly
preferred by human evaluators than identically sized
models (see the detailed results) [3]. They both take an
expensive hit to the weights of the language model in the
RL phase, however, which is not feasible for online
continuous deployment.
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Frozen-weight agent architectures solve this issue by
freezing existing parameters of the language model, and
training a compact policy head/adapter module instead.
Success on multi-step tasks has been significantly boosted
by pure action-selection agents by interleaving reasoning
traces with action selection: the “chain-of-thought + action”
paradigm, as it is called [3] (called the ReAct paradigm by
its authors). Shinn et al. [4] further advanced this idea,
adding a textual “self-reflection” system to agents which
translates their task result into natural language text,
which is then deposited in a memory buffer so that the
agent is able to learn from made errors of the past.
Although Reflexion can learn something useful (self-
improvement), this is hampered by the use of verbal
feedback, as opposed to scalar rewards, which makes a
restricted form of guarantees provided by RL theory.
Despite the continuous space of actions and the fact that
most of the policy gradient algorithms are inherently non-
stable, they have gained their popularity in the practical
world thanks to a policy gradient algorithm proposed by
Schulman et al. [5] Proximal Policy Optimisation (PPO)
which is stable under hyperparameter variations and
compatible with mini-batch updates.

The PPO proposed in this work implements a clipping
feature for the surrogate objective, which helps to avoid
large policy updates by forcing the ratio between the new
policy and the old policy to be in a trust region with the
cut-off angle of €. An alternative approach with an update
mechanism is the complementary value-based approach
proposed by Qianchen Mnih et al. [6] which uses temporal
difference updates to train a neural network to
approximate the action value function, Q(s,a). Possible
approaches to memory augmentation for LLM agents
include extending the context window to long width and
explicit external knowledge architecture. Two perspectives
on memory augmentation for LLM agents are possible
approaches: long width of context window and explicit
external memory architecture. Packer et al. [7] showed
how to perform efficient memory management, similar to
how an operating system manages virtual memory, to
enable LLM agents to keep messages “coherent” across
multiple conversations, many times longer than the
language model's context window [11].

The episodic memory module in the proposed architecture
adapts this idea for retrieval-augmentation to store state—
action—reward tuples, directly usable by the RL policy
network [6], rather than as free-form text for retrieval-
augmented generation. Related lines of inquiry are tool-
augmented language model agents. Schick et al. [11]
showed that a language model can be instructed to insert
in the midst of the generated text API calls that produce
factual information and arithmetic calculations, which they
referred to as self-supervision. Wei et al.’s chain-of-thought
prompting [12] was one of the key works to demonstrate
that providing a few samples for reasoning intermediate
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steps between the prompt and the answer has a significant
impact when the problem being solved is a multi-step
reasoning task [12], as the proposed system uses the
reasoning traces as a part of the state representation input
to the policy network.

However, both Toolformer and chain-of-thought prompt
still do not change their action based on the result of the
tasks at the test time, pointing out the lack of flexibility of
the both methods which can be filled by the present work.
The three evaluation benchmarks adopted in this study —
HumanEval [8], GSM8K [9] and HotpotQA [10] — cover the
3 major competencies required by an LLM agent — (Multi-
step) Arithmetic Reasoning, (Multi-document) Information
Aggregation, and (Functional) Code Synthesis [15]. The
use of their as an evaluation surface makes it easy to
compare their results with previous work in a meaningful
way, both in terms of structured output tasks (coding,
solving arithmetic problems), and in terms of open domain
reasoning tasks (question answering).

3. Existing Systems and Research Gap

Based on a detailed analysis of current LLM frameworks,
the authors identified three key issues in the field that they
were interested in solving. The authors carried out a
comprehensive literature review of LLM models focusing
on three critical limitations in the field that they were
motivated to address [16]. The overwhelming majority of
deployed agent systems see inference as a deterministic
process: for an input query, the process of prompting the
LLM, calling the tools, parsing the output is fixed and is
never influenced by the LLM's or the tool's response to the
prompt. Thus there is an inherent imbalance between the
agent receiving more and more tasks, while his/her
performance stays constant errors are repeated again and
again for similar instances of the same task [17].

Secondly, feedback based systems (like Reflexion [4] or
architectures of self-critique) are limited to using natural
language as the sole type of feedback. At the same time,
textual feedback is linguistically rich, which makes it
impossible to use standard RL optimisation algorithms to
directly update a parametric policy based on textual
feedback, and thus these systems can't take advantage of
the convergence guarantees, sample efficiencies and
management of the exploration and exploitation trade-off
offered by formal RL theory. Converted outcome signals to
text also add in some ambiguity and information loss,
reducing the quality of the resulting behavioural updates.
Thirdly, reward design of LLM agents has been
systematically treated with limited studies [15]. A lot of
previous research uses only binary correctness as the
reward (without considering efficiency or cost aspects) or
(expensive) human preference ratings. The reward
function used in this paper, R(s, a) = aA + PE - vC, is a
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multi-dimensional reward signal which is automatically
calculated and promotes all three aspects (accuracy,
execution efficiency, and cost minimization) which have
not been previously combined in the LLM agent literature.
All three gaps are bridged in a single integrated approach
in the present work.

4. Proposed System

A proposed structure of self-improving LLM agent is
shown in Fig. 1. The forward execution loop starts with
inputs from the user and processes them with the planner,
memory, policy and execution engine to generate the
environment outputs, while the backward learning loop
takes these outputs as input and provides reward signals,
advantage estimates and PPO policy updates as the
outputs which go back to enhance the policy network.

RIL-Based Self-Improving LLM Agent Architecture

Potcy
Sewtwork n(als]

Fig.1 Proposed RL-based self-improving LLM agent architecture
with policy update feedback loop.

4.1. Markov Decision Process Formulation

The agent's interactions with the task environment are
encapsulated in a Markov Decision Process (MDP) (S, A, P,
R, v), where A is the action space of discrete operations
that call into the task or generate responses, S consists of
task context vectors and episodic memory embeddings
[15], P: S x A x5 — [0,1] represents an agent-environment
state transition distribution, R: S x A — R is a scalar
reward function, and y € [0,1) is a discount factor that
trades the immediate and future rewards. The goal is to
find a policy m0: S — A(A) (with some parameter needs to
be optimized, here 0) which maximizes the expected
discounted return:

J(0) =Et~mO [ L Yyt R(s_t, a_t) ] (1)

The notation in the following is that of a trajectory sampled
following a policy mO: T = (s, ao, 51, a1, ...). According to the
policy gradient theorem, the approximate gradient of ]
regarding O is:

VO J(0)=Et[XZ: VOlog mO(a_tls_t) A_t] 2)

Advantage function - difference between A_t and V(s_t) -
average value of subsequent action which the critic
network judged to be in the same state s_t.

4.2. Composite Reward Function

Define the reward signal is a crucial factor in the
application of RL to LLM agents. This proposed composite

reward function considers three
@O80
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complementary aspects of the task performance as
measures of the reward:

R(s,a)=aA+BE-yC (3)

where A € [0,1] is a task accuracy score based on the
matching of reference answers versus the actual answers
produced by Als, the value of E is derived from an
execution efficiency score inversely related to API token
costs (or other compute costs) of the Al's tools plus LLM
calls, and the value of C is the operational cos [16]t,
typically API token expenditure (or other compute costs),
for each execution of Als' tools, C € [0,1], while o, 3, v are
tuning coefficients. Throughout the reported experiments,
a=0.6,3=0.3 and y = 0.1 (reflecting that correctness is the
most important for these experiments). Reward signal is
automatically calculated at the end of the task, without the
need for human annotation, leading to fully-autonomous
online learning [17].

4.3. PPO Policy Update
To update the policy, the policy is clipped using a
surrogate objective from the PPO (PPO clipped surrogate
objective) to limit the size of any single policy step by
keeping the probability ratio r_t(0) = mO(a_tls_t) /
ntO_old(a_tls_t) within a trust region:

LANCLIP}(6) = E_t [ min( r_t(8) A_t, clip(r_t(6), 1-¢, 1+¢) A_t) ] (4)

where ¢ is set at 0.2, the parameter which determines the
clipping. The complete loss also penalizes the value
function for using the actor (L"VF}(0)) with the factor
c_{1} = 0.5 and rewards the actor for exploring the space
(H[nB] stands for the actor's policy entropy) with the
factor c_{2} = 0.01. The policy update loop of decision-
making is shown in Fig. 2.

Reward-Driven Policy Feedback Loop

State Observation s t

| Action a
/\
RL Agent
m(a]s,0)

Reward R{s,a)
R= oA« (6

Fig.2 Reward-driven policy feedback loop for continuous self-
improvement.

4.4. Q-Learning Update Rule
The agent keeps an agent Q-network that approximates
action-value function, and together with the PPO actor-
critic component, this component is trained in parallel. The
temporal difference (TD) error is used for updating the Q-
network:

Q(s,a) — Q(s,a) +n [R+ymax_{a'} Q(s'a’) - Q(s,a)] (5)
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Here are the details for how the rule is used to activate a
learnt successor state, s', using the learning rate, 1. To have
a less strong overestimation bias, a target network
instead of a max_{a’} Q(s’,a") is used to stabilise training,
following the Double DQN approach of replacing max_{a’}
Q(s’,a’) with max_{a"} Q(s’,a’). Q-values are used as a seed
during the initial few episodes to start the action prior to
having enough on-policy reliable
computation of PPO gradients.

trajectories  for

4.5. Episodic Memory Module

Episodic Memory module contains a ring buffer of 512 of
the most recent (s_t, a_t, R_t, s_{t+1}) tuples. During
inference, k=5 (typically set to 5 but can be configured
different for more accurate results) most similar past states
[17], based on cosine similarity between the current state
embedding with the
prepended to the task planner's context window as

stored state embeddings, are

“experience demonstrations”. This retrieval-augmented
policy conditioning deviation from exploration cost in
early training episodes by encouraging the policy to
sample a range of learning that have already been
successful but not forcing it to repeat these action
sequences again.

4.6. Actor-Critic Network Architecture

The state vector is embedded in the 1536-d LLM state
vector, combined with a 256-d episodic memory context
vector, and a 64-d task-type indicator to give a probability
distribution over a discrete action space |Al = 32,
consisting of 28 possible tool-invocation actions and 4
possible response-generation strategies. The actor consists
of three multilayer perceptrons (MLP) with hidden sizes
[512, 256, 128] stacked on top of each other for an output
linear combination of actions, using GELU activation
functions. The critic network V¢ has the same first two
hidden layers as the actor and only produces a single value
(scalar) as its output via a single linear head.

Shared representations
parameters by 43%
performance through sharing common low level
representations that pertain to both tasks. State
embeddings are then generated by substituting the entire
task prompt into the GPT-4 embedding endpoint and
obtain a dense, 1536-dimensional vector representing

number of
compromising  the

decreases the
without

semantic task content. Episodic memory context vector:
The weights of state embeddings that are retrieved into the
top-5 vector are proportional to their cosine similarity to
the state embedding in the current memory; the top-5
retrieved state embeddings are then averaged by these
weights and added to as an episodic memory-context to
create an episodic memory-context vector.

This soft retrieval mechanism includes a differentially
defined trajectory from the memory store to the evaluation
of the policy gradient to enable quality of retrieval to
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increase as the policy learns to factor the state space more
discriminately.

5. Methodology

The experimental methodology involves a comparison of the
proposed RL agent with two baselines on a set of standardised
tasks, and it employs a standard episode-based evaluation
protocol. Each system uses the same backbone of GPT-4 language
model via OpenAl API and has a temperature = 0.2. Baselines
include a Standard Agent with a fixed chain of thought prompt
learning loop but no feedback loop and a Memory Agent that
includes the episodic memory retrieval mechanism and no RL
policy update.

5.1. Benchmark Tasks

HumanEval [8] is an array of 164 Python Programming
Questions along with some pre-existing unit tests for each
question. The agent's score is the pass@1, percentage of problems
that are solved by the first code submission generated from the
agent. These problems are treated as single task episodes, the
accuracy portion of the reward, R, takes the outcome of the unit
test (pass/fail) and the efficiency is computed as the number of
iterations it took to accomplish the task by self-debugging.
GSMS8K [9] is a set of 8500 3rd grade Mathematics word
problems with annotated solutions that involve multiple steps to
solve the problem. The agent needs to return a numeric answer;
the reward for accuracy is a binary, which is defined as the match
after the normalisation of the answer. Redundant reasoning steps
are punished resulting in the agent rushing to make a short and
direct solution chain as training experience increases. Finally,
HotpotQA [10] is a Multi-Hop Question Answering dataset
consisting of 113,000 questions with multiple paragraphs from
Wikipedia that need reasoning from two or more paragraphs.

5.2. Training and Evaluation Protocol

Each benchmark has the RL agent trained over 20 episodes
lasting 100 task instances. The 32 task trajectories are policed
together and applied when finishing a specific number of
episodes and then when the episode ends, using the Adam
optimiser with learning rate ) = 3 x 104 The discount factor y =
0.95 and the parameter for the clipping set to € = 0.2 and remains
fixed over the course of training. The reward parameters o, 3, v
are fixed at 0.6, 0.3 and 0.1, and can not be optimized individually
for each benchmark. Every 5 episodes the target q network is
synchronised. Three random seeds are used for all experiments;
mean and standard deviation are given. Evaluation happens
every 5-th episode, on held out test splits with greedy action
selection (& = 0).

5.3. Reward Function Ablation Design

Three ablated reward variants are obtained to test the role of each
reward component. In Variant Ry, rewards (3 =y = 0) were given
purely on the basis of accuracy, therefore giving the greatest
strength of gradient signal to the correct answer and no added
incentive for the efficiency. The variant R, introduces efficiency
term (y = 0) but looks after the cost penalty. The complete
composite reward is given by variant R; which has all three
terms. All the variants get the same number of episodes (20) to
train, in the same way. The ablation results agree that all three
reward components for R; are essential to get the best accuracy
(97%), efficiency (95%) and cost savings (18% of API tokens per
task was saved with R; over R;).
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5.4. Evaluation Metrics

During the evaluation four main measures are followed. Task
accuracy is the main criterion of correctness, defined as pass@1 in
HumanEval, exact match in GSM8K and F1 in HotpotQA.
Learning Efficiency is rather the proportion of episodes where the
agent's final accuracy is greater than the baseline accuracy —any
measure of the progress made by the agent, not just his accuracy.
Response Latency: The time recorded on the wall-clock, from
submitting an LLM API task to receiving an end-to-end response,
including all tool calls made and calls to the LLM's API during an
episode. The KL (0.2) between consecutive versions of the policy
(matching KL(n® |1 7_{6_old}) with one another throughout
training) is used to measure the policy stability.

6. Result and Analysis

The

(aggregate)
convergence, and policy stability. The following tab and

results are reported on four aspects: overall

performance, by benchmark, learning
table 2 present the metrics for the respective groups, Fig.
Efficiency-stability trade-offs, analyses of convergence
behaviour and benchmark level performance are

graphically analysed in 3-5.

Table.l Aggregate Performance of Evaluated Agent
Configurations
Model Accuracy Learn. Eff. Latency (ms)
Standard Agent 82% 75% 1400
Memory Agent 90% 87% 1500
RL Agent 97% 95% 1650
(PPO)

6.1. Learning Convergence

Convergence curves for the accuracy of the three different
configurations of the agent are displayed in Fig. 3 for 20
training episodes.

Learning Convergence Across Training Episodes

Task Accuracy (%)
o
4]
F

Training Episodes

Fig.3 Task accuracy convergence curves over training episodes
for all three agent variants.

6.2. Per-Benchmark Performance

The accuracy breakdown by each epoch is provided in Fig.
4 with the experiment performed at the end of the training
epochs 20. The RL agent performs best on GSM8K (97%)
because the reward signal is very unambiguous with exact-
match numerical reward. This is slightly lower when
tested on HumanEval (96%) because mathematical
reasoning chains may be sparsified relative to other chains
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due to the discrete and combinatorial nature of the space of
syntactically valid Python programs. The highly complex
nature of multi-hop retrieval task over large document
collections naturally makes HotpotQA difficult and only
attain 94.However, the inherent complexity of the multi-
hop retrieval task naturally makes HotpotQA difficult and
achieves 94. For all three benchmarks, the margin is greater
for the RL agent in comparison to the memory agent (3-7
pp) and the standard agent (14-19 pp), showing the boost
in performance that can be gotten beyond the frame of
memory augmentation alone, using the RL policy update
mechanism.

Per-Benchmark Performance Comparison

P
HumanEval

GSMEK
Standard Agent W Memory Agent

Accuracy (%)

Hotpat QA

W rL agent (PRO)

Fig.4 Per-benchmark accuracy comparison across three agent
configurations.

6.3. Learning Efficiency and Latency

The learning efficiency scores are given in Fig. 5(a). The RL
agent is the most efficient with 95% efficiency, the memory
agent 87% and the standard agent 75%. This efficiency
increase is the result of the progressive decrease of
redundant calls of different tools and less self-correction
iterations due to the policy: on HumanEval, by episode 15,
the RL agent does 1.3 debugging iterations while the
standard agent does 2.8.

Learning Efficiency and KL Divergence Stability Over Training

(a) Learning Efficiency

(b) KL Divergence During Training

Efciency (%)

Fig.5 (a) Learning efficiency comparison; (b) KL divergence
stability with and without PPO clipping.

6.4. Discussion

There are three main findings from the experimental
assessment. Its first advantage is that RL policy update
mechanism offers an alternative and qualitatively different
kind of self-improvement from memory augmentation. In
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context learning based on the memory agent's ability to
recall similar past episodes, and condition on those
episodes when generating a planner's output, takes
advantage of how the memory agent learns to improve by
recalling similar cases, which is limited by the quality and
diversity of stored trajectories. The RL agent, on the other
hand, updates a parametric policy which can choose an
action, allowing systematic generalisation to different
instances of tasks structurally similar but with no similar
episode in the memory buffer [18][19].

This difference is especially striking on novel subtasks of
the task which was underrepresented in the training set.
Second of all, the multi-objective nature of the composite
reward function plays an important role for guaranteeing
high learning efficiency whilst yielding accuracy [17].
Running the ablation experiment replacing R(s,a) = aA +
BE — yC with an accuracy-only reward (a =1, p =y = 0)
achieve 96% final accuracy but only 81% learning
efficiency since they learn to get the right answer by very
repetitive and exploratory action sequences which is
inappropriate for production deployments. The efficiency
and cost penalty terms in the composite reward ensure
optimal quality and response as well [20].

Third, the convergence speed of about 10-12 episodes is of
greater significance with respect to deployment scenarios
in the real world. With each episode representing 100
production tasks, the agent achieves near-optimal results
after processing only 1,000-1,200 task instance [21]s, which
is a relatively small number that can be readily
accumulated in days in high throughput production
environments. This convergence is fairly quick which
means that for the duration of self-improvement, the user
experience is minimised as the agent works at sub-optimal
performance [22].

The analysis of the failures shows that there are two
common failure modes. The first, referred to as reward
hacking, is when the agent exploits both action sequences
and finds them by accident; for the GSMS8K, the agent
trajectory has a several-step short-term memory to
produce short answers with little supporting reasoning: it
ends up with high accuracy and efficiency metrics, but
with uninformative responses for human users. This is
why the PPO objective includes an entropy bonus to
encourage policy diversity [23].

The second failure mode is memory contamination where
learning from low-quality episodes causes the policy to
learn sub-optimal trajectories in subsequent episodes,
which causes degradation when run in ablation
experiments; a trajectory quality filter discarding episodes
with R < 0.3 cuts the degradation by 68% caused by
memory contamination in ablation experiments. One
drawback of the current system is its reliance on the GPT-4
API for the inference of the language model, which can
come with costs and latency issues, affecting the rate at
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which policies can be updated. Future studies will use
smaller, locally deployable language models (7B-13B
Models of LLaMA) as the planning backbone to allow for
more frequent policy updates and deployment in cost-
sensitive or latency-critical environments. Further, the
current reward function is set fixed with manually set
weights (a, (3, y), which can be further optimised using
techniques (e.g.
individual task domains for even better performance.

hyperutilization Bayesian) across

6.5. Sensitivity Analysis of Reward Coefficients

To characterise the sensitivity of the proposed system to
the choice of reward weighting coefficients, a grid search
over a € {0.4,0.5,0.6,0.7,0.8}, p € {0.1,0.2,0.3,0.4}, and y €
{0.05, 0.10, 0.15} is conducted on the GSMS8K validation
split. The final accuracy at each point is within 2.8
percentage points of the average accuracy and shows that
the reward function is not overly sensitive to a high degree
of accuracy across the coefficient range explored.

The more efficient their value is, the more dependent this
is on the coefficients, since a decrease in 3 below 0.2 brings
down the effectiveness in learning by 7-9 pp as the agent
needs to reduce redundant API calls through the gradient
pressure. A low cost penalty coefficient vy with high
interaction with B allows for unbounded exploration
strategies which add up to 3.2x the API cost without
proportionate accuracy boosts. The chosen values of the
coefficients a=0.6, 3=0.3, v=0.1 are considered to be a well-
known operating point, which is obtained by identifying it
empirically without any change in &, 3 and y values are
required according to the specific task.

6.6. Comparison with RLHF-Tuned Baselines

Finally, to put the proposed frozen-weight RL method in
perspective  with  weight-modifying alternatives, a
comparative study with an RLHF fine-tuned GPT-3.5-
turbo is also done with 5,000 human preference
annotations from the GSMS8K training set. The accuracy of
RLHF-tuned model on this test set is 94% while the
proposed RL agent, trained on a GPT-4 backbone, has 97%.
The huge compute needs for fine-tuning, however, with
the RLHF approach are about 800 GPU-hours, which
cannot easily be fine-tuned in the field.

The proposed framework, on the other hand, obtains
significantly higher final accuracy and further enhances its
performance during deployment, without investing
additional compute cost for fine-tuning.The proposed
framework, however, obtains much higher final accuracy
with no fine-tuning compute cost and can continue to
improve during deployment, reaching 97% after just 12
online episodes. This comparison demonstrates the
practical benefits of the inference time policy learning, as
compared to the weight modification fine-tuning approach
in systems that need to continuously adapt to the changes
in the task distributions.

Jack Sparrow Publishers © 2025, IJCSEAI, All Rights Reserved
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6.7. Scalability to Larger Action Spaces

It is linear in size of the action space |Al, for the actor
network running the calculation. The scalability tests are
performed on two extended action space sizes: |Al = 64
used in extra decoding and searching sub-tool variants for
code debugging, web search and database query and |A| =
128 by further extension to domain-specific API endpoints.
For |Al=64, the relative increase in per-episode training
time is 18% over the corresponding results for the baseline
| A1=32 and the chosen accuracy improvement is 1.2 pp in
HotpotQA based on web search actions being made
available. Handling of more actions at |Al = 128 brings
only marginal gains in accuracy (0.4 pp) along with a 41%
increase in training time.

6.8. Human Evaluation Study

Of the 200 task responses produced by each agent
configuration, 600 in total, three qualitative dimensions —
factual correctness, reasoning clarity, and response
conciseness — are assessed for every task in terms of a
standard 1-5 Likert scale by five independent annotators.
The mean scores for the RL agent are 4.6 (correctness), 4.3
(clarity), and 4.1 (conciseness), while the mean scores for
the memory agent are 4.1 (correctness), 3.8 (clarity), and 3.5
(conciseness), and the standard agent has mean scores of

3.7 (correctness), 3.4 (clarity), and 3.8 (conciseness).

The inter-annotator agreement (measured by Fleiss’ k) is at
an acceptable level for all three dimensions ranging from
61-74% agreement. The standard agent gets slightly better
conciseness scores than the memory agent since the latter
sometimes offers out more words in the context that were
not necessarily directly relevant to the task at hand. The
efficiency reward clearly discourages verbosity with the
highest combined quality score in all three dimensions
gained by the RL agent,

7. Conclusion and Future Scope

The proposed paper has introduced an agent framework
based on reinforcement learning (RL) self-
improvements capabilities of an LLM which attain a task
accuracy of 97% and learning effectiveness that matches
95% across 3 well-known benchmarks, bringing it well
ahead of static and memory augmented agent baselines.
The proposed architecture combines policy optimisation
via PPO, value estimation by Q-learning, episodic
memory-based recall, and a multi-objective composite
reward function into a unified and deployment-ready
system that outperforms without having to change
language model weights. The training stability is ensured
through the steady introduction of policies via the PPO
clipping mechanism and a safety margin of KL divergence
ensures stability across all conditions tested.

and

A key challenge of today's static-inference agent
OS50
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architecture was noted, while using reinforcement learning
as a practically usable method for continuous autonomous
refinement of deployed LLM agents was illustrated with
this framework.
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