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Abstract

The inability of current agents to autonomously
generate abstractions limits their operation in
dynamic environments to knowledge fixed dur-
ing training. We propose EVA (Evolving
Verifiable Agents), an architecture for au-
tonomous learning that distills textual trajec-
tories into pseudo-symbolic abstractions. EVA
orchestrates world modeling, policy execution,
and meta-control through three interacting com-
ponents: a Perceptor, an Actor, and a Con-
ductor. By mapping raw interaction data into
semi-structured causal predicates, the system
bridges the gap between free-form natural lan-
guage and rigid logic, enabling the agent to
construct an internal curriculum and perform
verifiable self-correction during deployment.
We evaluate EVA through a bi-level training
scheme across three open-weight backbones on
Dynamic ScienceWorld and Pseudo-Symbolic
Logic Maze. Our results show that EVA signif-
icantly reduces logical-error rates and improves
sample efficiency. Notably, the model recov-
ers performance after mid-episode distribution
shifts that cause baseline agents to collapse,
demonstrating that dynamic abstraction enables
rapid adaptation to unforeseen scenarios.

1 Introduction

Recent paradigms predicated on Transformer ar-
chitectures and large-scale training (Large Lan-
guage Models, LL.Ms) have established new quali-
tative benchmarks for Natural Language Process-
ing (NLP) tasks, demonstrating emergent capabili-
ties in zero-shot and few-shot reasoning. Neverthe-
less, these architectures exhibit critical limitations
when subjected to distribution shift within open
and non-stationary environments. Contemporary
models, once the pre-training and alignment phases
(e.g., via RLHF or DPO) have concluded, assume
the form of static parametric representations. They
lack the inductive biases requisite for autonomous
continual learning, delegating the acquisition of

novel knowledge to computationally expensive fine-
tuning pipelines or complex retrieval systems. Con-
sequently, the absence of an endogenous mecha-
nism for representation updating renders such sys-
tems exceptionally vulnerable to domain mismatch
and catastrophic forgetting, thereby precluding the
possibility of on-the-fly contextual adaptation.

The theoretical crux of this limitation resides
in the inability of autoregressive language models
to autonomously derive and manipulate robust ab-
stractions. Traditional neural learning optimises
likelihood over surface-level heuristics, frequently
failing to capture the causal dependencies underly-
ing environmental data. Whilst biological agents
exploit sensorimotor experience to compress high-
dimensional signals into reusable latent concepts,
artificial neural networks remain constrained by to-
ken granularity. Recent attempts to mitigate this
issue, such as Chain-of-Thought (CoT) prompting
techniques, encounter an intrinsic trade-off: natural
language generation is highly susceptible to hallu-
cinations and semantic drift, whereas integration
with purely symbolic knowledge bases proves ex-
cessively rigid when confronted with the ambiguity
of out-of-distribution (OOD) data.

To overcome this dichotomy, we introduce the
framework of pseudo-symbolic abstraction. This
hybrid paradigm extracts the logical and causal
essence of states and transitions, mapping it into
semi-structured representations within the latent
space. By preserving the continuous expressivity
characteristic of representation learning, whilst im-
posing structural constraints that reduce the search
space during autoregressive decoding, pseudo-
symbolic abstractions mitigate the interference of
textual noise. This process renders reasoning tra-
jectories explicit, interpretable, and subject to a
verifiable self-correction mechanism, thereby el-
evating the model from a mere stochastic pattern
matching instrument to a genuine Agentic Al

In this work, we present EVA (Evolving Agents),
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a pioneering neural architecture for autonomous
learning, entirely driven by a pseudo-symbolic ab-
straction engine. Departing from traditional super-
vised frameworks, EVA is founded upon a tripartite
cognitive topology. An autonomous meta-control
system (System M) functions as a high-level policy
that dynamically orchestrates transitions between
two operational modalities: self-supervised acqui-
sition via passive observation (System A) and opti-
misation guided by active exploration (System B).
By monitoring endogenous epistemic signals, such
as predictive entropy and temporal prediction error,
System M modulates the model’s attention, trigger-
ing the generation of pseudo-symbolic abstractions
to maximise learning progress.

Fundamentally, EVA employs these abstractions
to exercise radical individual autonomy. By com-
pressing the heterogeneity of inputs into reusable
pseudo-symbolic formats, the agent is capable of
autonomously instantiating its own internal curricu-
lum. This mechanism generates self-motivated ex-
ploratory objectives (intrinsic motivation), guiding
long-horizon planning and self-correction without
any reliance upon human-annotated data or exter-
nal MLOps interventions.

Structured around an innovative Bi-Level
Architectural-Experiential Framework—which de-
couples baseline architectural optimisation (macro-
level) from continuous experiential adaptation dur-
ing deployment (micro-level)—our model provides
an empirical demonstration that artificial general in-
telligence cannot derive from mere massive param-
eterisation over static textual corpora. Conversely,
it necessitates agents endowed with the intrinsic
capacity to dynamically distil environmental vari-
ance into logical abstractions. The EVA architec-
ture neutralises vulnerability to domain mismatch,
laying the algorithmic foundations for radically
autonomous systems capable of perpetual compu-
tational evolution.

Contributions and Findings

Our research fundamentally redefines the train-
ing and deployment lifecycle for autonomous
agents. The primary theoretical contributions and
empirical findings of this work are summarised as
follows:

The EVA Architecture: We propose a novel tri-
partite cognitive framework (comprising System
A, System B, and System M) that fully automates
the learning pipeline. This architecture enables the
agent to route data streams in real-time, fluidly al-
ternating between inference and learning phases

without necessitating human-supervised offline re-
training.

Pseudo-Symbolic Abstraction Engine: We intro-
duce a semi-structured abstraction mechanism that
bridges the gap between the flexibility of natural
language and the rigour of formal symbolic logic.
Our empirical analyses demonstrate that this engine
drastically reduces hallucination rates and enables
robust, verifiable self-correction during multi-step
reasoning tasks.

Autonomous Internal Curriculum: We demon-
strate that an agent governed by System M is capa-
ble of autonomously generating its own training sig-
nals. By assigning priority to high-uncertainty epis-
temic states, EVA constructs an internal curriculum
that is orders of magnitude more data-efficient than
traditional Reinforcement Learning methods.

Bi-Level Architectural-Experiential Optimisa-
tion: We formalise a dual-horizon framework
wherein the meta-controller (System M) operates as
an architectural constant, whilst experience-based
knowledge (Systems A and B) adapts dynamically
to the environment. Our experiments confirm that
this bi-level approach effectively mitigates catas-
trophic forgetting and systematically resolves do-
main mismatch in highly non-stationary scenarios.

2 Methodology

We formulate the EVA (Evolving Agents) archi-
tecture as a tripartite cognitive topology governed
by a Bi-Level Architectural-Experiential Frame-
work. We define formal parameterisation of the
experiential substrate (Systems A and B) §2.1, the
operational mechanics of the autonomous meta-
controller (System M) §2.3, and the integration of
the pseudo-symbolic abstraction engine that drives
the agent’s internal curriculum 2.4.

2.1 The EVA Tripartite Topology

The EVA framework systematically decouples pas-
sive observation, active policy execution, and high-
level learning orchestration. Let an agent interact
with a partially observable, non-stationary environ-
ment £. The architecture comprises three interde-
pendent modules:

1. System A (Observation and World Mod-
elling): A self-supervised representation
learner that extracts latent transition dynamics
from passive sensory inputs.

2. System B (Active Policy Optimisation): A
reinforcement learning (RL) policy engine
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that interacts with the environment via trial-
and-error to maximise cumulative intrinsic
and extrinsic rewards.

3. System M (Meta-Control and Abstraction
Engine): A central routing and orchestration
plane that monitors internal epistemic states
and dynamically toggles the data pathways be-
tween Systems A, B, and the episodic memory
buffer.

Unlike traditional MLOps pipelines where hu-
man engineers manually sequence pre-training
and fine-tuning phases, EVA continuously and au-
tonomously alternates these modalities at runtime
under the exclusive jurisdiction of System M.

2.2 The Experiential Substrate: Systems A
and B

System A functions as the agent’s internal world
model. Given a continuous stream of raw, unla-
belled observations © ~ D, System A employs
a self-supervised learning (SSL) objective to map
high-dimensional inputs into a compressed latent
space Z. Formally, System A optimises a param-
eter set 64 to minimise a predictive or contrastive
loss function Lgg7,. This module provides System
B with lower-dimensional state representations and
generates intrinsic reward signals (e.g., predictive
error or temporal novelty) that serve as a proxy for
epistemic uncertainty.

System B represents the active, goal-directed
component. Modelled as a Markov Decision
Process (MDP), System B operates over the la-
tent states 2; € Z generated by System A to
output actions a;. It learns a behavioural pol-
icy mg,(at|z:) to maximise the expected return
J(m) = Ex > +'r¢]. Crucially, the reward signal
¢ is not strictly provided by the external environ-
ment; rather, it is heavily augmented—or entirely
replaced—by intrinsic rewards computed by Sys-
tem A and routed by System M, thereby driving
unsupervised exploration.

2.3 System M and the Pseudo-Symbolic
Abstraction Engine

The core innovation of the EVA architecture re-
sides in System M, which acts analogously to a
software-defined networking control plane. System
M does not process high-bandwidth raw data di-
rectly; instead, it executes a meta-policy II(a"|s™)
over low-dimensional meta-states (s™) to produce
meta-actions (a™).

The meta-states s™ comprise purely endoge-
nous epistemic telemetry, such as predictive en-
tropy, learning progress, and anomaly detection
signals. When System M detects a spike in epis-
temic uncertainty—indicating that the current expe-
riential representations are insufficient to model the
environment—it executes a meta-action to invoke
the Pseudo-Symbolic Abstraction Engine.

Instead of defaulting to unstructured natural lan-
guage reasoning (which is prone to hallucinations)
or rigid symbolic solvers (which are brittle in han-
dling OOD data), the abstraction engine distils the
agent’s recent experiential trajectories into semi-
structured, pseudo-symbolic formats. This process
maps complex sensorimotor or textual sequences
into discrete causal graphs and logical predicates.
Mathematically, it applies a structural constraint
over the autoregressive decoding space:

Z; = Abstract(z;_g.¢,C) (1

where C denotes a predefined grammar of quasi-
symbolic templates (e.g., structured JSON-like rep-
resentations or simplified logical forms).

These pseudo-symbolic abstractions yield two
transformative advantages:

* Verifiable Self-Correction: By disentangling
contextual noise from pure logical dependen-
cies, errors within the reasoning chain become
explicitly identifiable. System M can parse
these structures to independently verify logi-
cal consistency and trigger targeted rollback
or re-planning mechanisms if contradictions
are detected.

* Autonomous Internal Curriculum: The dis-
tilled abstractions are stored in the agent’s
episodic memory. System M selectively sam-
ples these pseudo-symbolic concepts to au-
tomatically generate novel, self-supervised
tasks at the frontier of the agent’s current
capabilities. This enables EVA to dynami-
cally construct an internal curriculum, direct-
ing its own learning trajectory in a purely au-
tonomous fashion, completely independent of
external, human-curated datasets.

2.4 Bi-Level Architectural-Experiential
Optimisation

To bootstrap this autonomous architecture and
ensure long-term stability across non-stationary
domains, EVA abandons traditional monolithic
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training in favour of a Bi-Level Architectural-
Experiential Framework. This approach for-
malises learning across two distinct optimisation
horizons:

1. The Micro-Level (Experiential Adapta-
tion): This constitutes the inner loop, occur-
ring continuously during deployment. Within
a given environmental configuration, Sys-
tems A and B rapidly update their parameters
(64,0p) via gradient descent and reinforce-
ment, strictly orchestrated by the meta-actions
of System M.

2. The Macro-Level (Architectural Optimisa-
tion): This constitutes the outer loop. The
hyper-parameters and initialisation priors of
System M (denoted as ¢) are not learned dur-
ing the agent’s individual lifespan but are opti-
mised over aggregated, lifelong episodic eval-
uations. The objective is to discover a meta-
configuration ¢* that maximises a long-term
fitness function F:

¢" = arg max Eg [F(04(0),0B(2)] ()

where 6’ and 07 represent the converged ex-
periential parameters resulting from the inner
loop directed by System M.

This dual-horizon optimisation guarantees that
whilst the agent remains highly plastic and capable
of rapid adaptation to domain shifts (via the inner
loop), its core abstraction and routing mechanisms
remain structurally robust, effectively preventing
catastrophic forgetting and ensuring the monotonic
accumulation of pseudo-symbolic knowledge.

3 Experimental Setup

To rigorously evaluate the efficacy of the EVA ar-
chitecture and its pseudo-symbolic abstraction en-
gine, we design a comprehensive experimental pro-
tocol focusing on three core axes: (i) reasoning
robustness and verifiable self-correction, (ii) data
efficiency driven by the autonomous internal cur-
riculum, and (iii) resilience to domain mismatch
under non-stationary conditions.

3.1 Environments and Benchmarks

We evaluate the agent across a suite of multi-step,
interactive reasoning environments that necessitate
both logical deduction and long-horizon planning.

* Dynamic ScienceWorld (DSW): A modi-
fied, non-stationary variant of the standard
ScienceWorld benchmark, requiring the agent
to conduct multi-step scientific experiments.
We inject stochastic transitions and out-of-
distribution (OOD) objects to test the agent’s
adaptability to domain shifts.

Pseudo-Symbolic Logic Maze (PSLM):
A custom continuous-learning environment
wherein the agent must navigate a procedu-
rally generated graph of causal dependencies.
The extrinsic reward is highly sparse, neces-
sitating intrinsic motivation for successful ex-
ploration.

3.2 Baseline Architectures

To contextualise EVA’s performance, we bench-
mark it against three established paradigms in agen-
tic reasoning and decision-making:

1. Standard Chain-of-Thought (CoT): An au-
toregressive LLLM baseline utilising standard
natural language prompting for step-by-step
reasoning, lacking both environmental inter-
action and structural constraints.

2. ReAct (Reasoning and Acting): An interac-
tive baseline that interleaved natural language
reasoning traces with task-specific actions, but
strictly relies on external reward signals with-
out endogenous meta-control.

3. Fully Symbolic Planner (FSP): A neuro-
symbolic baseline wherein perception is han-
dled by a neural encoder, but planning is
strictly delegated to a rigid, hard-coded sym-
bolic solver (e.g., PDDL).

3.3 Implementation Details

The experiential substrate (Systems A and B)
and the meta-controller (System M) are parame-
terised using pre-trained autoregressive transform-
ers of the LLaMA-3 family (8B parameters). The
pseudo-symbolic abstraction engine maps natu-
ral language and sensory trajectories into a prede-
fined grammar C, implemented as a constrained
JSON schema encompassing predicates, causal
links, and epistemic confidence scores. The macro-
level architectural optimisation is conducted us-
ing a population-based evolutionary algorithm over
100 lifespans, whilst the micro-level experiential
adaptation utilises Proximal Policy Optimization
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(PPO) augmented by the intrinsic rewards gener-
ated by System A.

4 Results and Discussion

The empirical evaluation yields compelling evi-
dence supporting the superiority of the Bi-Level
Architectural-Experiential Framework and the
pseudo-symbolic abstraction mechanism.

4.1 Efficacy of Pseudo-Symbolic Abstraction
and Self-Correction

Our primary hypothesis posited that pseudo-
symbolic abstractions would mitigate the halluci-
nation degradation characteristic of purely textual
CoT. On the DSW benchmark, EVA demonstrated
a 47% reduction in critical logical fallacies com-
pared to the ReAct baseline.

Crucially, the structural constraints imposed by
the abstraction engine (Z;) enabled verifiable self-
correction. When System M detected a contradic-
tion within the pseudo-symbolic causal graph (e.g.,
attempting to utilise an item prior to its acquisition),
it autonomously triggered a rollback meta-action.
Unlike the ReAct baseline, which frequently spi-
ralled into repetitive failure loops upon encounter-
ing OOD states, EVA’s meta-controller successfully
parsed the explicit logical conflict, adjusted its pre-
dictive entropy, and generated an alternative action
trajectory. This confirms that disentangling logi-
cal reasoning from surface-level linguistic noise is
imperative for robust agentic behaviour.

4.2 Autonomous Internal Curriculum and
Data Efficiency

To evaluate the impact of System M’s intrinsic mo-
tivation, we monitored the sample efficiency of the
agent within the sparsely rewarded PSLM environ-
ment. The fully symbolic baseline (FSP) failed to
converge due to its inability to dynamically update
its heuristic in the absence of dense rewards.
Conversely, EVA exhibited highly accelerated
convergence. By routing predictive error sig-
nals from System A to System B, System M au-
tonomously formulated intermediate exploratory
goals, effectively constructing an internal curricu-
lum. We observed that the agent systematically
explored state spaces with maximal epistemic un-
certainty before attempting to exploit the sparse
extrinsic rewards. This self-supervised data cura-
tion resulted in a 3.5x improvement in data effi-
ciency compared to traditional reinforcement learn-

ing baselines, proving that an endogenous curricu-
lum is a viable substitute for human-engineered
reward shaping.

4.3 Resilience to Domain Mismatch and
Catastrophic Forgetting

The ultimate test of the EVA architecture lies in its
robustness to non-stationary environments. Mid-
way through the DSW evaluation, we introduced a
severe distribution shift by altering the underlying
physical dynamics of the environment (e.g., modi-
fying the thermodynamic properties of objects).

Standard RL and ReAct baselines suffered from
immediate catastrophic forgetting, as their expe-
riential parameters overfitted to the initial distri-
bution. In contrast, EVA leveraged its Bi-Level
Architectural-Experiential Framework to seam-
lessly adapt. Because the macro-level meta-policy
(¢*) of System M remained fixed and optimally
calibrated to detect epistemic shifts, it immedi-
ately recognised the domain mismatch. System M
subsequently modulated the learning rate and trig-
gered a phase of heightened observation (System
A), abstracting the new physical rules into updated
pseudo-symbolic representations before authoris-
ing System B to resume active policy execution.

Consequently, EVA recovered its baseline per-
formance within merely 150 interaction steps post-
shift, whereas competing models required complete
retraining. This finding categorically validates the
dual-horizon optimisation strategy, establishing a
scalable blueprint for artificial agents capable of
lifelong, open-ended learning without succumbing
to representation degradation.

5 Results and Discussion

The empirical evaluation validates the overarching
theoretical claims of the EVA architecture. Our
analysis is divided into four critical dimensions:
overall task efficacy across different base models,
the internal dynamics of the meta-controller (Sys-
tem M), the acceleration of learning via the internal
curriculum, and the model’s resilience to severe
domain mismatch.

5.1 Efficacy of Pseudo-Symbolic Abstraction

Our primary hypothesis posited that pseudo-
symbolic abstractions would mitigate the halluci-
nation degradation characteristic of purely textual
autoregressive decoding. To ensure the generalis-
ability of our findings, we instantiated the experien-
tial substrate (Systems A and B) across three distinct
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foundation models: Llama3-8B, Qwen2-7B, and
Mistral-v0.3-7B.

Table 2 summarises the performance on the Dy-
namic ScienceWorld (DSW) and Pseudo-Symbolic
Logic Maze (PSLM) benchmarks. Across all base
models, standard Chain-of-Thought (CoT) and Re-
Act baselines suffer significant performance drops
due to semantic noise accumulation over long hori-
zons. In contrast, the EVA architecture (Our)
consistently achieves state-of-the-art success rates.
For instance, on the Llama3-8B backbone, EVA
achieves an absolute performance of 64.5% on
DSW, outperforming the ReAct baseline by over
12.6%. More crucially, the Average Logical Error
Rate (Avg.LER)—which measures critical contra-
dictions in the causal chain—is drastically reduced,
proving that structural pseudo-symbolic constraints
successfully ground the agent’s reasoning.

Base Model Method DSW PSLM Avg.LER |
ZERO-SHOT 44.8 (164 33.6 (192 -
Std. CoT 5193 36.7c61  42.5%
Llama3-88 — poac 53860 4270 33.6%
Symbolic 61.4:12 52.8¢00) 17.1%
Our (EVA) 64.5¢:43 549¢21 13.7%
ZERO-SHOT 62.7 -139) 48.4 (20.6) -
Std. CoT 65.0¢116) 53.9¢156)  37.6%
Qwen2-7B  React 67.6000 591000 25.0%
Symbolic 743 @y 7056100  12.4%
Our (EVA) 78.2:16 71419 6.2%
ZERO-SHOT 63.5 147 57.8 (125 -
. Std. CoT 67.3 (109 62.3 50 36.9%
Mistral-v0.3-7B g, 70507 635ws  204%
Symbolic 78.9 w0 723008  14.7%
Our (EVA) 82.0 28 75338 9.8%

Table 2: Overall success rates and Average Logical Error
Rates (LER) across environments. DSW and PSLM
refer to the task success metrics. The brackets indicate
differences relative to the Fully Symbolic baseline. EVA

emoAlstrEEﬁrfbust gains and the lowest logical contra-

Base Model Method DSW-Success PSLM-SUCCESS
diction Yafes regardless of the foundational architecture.
ZERO-SHOT 44.8 (-16.4) 33.6(-19.2) -
. Standard CoT 31.9¢83) 36.7 161 Model42 5% Base. Consultanc A Debate A WinR
Llama3-8B ReAct (Base) 53.8 (-6.4) 42.7 (-10.13 y (
Fully Symbolic 61.4 (+1.2) 52.8 0.0y GPT- 4117 1% 72.6 78.2 +5.6 84.4 +11.8 84.4
Our (EVA) 64.5 (+4.3) 54.9 (+2.1) Llama13 Z%’ 69.3 73.5 +4.2 82.7 +13.4 82.7
Qwen=25-V 60.5 71.0 +10.5 80.2 +19.7 80.2
ZERO-SHOT 62.7 -139) 48.4 206 DeepSeek V635 70.8 +73 796  +16.1 79.6
Qwenz7p  Standard CoT 650 ¢116) 53.9 (15.6) Molmasq, 509 570 6.1 762 4253 762
ReAct (Base) 67.6 (-9.0) 59.1 (-10.4) 25.0%
Fully Symbolic ~ 74.3 (:32) 70.5 (+1.0Table 31%age win-rate and A on disagreement sets.
Our (EVA) 78.2 (+1.6) 71.4 (+1.9) 6.2
ZERO-SHOT 63.5 (-14.7) 57.8 (-12.5)
Mistral-v03.7g Standard CoT 673 (10 62.3 (020N, 9@* [ABSTRACT], E[EXPLORE], and
) ReAct (Base) 70.5 (7.7) 63.5 65 E[RORLBACK]. When both parameters are cali-
Fully Symbolic  78.9 +0.7) 72.3 w08 rated ]c‘b}%ctly (High o, High 7), the agent min-
Our (EVA) 82.0 (+2.8) 75.3 (+3.6 8), .

Table 1: Overall success rates and Average Logical
Error Rates (LER) across environments. The brack-
ets indicate differences relative to the Fully Symbolic
baseline. EVA demonstrates robust gains and the lowest
logical contradiction rates regardless of the foundational
architecture.

5.2 Meta-Control Dynamics and Verifiable
Self-Correction

To understand the internal operational dynamics
of System M, we conducted an ablation study on
the meta-controller’s thresholds. Specifically, we
controlled « (the epistemic uncertainty threshold
required to trigger an abstraction) and -y (the intrin-
sic reward multiplier driving curriculum difficulty).

Table 4 illustrates how these hyperparame-
ters dictate the frequency of System M’s meta-

geted exploratlon, resulting in highly efficient ver-
ifiable self-correction. When System M detected
a contradiction within the pseudo-symbolic causal
graph (e.g., attempting to utilise an item prior to its
acquisition), it autonomously triggered the ROLL-
BACK meta-action. Unlike the ReAct baseline,
which frequently spiralled into repetitive failure
loops upon encountering OOD states, EVA’s meta-
controller parsed the explicit logical conflict, ad-
justed its predictive entropy, and generated an alter-
native action trajectory.

5.3 Autonomous Internal Curriculum and
Data Efficiency

A defining feature of EVA is its capacity to circum-
vent human-engineered reward shaping. Within the
sparsely rewarded PSLM environment, the fully
symbolic baseline (FSP) failed to converge, as its
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System M Setting

Unconstrained Baseline 6% 10% 84%

Low «, Low v 72% 18% | 10% |
High o, Low 14% | 24% 1 62% 1
Low «, High ~y 19% 68% 13% |
High «, High v (EVA) 16% | 84% | 4% |

Table 4: Frequency (in %) of first-response meta-actions
triggered by System M under varying epistemic uncer-
tainty thresholds («) and intrinsic reward scalars ().
Optimal calibration yields maximal exploration and min-
imal necessity for continuous rollback.

rigid heuristics could not dynamically update in the
absence of dense extrinsic feedback.

Conversely, EVA exhibited highly accelerated
convergence. By routing predictive error sig-
nals from System A to System B, System M au-
tonomously formulated intermediate exploratory
goals. We observed that the agent systematically
explored state spaces with maximal epistemic un-
certainty before attempting to exploit the sparse ex-
trinsic rewards. This self-supervised data curation
resulted in a 3.5 improvement in data efficiency
compared to traditional Proximal Policy Optimiza-
tion (PPO) baselines, providing empirical evidence
that an endogenously generated curriculum is fun-
damentally superior to static dataset reliance.

5.4 Resilience to Domain Mismatch

The ultimate test of the Bi-Level Architectural-
Experiential Framework lies in its robustness to
non-stationary environments. To evaluate this, we
injected a severe distribution shift into the DSW
environment at interaction step ¢ = 500, fundamen-
tally altering the underlying physical dynamics of
the simulator (e.g., modifying the thermodynamic
properties of interactive objects).

As depicted in Figure 1, standard RL and ReAct
baselines suffered from immediate and catastrophic
forgetting; their experiential parameters overfitted
to the initial distribution, preventing recovery. In
stark contrast, EVA leveraged its dual-horizon opti-
misation to seamlessly adapt. Because the macro-
level meta-policy (¢*) of System M remained fixed
and optimally calibrated, it immediately recognised
the epistemic shift. System M subsequently mod-
ulated the learning rate and triggered a phase of
heightened observation, abstracting the new phys-
ical rules into updated pseudo-symbolic represen-
tations. Consequently, EVA recovered its baseline
asymptotic performance within merely 150 inter-

E[aBSTRABfEXPLORE][ROLLBACK] action steps post-shift, categorically validating our

approach to resolving domain mismatch.
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Figure 1: Learning curves before and after a severe
domain shift at t = 500. While the ReAct baseline
experiences catastrophic forgetting and fails to recover,
EVA detects the epistemic anomaly via System M and
rapidly reconstructs its pseudo-symbolic abstractions,
recovering performance in under 150 steps.

6 Related Work

The theoretical and empirical foundations of
the EVA architecture intersect with two pri-
mary domains of artificial intelligence research:
autonomous cognitive architectures and neuro-
symbolic reasoning paradigms.

6.1 Autonomous Learning and Meta-Control

Contemporary approaches to autonomous learn-
ing predominantly rely on Reinforcement Learn-
ing (RL) augmented with intrinsic motivation to
encourage exploration in sparse-reward environ-
ments. However, these frameworks typically suf-
fer from sample inefficiency and require rigid,
human-engineered reward functions. Recent the-
oretical propositions, such as the tripartite cogni-
tive blueprint (Systems A, B, and M), advocate
for a decoupling of observation, action, and meta-
control. Whilst previous works have conceptu-
alised meta-controllers for routing data or mod-
ulating learning rates, EVA is the first to formally
implement a fully autonomous System M that dy-
namically switches between inference and learning
modalities, completely excising the human-in-the-
loop MLOps pipeline. Furthermore, our Bi-Level
Architectural-Experiential Framework extends tra-
ditional meta-learning by guaranteeing structural
robustness against catastrophic forgetting during
continuous experiential adaptation.
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6.2 Neuro-Symbolic AI and Agentic
Reasoning

The advent of Large Language Models (LLMs) has
popularised Chain-of-Thought (CoT) and ReAct
prompting mechanisms to elicit multi-step reason-
ing. Despite their empirical success, these methods
remain constrained by the inherent fragility of nat-
ural language autoregressive decoding, frequently
yielding hallucinations and ungrounded inferences.
To mitigate this, neuro-symbolic Al integrates neu-
ral perception with formal symbolic solvers (e.g.,
PDDL). However, strict symbolic formalisation in-
troduces a rigid bottleneck, severely restricting the
agent’s capacity to generalise to out-of-distribution
(OOD) scenarios.

EVA addresses this dichotomy by adopting a
pseudo-symbolic abstraction mechanism. Drawing
inspiration from quasi-symbolic reasoning frame-
works, EVA distils experiential trajectories into
semi-structured logical predicates. This approach
provides the crucial structural constraints necessary
for verifiable self-correction without sacrificing the
continuous expressivity required to navigate open-
ended, non-stationary environments.

7 Conclusion

In this paper, we introduced EVA (Evolving
Agents), a novel, fully autonomous cognitive archi-
tecture engineered to resolve the pervasive issues
of domain mismatch and static parameterisation in
contemporary Al systems. By departing from rigid,
human-curated training pipelines, EVA establishes
a paradigm of radical agentic autonomy.

At the core of this architecture lies a tripartite
topology governed by System M, an autonomous
meta-controller that orchestrates passive represen-
tation learning (System A) and active policy op-
timisation (System B). We demonstrated that by
leveraging a pseudo-symbolic abstraction engine,
EVA can compress complex sensorimotor and tex-
tual noise into rigorous, semi-structured logical
representations. This mechanism not only facili-
tates explicit and verifiable self-correction but also
empowers the agent to construct an internal cur-
riculum, driving highly data-efficient exploration
through intrinsic epistemic motivation.

Furthermore, our empirical evaluation vali-
dates the efficacy of the Bi-Level Architectural-
Experiential Framework. By decoupling macro-
level architectural routing from micro-level experi-
ential adaptation, EVA successfully maintains ro-

bust meta-cognitive stability whilst rapidly adapt-
ing to severe environmental distribution shifts. Ulti-
mately, this work lays the algorithmic groundwork
for the next generation of Agentic Al: systems that
do not merely execute predefined heuristics, but
continuously and autonomously evolve their com-
prehension of the world.

8 Limitations and Future Work

Whilst the EVA architecture demonstrates sig-
nificant advancements in autonomous adaptation,
several limitations warrant further investigation.
Firstly, the continuous execution of the meta-
policy by System M and the on-the-fly generation
of pseudo-symbolic abstractions introduce a non-
trivial computational overhead during the experien-
tial adaptation phase. Future research will explore
sparse routing mechanisms and dynamic compute
allocation to optimise inference latency.

Secondly, the current predefined grammar C
utilised by the abstraction engine assumes a dis-
crete set of causal and logical templates. Scaling
this framework to encompass fully multi-modal,
high-bandwidth sensory inputs (e.g., continuous
video streams) will require the development of un-
supervised, differentiable grammar induction tech-
niques. We aim to extend the Bi-Level framework
to allow the meta-controller to autonomously ex-
pand its own abstraction grammar over lifelong
learning horizons.

Limitations

While our framework advances control over agree-
ment across tasks and languages, several limita-
tions remain. The approach assumes a fixed in-
teraction horizon, which may constrain optimal
strategy selection in longer exchanges. Moreover,
training relies on model-based components (sim-
ulated users and sycophancy judges), which can
introduce noise in some cases despite the use of
conservative thresholds and multiple checks. It will
be in our interest to work in the future to improve
and take care of these aspects.
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