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ABSTRACT
Deep Reinforcement Learning (RL) agents are capable of achieving

human-like performance in complex domains, yet they remain sus-

ceptible to catastrophic failures like policy collapse, where the agent

defaults to a state of paralyzing inaction after encountering a series

of negative outcomes. This failure mode is remarkably analogous

to the psychological phenomenon of learned helplessness. Current

mitigation strategies often fail to address the underlying cause

of this learned paralysis. In this paper, we introduce the Agency

Circuit, a novel neuro-symbolic solution explicitly designed to over-

come this challenge. Inspired by the antagonistic mPFC-DRN neural

circuit that governs resilience to uncontrollable stress in mammals,

our model integrates a neural subsystem that learns a continuous

metric of helplessness with a symbolic reasoner that performs tar-

geted interventions. When this metric exceeds a threshold, Control

Exertion Module (CEM) triggers a pre-defined micro-action to re-

store a sense of agency, forcing the agent to break out of its passive

state. In a deceptive trap environment, our agent demonstrates

significantly greater resilience and lower escape latency compared

to standard DQN and curiosity-driven baselines. By providing an

interpretable mechanism to restore agentic behavior, the Agency

Circuit offers a path toward more robust, psychologically grounded,

and explainable RL agents.
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1 INTRODUCTION
Deep Reinforcement Learning (RL) has produced remarkable suc-

cesses in complex sequential decision-making tasks [24, 34]. Despite

these advances, agents remain vulnerable to specific failure modes

that hinder their deployment in robust, real-world applications

[3]. One such critical failure is policy collapse, where an agent’s

policy converges to a stable but highly suboptimal state of inaction
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or repetitive behavior [11]. In RL, this state often arises in envi-

ronments with deceptive or punishing regions, where persistent

negative feedback corrupts the agent’s value function estimates

[37], leading it to erroneously conclude that all available actions

from a given state are futile. A well-known instance of this occurs

in hard-exploration video games like Montezuma’s Revenge, where

sparse rewards and punishing mechanics cause a standard agent’s

value estimates to collapse, leading it to remain passively in the

starting area rather than exploring [6].

A common approach to prevent such policy stagnation is to

encourage exploration, often through the paradigm of intrinsic

motivation [4]. Curiosity-driven methods, for example, reward an

agent for seeking surprise or reducing its uncertainty of its internal

world model [26]. While powerful for exploring novel state spaces,

these methods are vulnerable to predictable traps. In a punishing

environment, where the negative outcomes are deterministic, the

agent’s world model can learn these dynamics perfectly [30]. Con-

sequently, the prediction error—the very source of the curiosity

signal—drops to zero. This demonstrates that a generic drive for

novelty is insufficient to overcome a learned state of futility, as

it motivates the agent to avoid predictably bad states rather than

finding a way to persevere through them.

This computational failure is conceptually parallel to the well-

documented psychological phenomenon of learned helplessness,

where organisms cease to attempt escape from aversive situations

after learning that their actions are inconsequential [19]. Framed as

a machine learning problem, learned helplessness is fundamentally

a failure of exploration. That is, an agent that has learned to be

helpless has ceased to believe that exploration will yield better

outcomes.

To address this specific failure mode, this paper proposes the

Agency Circuit, a neuro-symbolic method inspired by the mam-

malian brain’s resilience circuitry [2, 20]. The system’s core is the

Control Exertion Module (CEM), a computationally lightweight

yet powerful meta-level safety protocol that detects the onset of

paralysis and triggers a targeted intervention. While structurally

similar to a temporally-extended action in Hierarchical RL [1], the

CEM is distinguished by its unique trigger condition and objective.

An HRL option is typically selected by a meta-policy to achieve

a reward-oriented sub-goal. In contrast, the CEM is a corrective

intervention triggered by an internally-monitored failure state. Fur-

thermore, its objective is not to reach a task-specific sub-goal, but

to directly modulate the agent’s internal state of agency to restore

its capacity for exploration.

This paper makes the following contributions:

(1) We provide a formal computational framing of policy collapse,
linking value function corruption in predictable negative
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feedback loops to the psychological construct of learned

helplessness.

(2) We introduce a targeted intervention mechanism, the CEM,

and demonstrate its superior resilience in predictable trap

scenarios where state-of-the-art intrinsic motivation meth-

ods are shown to fail.

(3) We propose a hybrid neuro-symbolic system that enhances

agent introspectability by exposing the internal state of help-

lessness as an explicit, interpretable symbolic predicate, en-

abling transparent analysis of the agent’s decision-making

process.

Ultimately, this work represents a step towards creating more

psychologically-grounded autonomous agents, equipping them not

just with the ability to learn, but with the resilience to persevere

when learning gets hard.

Paper organization. Section 2 reviews related work on explo-

ration failures and neuro-symbolic control. Section 3 introduces the

problem setting and formalizes policy collapse in trap-like environ-

ments. Section 4 presents the Agency Circuit architecture and its

components. Section 5 reports experimental results and ablations

across trap environments and baselines. Section 6 concludes with

limitations and directions for future work.

2 RELATEDWORK
2.1 Exploration in Reinforcement Learning
Exploration is a cornerstone of RL [35]. Simple strategies like 𝜖-

greedy exploration ensure a baseline level of non-greedy actions,

where the agent takes a random action with a small probability 𝜖

and follows its best-known policy otherwise [40]. However, this

approach is highly inefficient in complex environments with sparse

rewards, as a random walk is unlikely to stumble upon meaningful

states [10]. This inefficiency motivated the development of more

directed and intelligent exploration strategies.

The leading paradigm for directed exploration is intrinsic moti-
vation, where the agent is endowed with an internal reward signal

that encourages it to explore “interesting" parts of the environment,

even in the absence of external rewards [4]. This paradigm has sev-

eral popular flavors. Novelty-based methods reward the agent for

visiting states it has not seen before or has seen infrequently, often

implemented via state-visitation counts [6, 8, 25]. Curiosity-based

methods, conversely, reward the agent for reducing its uncertainty

about the environment’s dynamics, typically by rewarding actions

that lead to a high prediction error in the agent’s internal world

model [7, 26, 27]. A third flavor encourages competence, i.e., re-

warding the agent for learning actions that give it control over its

environment or its own state [5, 14, 41].

While these intrinsic motivation strategies have drastically im-

proved exploration capabilities, this study identifies a critical failure

mode they do not address. As detailed in the introduction, these

methods are vulnerable to “predictable traps" where punishing dy-

namics, once learned, cease to be novel or surprising [7, 30]. In

such scenarios, the intrinsic reward signal vanishes, causing the

agent to stop exploring and fall into the very state of policy collapse

it was designed to prevent. This paper therefore addresses a gap

in the literature: how to motivate an agent to persevere when its

best exploration mechanisms have computationally concluded that

further action is futile.

2.2 Learned Helplessness in Neuroscience
The neurobiological study of helplessness began with the foun-

dational psychological insight from [19, 33] that the subjective

perception of control, rather than the physical nature of a stressor,

is the critical variable that determines whether an organism learns

to be helpless [32]. Subsequent neuroscientific investigation sought

to identify the specific circuits that govern this crucial computation

[17, 20]. Researchers discovered that the response to uncontrollable

stress is primarily orchestrated by the dorsal raphe nucleus (DRN),
an evolutionarily ancient structure in the brainstem [18]. The DRN

acts as a primary source of the neurotransmitter serotonin and

can be thought of as the brain’s “helplessness switch". When an

animal is subjected to stressors it cannot control, the DRN becomes

hyperactive, triggering a cascade of passive, energy-conserving

behaviors like freezing and ceasing to struggle, which manifest as

learned helplessness [13, 20]. In a remarkable display of functional

architecture, the brain possesses a direct countermeasure to this

primitive helplessness circuit. This top-down control is exerted by

the medial prefrontal cortex (mPFC), a region of the brain’s sophisti-

cated neocortex often described as its “chief executive officer" [23].

The mPFC is responsible for higher-order functions like planning,

emotional regulation, and goal-directed decision-making. Crucially,

specific projections from the mPFC provide direct inhibitory con-

trol over the DRN, effectively acting as a brake on the helplessness

signal [2, 39]. When an organism perceives that it has control over

a situation, or when it engages in active coping strategies, its mPFC

becomes more active. This activation suppresses the DRN, thereby

promoting resilience, perseverance, and goal-oriented actions even

in the face of adversity [2, 18]. The Agency Circuit directly models

this antagonistic relationship between the primitive impulse to

surrender and the executive drive to persevere.

2.3 Neuro-Symbolic AI
Neuro-symbolic AI seeks to combine the strengths of connectionist

systems (neural networks) for learning and perception with classi-

cal symbolic systems for explicit reasoning and logic [12, 16, 31].

While neural networks excel at learning patterns from raw, high-

dimensional data [42], symbolic systems provide benefits like ex-

plainability, formal verification, and the ability to leverage struc-

tured knowledge—capabilities that remain significant challenges for

purely neural approaches [21, 29]. This study fits squarely within

this paradigm, not as a matter of convenience, but as a matter of

necessity for modeling the specific phenomenon of learned help-

lessness.

For agency circuit, a neural subsystem to learn a continuous,

sub-symbolic representation of helplessness from experience, and

a symbolic subsystem to reason about this state and trigger dis-

crete, logical interventions. This allows us to create a system that

is both adaptive to experience and amenable to explainable, struc-

tured control, providing a powerful framework for tackling policy

collapse.
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3 PROBLEM FORMULATION
3.1 The MDP Framework and Optimal Policies
The agent-environment interaction is modeled as a Markov Deci-
sion Process (MDP), represented by the tupleM = (S,A,P,R, 𝛾).
Here, S is the set of states, A is the action space, P(𝑠′ |𝑠, 𝑎) is the
state transition probability function, R(𝑠, 𝑎) is the scalar reward
function, and 𝛾 ∈ [0, 1) is the discount factor. A policy 𝜋 (𝑎 |𝑠) is a
distribution over actions given a state. The goal of a standard RL

agent is to find an optimal policy 𝜋∗ that maximizes the expected

discounted cumulative reward, defined by the optimal action-value

function:

𝑄∗ (𝑠, 𝑎) =max

𝜋
E𝜋

[ ∞∑︁
𝑡=0

𝛾𝑡𝑅𝑡+1 |𝑆0 = 𝑠, 𝐴0 = 𝑎

]
. (1)

The optimal policy is then given by 𝜋∗ (𝑠) = argmax𝑎∈A 𝑄∗ (𝑠, 𝑎).

3.2 Policy Collapse in Trap Environments
The exploration-exploitation dilemma [36] is central to finding 𝜋∗.
However, certain environmental structures can cause exploration

to fail catastrophically. A trap environment is defined as an MDP

containing a subset of states Strap ⊂ S where, for a sustained

duration, all actions lead to non-positive rewards, i.e.,∀𝑠 ∈ Strap, 𝑎 ∈
A,R(𝑠, 𝑎) ≤ 0, even though a path to a high-reward state may exist

from Strap.
In such environments, an agent using a function approxima-

tor (e.g., a neural network with parameters 𝜃 ) to learn the value

function 𝑄 (𝑠, 𝑎;𝜃 ) is susceptible to policy collapse [11]. This is

formally defined as a condition where, due to persistent negative

reward signals, the learned value function for trap states becomes

pathologically underestimated:

∀𝑠 ∈ Strap, 𝑎 ∈ A, 𝑄 (𝑠, 𝑎;𝜃 ) ≪ 𝑄∗ (𝑠, 𝑎) . (2)

This value corruption leads the greedy policy 𝜋 (𝑠 ;𝜃 ) =
argmax𝑎′ 𝑄 (𝑠, 𝑎′;𝜃 ) to converge to a low-entropy, passive policy

𝑎passive, from which standard exploration methods (like 𝜖-greedy)

are too inefficient to facilitate escape. The agent incorrectly resolves

the exploration-exploitation dilemma by committing to a deeply

suboptimal exploitation of inaction. While 𝑄∗ is unknown, this
theoretical underestimation manifests empirically as a sharp drop

in the policy’s entropy over Strap, as the agent becomes certain of

a single, suboptimal passive action.

3.3 The Computational Challenge of Modeling
Helplessness

Overcoming policy collapse requires more than just naive explo-

ration; it requires a model that can recognize and respond to the

agent’s own internal, learned state of futility. Therefore, this prob-

lem is best addressed with a neuro-symbolic approach because it

involves two distinct levels of abstraction:

(1) A Graduated Helplessness State, ℎ𝑡 : This is a continu-

ous, sub-symbolic internal state variable, ℎ𝑡 ∈ [0, 1], that
represents the agent’s accumulated belief in the futility of

its actions. It must be learned from its interaction history,

𝐻𝑡 = {(𝑠0, 𝑎0, 𝑟0), . . . , (𝑠𝑡−1, 𝑎𝑡−1, 𝑟𝑡−1)}, analogous to how

neural activations in the biological DRN fluctuate with expe-

rience [22].

(2) A Discrete Intervention Trigger: The behavioral response
to extreme helplessness is a discrete, logical decision to

switch strategies. A symbolic predicate, denoted ‘IsHelp-

less‘, is employed to translate the continuous internal state

into a binary trigger for an intervention policy. This type of

rule-based logic lies in the domain of symbolic AI [9].

Therefore, the central problem addressed by this paper is: How
can an agent be designed to explicitly learn its own internal helpless-
ness state ℎ𝑡 from experience, and uses a symbolic reasoning compo-
nent to trigger a non-reward-maximizing, restorative policy when ℎ𝑡
indicates that policy collapse is imminent?

4 THE AGENCY CIRCUIT ARCHITECTURE
The Agency Circuit is a neuro-symbolic architecture designed to

augment a standard Reinforcement Learning agent, whose base pol-

icy is denoted as 𝜋RL. It operates as a meta-controller that monitors

the agent’s internal state of helplessness and deploys a targeted

intervention strategy to prevent or recover from policy collapse.

4.1 Architectural Overview and Component
Specification

The Agency Circuit is composed of three interconnected modules:

(1) the Neural State Assessor, (2) the Symbolic Reasoner, and (3)

the Control Exertion Module (CEM). Their interaction governs

the agent’s final policy, 𝜋AC. The complete operational flow of the

Agency Circuit for a single timestep is detailed in Algorithm 1.

4.1.1 Neural State Assessor. This module mimics the antagonistic

biological circuit of the DRN and mPFC to produce a continuous

assessment of helplessness.

• Helplessness Network (𝐷𝑅𝑁Net): A Gated Recurrent Unit

(GRU) with trainable parameters 𝜃𝐷𝑅𝑁 . It processes a his-

tory sequence, 𝐻𝑡 , defined as the last 𝑘 transitions from

a history buffer B, to produce the raw helplessness value,

ℎ𝑡 = 𝜎 (𝑓𝐷𝑅𝑁 (𝐻𝑡 ;𝜃𝐷𝑅𝑁 )) ∈ [0, 1].
• Control Network (𝑚𝑃𝐹𝐶Net):A feed-forward networkwith

parameters 𝜃𝑚𝑃𝐹𝐶 that updates the control value, 𝑐𝑡 ∈ [0, 1].
Its update is conditional on a binary CEM feedback signal,

𝑚𝑡 ∈ {0, 1}. If the CEM is inactive (𝑚𝑡 = 0), the value decays

deterministically via a factor 𝛿 < 1. If active (𝑚𝑡 = 1), the

network’s output is trained to push 𝑐𝑡 towards 1.
1

The final output of the assessor is the effective helplessness, ℎeff,𝑡 ,

which combines the raw helplessness with the inhibitory control

signal from the previous step:

ℎeff,𝑡 = ℎ𝑡 × (1 − 𝑐𝑡−1). (3)

4.1.2 Symbolic Reasoner and CEM. The reasoner’s logic is designed
to make a targeted, context-aware intervention by evaluating a

conjunction of symbolic predicates. It activates the CEM only if

three conditions are jointly met: the agent’s internal state indicates

futility, its environmental context corresponds to the problem area,

and it has not intervened too recently. If the logical rule (IsHelpless

1
This deterministic decay models the principle that a sense of agency must be actively

maintained through deliberate action; without intervention, the agent’s belief in its

own control passively wanes, providing a stable baseline against which the CEM’s

restorative effect is measured.
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Figure 1: Agency Circuit architecture for mitigating policy collapse via symbolic, gated intervention.

∧ InTrapZone ∧ ¬ RecentlyIntervened) evaluates to true, the CEM

activates and overrides the base policy 𝜋RL.

When active, the CEM selects a micro-action 𝑎micro

𝑡 from a pre-

defined Micro-Action Set, Amicro. This set contains low-cost, intro-

spective actions (e.g., rotate_left_5_deg) that serve to confirm

the agent’s ability to act and restore its sense of agency. Upon exe-

cution of a micro-action, the CEM sets its feedback signal𝑚𝑡 = 1;

otherwise,𝑚𝑡 = 0. The predicates are defined as:

• IsHelpless: True if the effective helplessness exceeds the
threshold, i.e., (ℎ𝑒 𝑓 𝑓 ,𝑡 > 𝜃ℎ).

• InTrapZone: True if the agent’s current state 𝑠𝑡 is within
the predefined trap region, i.e., (𝑠𝑡 ∈ S𝑡𝑟𝑎𝑝 ).
• RecentlyIntervened: True if a CEM action has been taken

within a cooldown period of 𝑁𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛 timesteps.

4.2 Training 𝐷𝑅𝑁𝑁𝑒𝑡 and𝑚𝑃𝐹𝐶𝑁𝑒𝑡

While the base agent 𝜋RL is trained with a standard RL algorithm

(e.g., minimizing the Bellman error), the two networks of the Neu-

ral State Assessor, 𝐷𝑅𝑁Net and 𝑚𝑃𝐹𝐶Net, require their own self-

supervised training objectives, using data sampled from the history

buffer B.

4.2.1 Training the Helplessness Network (𝐷𝑅𝑁Net): The goal of this
network is to predict the futility of future actions. It is trained as a

regression task to predict the expected negative return over a finite

horizon. For a given history sequence 𝐻𝑡 , the actual discounted N-

step return from the buffer is computed:𝐺𝑡 :𝑡+𝑁 =
∑𝑁−1

𝑖=0 𝛾𝑖𝑟𝑡+𝑖 . The
training target 𝑦𝑡 is the normalized, negative-clipped return, ensur-

ing the network only learns from punishing experiences. The loss

function L𝐷𝑅𝑁 is the mean squared error between the network’s

prediction ℎ𝑡 and the target 𝑦𝑡 :

𝑦𝑡 = normalize(min(0,𝐺𝑡 :𝑡+𝑁 )) ∈ [0, 1], (4)

L𝐷𝑅𝑁 (𝜃𝐷𝑅𝑁 ) = E𝐻𝑡∼B [(ℎ𝑡 − 𝑦𝑡 )2] . (5)

The discounted negative return was selected as the training tar-

get for two key reasons. First, it directly measures the accumulated

aversive experience which is the primary environmental driver of

learned helplessness. This provides a more direct signal of futility

Algorithm 1 The Agency Circuit (Single Timestep)

1: Input: Current state 𝑠𝑡 ; previous control value 𝑐𝑡−1; history
buffer B, threshold 𝜃ℎ ; cooldown timer 𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛_𝑡 .

2: Parameters: 𝜃𝑅𝐿 , 𝜃𝐷𝑅𝑁 , 𝜃𝑚𝑃𝐹𝐶 , 𝛿 , 𝑁𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛 .

3: ⊲ — Assess Internal State —

4: Retrieve history sequence 𝐻𝑡 of length 𝑘 from B.
5: Compute raw helplessness: ℎ𝑡 ← 𝜎 (𝑓𝐷𝑅𝑁 (𝐻𝑡 ;𝜃𝐷𝑅𝑁 )).
6: Compute effective helplessness: ℎ𝑒 𝑓 𝑓 ,𝑡 ← ℎ𝑡 × (1 − 𝑐𝑡−1).
7: ⊲ — Symbolic Reasoning and Action Selection —

8: IsHelpless← (ℎ𝑒 𝑓 𝑓 ,𝑡 > 𝜃ℎ)
9: InTrapZone← (𝑠𝑡 ∈ S𝑡𝑟𝑎𝑝 )
10: NotRecentlyIntervened← (𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛𝑡 ≤ 0)
11: if IsHelpless ∧ InTrapZone ∧ NotRecentlyIntervened then
12: ⊲ Intervention Mode

13: Select micro-action: 𝑎𝑡 ← Uniform(A𝑚𝑖𝑐𝑟𝑜 ).
14: Set CEM feedback signal:𝑚𝑡 ← 1.

15: Reset cooldown timer: 𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛𝑡 ← 𝑁𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛

16: else
17: ⊲ Default RL Mode

18: Select action 𝑎𝑡 from 𝑠𝑡 using 𝜋𝑅𝐿 (𝑒.𝑔., 𝜖−greedy explo-

ration on 𝑄RL)
19: Set CEM feedback signal:𝑚𝑡 ← 0.

20: Decrement cooldown: 𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛𝑡 ← max(0, 𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛𝑡−1)

21: ⊲ — Environment Interaction and State Update —

22: Execute action 𝑎𝑡 , observe next state 𝑠𝑡+1 and reward 𝑟𝑡 .

23: Store transition (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) in history buffer B.
24: ⊲ — Update Control Value for Next Timestep —

25: if 𝑚𝑡 = 1 then
26: 𝑐𝑡 ← 𝜎 (𝑓𝑚𝑃𝐹𝐶 (𝑐𝑡−1, 1;𝜃𝑚𝑃𝐹𝐶 )) ⊲ Increase agency

27: else
28: 𝑐𝑡 ← 𝛿 · 𝑐𝑡−1 ⊲ Decay agency

29: ⊲ — Training —

30: Perform a training step on the base RL agent parameters 𝜃RL.

31: Perform a self-supervised training step on 𝜃𝐷𝑅𝑁 and 𝜃𝑚𝑃𝐹𝐶

using Equations (4-6)
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than secondary proxies like novelty or prediction error. Second,

while Monte Carlo N-step returns can exhibit high variance, this

signal was found to be more empirically robust for this specific task

than alternatives like the variance of the agent’s own value esti-

mates, which can be unstable and noisy during the early stages of

learning or in non-stationary environments. The return is clipped

at zero (𝑚𝑖𝑛(0,𝐺𝑡 :𝑡+𝑁 )) to ensure the network specifically learns to

predict punishing, rather than rewarding, outcomes.

4.2.2 Training the Control Network (𝑚𝑃𝐹𝐶Net): The control net-

work is trained to respond to the CEM’s feedback signal. When

the CEM activates (𝑚𝑡 = 1), the control value 𝑐𝑡 is intended to be

high (i.e., close to 1). This can be framed as minimizing the error

between 𝑐𝑡 and a fixed target of 1.0 only on the timesteps following

a micro-action. When𝑚𝑡 = 0, the network is not trained; its value

simply decays deterministically. The loss is therefore:

L𝑚𝑃𝐹𝐶 (𝜃𝑚𝑃𝐹𝐶 ) = E(𝑐𝑡−1,𝑚𝑡 )∼B [I(𝑚𝑡 = 1) · (𝑐𝑡 − 1)2], (6)

where I(·) is the indicator function.
The total loss for the Agency Circuit’s novel components is a

weighted sum of these two losses. The hyperparameters 𝜃ℎ sets

its tolerance for failure, 𝑁 (the prediction horizon) determines its

foresight in assessing helplessness, and 𝛿 (the control decay rate)

governs how quickly it forgets a past sense of control. They are

crucial for tuning the sensitivity and persistence of the agent’s

internal states.

5 EXPERIMENTAL SETUP
To validate the efficacy of the Agency Circuit (AC-DQN), a series of

experiments were designed. Each experiment targets a specific as-

pect of the model’s performance and internal mechanics, following

the established evaluation patterns in RL research [15].

5.1 Experiment 1: Performance in a Trap
Environment

This primary experiment is designed to test if the AC-DQN agent

can overcome policy collapse in an environment where strong,

curiosity-driven baselines are expected to fail. The objective is to

compare the performance and resilience of the Agency Circuit

against the baselines in the deceptive trap environment. Perfor-

mance is quantified using two primary metrics: (1) Success Rate,
defined as the percentage of episodes where the agent successfully

reaches the goal, and (2) Escape Latency, measuring the aver-

age number of timesteps the agent remains within the trap zone

once entered. A high success rate and low escape latency indicate

superior resilience.

5.2 Experiment 2: Internal State Dynamics
To validate the proposed internal mechanics of our model and

its claimed introspectability, this experiment visualizes the time-

series evolution of the Agency Circuit’s key internal variables: raw

helplessness (ℎ𝑡 ), control value (𝑐𝑡 ), and effective helplessness (ℎeff,𝑡 )

during a typical trap-and-escape episode.

5.3 Experiment 3: Hyperparameter Sensitivity
The final experiment evaluates the model’s robustness to its most

critical new hyperparameter, the helplessness threshold 𝜃ℎ . Sen-

sitivity and ablation studies are essential for understanding an

architecture’s stability [28, 38]. To measure this, the final success

rate achieved after a fixed number of training steps against a range

of different 𝜃ℎ values is evaluated. The resulting performance curve

will reveal the model’s sensitivity and help identify the optimal

operating range for this parameter.

5.4 Experiment 4: Generalization to Unseen
Traps

To assess whether the Agency Circuit learns a generalizable skill

rather than a solution to a specific trap, we conduct a fourth exper-

iment focused on zero-shot generalization. Agents are first trained

exclusively in the original Deceptive Trap environment. After train-

ing, their policies are frozen and evaluated on two novel test en-

vironments where the central trap’s mechanics are replaced. The

Sticky Trap causes agent actions to fail with 90% probability of

resulting in no movement (the state remains unchanged) and yield

the standard trap penalty of 𝑅𝑡𝑟𝑎𝑝 = −0.1 and in the Teleporter
Trap any action within the trap zone instantly resets the agent’s

position to the starting state and yields a penalty of 𝑅𝑡𝑟𝑎𝑝 = −0.1.
Success in these unseen environments would indicate that the agent

has learned a generalizable resilience mechanism.

5.5 The Deceptive Trap Environment
The experiments are conducted in the deceptive trap, a custom

2D gridworld environment designed to induce policy collapse in

standard agents (Figure 2). The environment is a 20 × 20 grid. The
agent’s state 𝑠𝑡 ∈ S is its (𝑥,𝑦) coordinate, fed to the networks

as a flattened 400-dimensional one-hot vector. The action space

(A) consists of four discrete actions: A = {up, down, left, right}.
Transitions (P) are deterministic; an action moves the agent one

cell in the corresponding direction unless blocked by a wall, in

which case the agent’s state does not change. The reward function

(R) is structured to be sparse and punishing. The agent receives

𝑅goal = +10 for reaching the goal state 𝑠𝑔 , 𝑅wall = −1 for attempting

to move into a wall, and a small step cost of 𝑅step = −0.01 for all
other actions. Crucially, a 5 × 5 region in the center of the grid

constitutes the trap zone, Strap. Any action taken within this zone

yields a punishing reward of 𝑅trap = −0.1. An episode terminates

upon reaching the goal or after a maximum of 𝑇 = 500 timesteps.

5.6 Baselines and Implementation Details
The performance of the Agency Circuit is benchmarked against

two carefully selected baselines. The first is a standard Deep Q-
Network (DQN) [24], which serves as the foundational model

and relies on an 𝜖-greedy exploration strategy where 𝜖 is linearly

annealed from 1.0 to 0.1 over the first 100,000 steps. The second,

DQN+ICM, represents a strong curiosity-driven approach by aug-

menting the DQN agent with an intrinsic curiosity module that

generates an additional internal reward signal to encourage explo-

ration [26]. The proposed model, the Agency Circuit (AC-DQN),
augments the same base DQN agent with the neuro-symbolic meta-

controller described in Section 4, which is designed to actively
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Figure 2: The Deceptive Trap Environment. (a) The 20x20
gridworld layout, showing the start (S), goal (G), walls, and
the central trap zone. (b) A heatmap of the reward structure,
which features a high reward at the goal, negative rewards
for the trap and walls, and a shaped gradient in free space.

detect and reverse the onset of policy collapse. To ensure a fair

comparison, all three models are built upon an identical underlying

DQN architecture, sharing the same network size and key hyperpa-

rameters as detailed in Table 1. This controlled setup ensures that

any observed performance differences can be directly attributed to

the agent’s resilience or exploration mechanism.

Table 1: Hyperparameter Settings.

Parameter Value

Shared RL Parameters
Optimizer Adam

Learning rate, 𝛼 1e-4

Discount factor, 𝛾 0.99

Replay buffer size, |B| 50,000

DQN Network [256, 256]

Target network update freq. 1,000 steps

Agency Circuit Specific Parameters
Helplessness threshold, 𝜃ℎ 0.8

History sequence length, 𝑘 50

Control value decay, 𝛿 0.995

CEM cooldown period, 𝑁𝑐𝑜𝑜𝑙𝑑𝑜𝑤𝑛 10

Prediction horizon, 𝑁 20

Micro-Action Set, Amicro {up, down, left, right}

6 RESULTS
6.1 Performance in the Trap Environment
We first evaluate agent performance quantitatively. All results are

averaged over 10 independent runs, with shaded areas in plots

representing one standard deviation. Figure 3 (a) plots the success

rate (reaching the goal) against training steps. The standard DQN

and DQN+ICM agents fail to learn a successful policy, achieving a

near-0% success rate as policy collapse prevents them from leaving

the trap. In contrast, Agency Circuit (AC-DQN) consistently learns

to escape the trap and solve the task, achieving a high success rate.

Figure 3 (b) directly measures resilience by plotting the average

escape latency from the trap. The baselines exhibit extremely high

latency, effectively remaining in the trap for the entire episode

duration once entered. The AC-DQN demonstrates a significantly

lower and stable escape latency, confirming its ability to actively

recover from the helpless state.

To provide a qualitative understanding of these results, Figure 4

visualizes representative trajectories for each agent. The paths

clearly illustrate the policy collapse behavior in the baseline agents

and the successful escape sequence executed by the Agency Circuit,

corroborating the quantitative findings.

Figure 3: Performance comparison in the Deceptive Trap.
(a) Success rate over training. The Agency Circuit (AC-DQN)
learns to solve the task while baseline agents consistently
fail. (b) Average escape latency from the trap. AC-DQN learns
to escape quickly, while baselines remain stuck for nearly
the entire episode.
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Figure 4: Qualitative comparison of agent trajectories. (a) A
standard DQN agent enters the trap and exhibits policy col-
lapse, getting stuck in a repetitive loop. (b) A curiosity-driven
agent (DQN+ICM) also fails, exploring the trap before suc-
cumbing to a similar stuck state. (c) The Agency Circuit agent
enters the trap, struggles briefly, and successfully executes
an escape sequence to reach the goal.

6.2 Analysis of Internal Dynamics
To validate that our model works via the hypothesized mechanism,

we plot the internal state variables for a representative trap-and-

escape episode in Figure 5. As the agent enters the trap zone (shaded

gray), the persistent negative rewards cause the raw helplessness

(ℎ𝑡 ) to rise rapidly. Consequently, the effective helplessness (ℎ𝑒 𝑓 𝑓 ,𝑡 )

also rises until it crosses the predefined threshold (𝜃ℎ). This triggers

the CEM, causing the Control Value (𝑐𝑡 ) to spike, representing an

assertion of agency. Crucially, this spike immediately suppresses
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Figure 5: Internal dynamics of the Agency Circuit during a
trap-and-escape episode. The plot shows the raw helpless-
ness (ℎ𝑡 ) rising in the trap, the control value (𝑐𝑡 ) spiking in
response to CEM intervention, and the resulting suppression
of effective helplessness (ℎeff,𝑡 ).

the effective helplessness (ℎ𝑒 𝑓 𝑓 ,𝑡 ), dropping it to near-zero. This

allows the base RL policy to resume control and execute the actions

needed to escape, providing clear evidence for the function of the

antagonistic circuit.

6.3 Sensitivity to Helplessness Threshold 𝜃ℎ

To understand the impact of our key hyperparameter, we perform

a sensitivity analysis by training our agent with different values

of the helplessness threshold 𝜃ℎ . The results in Figure 6 show that

performance is robust across a range of values but degrades at the

extremes. If 𝜃ℎ is too low, the agent becomes overly "sensitive,"

intervening too frequently and disrupting the learning of 𝜋RL. If

𝜃ℎ is too high, the agent becomes "stoic," failing to intervene when

needed and succumbing to policy collapse. This demonstrates the

critical role of this parameter in balancing standard learning with

strategic intervention.

Figure 6: Sensitivity analysis for helplessness threshold (𝜃ℎ).

6.4 Generalization to Novel Traps
Figure 7 presents the quantitative results of the zero-shot general-

ization performance of the trained agents in the novel trap environ-

ments. The results strongly support our hypothesis. The AC-DQN

agent, despite never having encountered these specific mechanics,

successfully generalizes its resilience strategy, achieving a high

success rate in both the Sticky Trap and the Teleporter Trap. In

contrast, the DQN and DQN+ICM baselines, which failed to solve

the original task, are completely unable to cope with the novel traps,

achieving 0% success. This demonstrates that the Agency Circuit

is not merely overfitting to a specific negative reward signal but is

learning a robust, compositional skill: it can identify a general state

of helplessness and apply its restorative policy, regardless of the

specific cause of that helplessness.

Figure 7: Zero-shot generalization to novel, unseen traps.
This bar chart compares the final success rate of all agents
across the three environments. TheAgencyCircuit (AC-DQN)
maintains high performance, while baselines fail in all con-
ditions. Success rates are averaged over 10 independent runs.

To provide qualitative evidence, Figure 8 visualizes the AC-DQN

agent’s trajectories in both environments. These paths show that the

agent successfully executes the same fundamental "enter, struggle,

escape" behavior in the unseen traps, confirming that it has learned

a general, reusable resilience strategy.

Figure 8: Qualitative generalization on unseen traps. This
figure visualizes the successful escape trajectories of the AC-
DQN agent. (a) the ‘Sticky Trap’ and (b) the ‘Teleporter Trap’.
The trajectories shown are from a single, representative run
for each condition.
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7 DISCUSSION
Our results demonstrate that the Agency Circuit provides a ro-

bust solution to policy collapse in environments designed to induce

learned helplessness. The quantitative success of the Agency Circuit,

evidenced by its high success rate and low escape latency compared

to failing baselines (Figure 3), validates our core hypothesis. More

importantly, the analysis of the model’s internal dynamics (Figure 5)

confirms that this success is achieved through the intended mech-

anism: an explicit detection of, and targeted intervention against,

a state of learned futility. This approach moves beyond generic

exploration strategies and offers a principled method for restoring

agentic behavior.

The implications of this work extend into several key areas

of AI research. First, the Agency Circuit is a step toward more

interpretable and explainable RL. The activation of the Control

Exertion Module is not an opaque decision from a deep network

but a discrete, symbolic event triggered by an observable internal

state (ℎ𝑡 ). This provides a clear answer to the question of why an

agent might take a seemingly suboptimal "micro-action" as it is

actively working to restore its own sense of control. This aligns

with the growing need for transparent AI systems, especially in

safety-critical applications.

Second, our findings support the value of psychologically grounded

AI. By modeling a well-documented neural mechanism for re-

silience in mammals, we have created an agent that is not only

more robust but also fails in a more understandable way. This sug-

gests that building sophisticated internal state models, reflecting

concepts like agency, frustration, or helplessness, is a promising

direction for creating agents that can better handle the complexities

and setbacks of the real world. The strong zero-shot generalization

performance (Figures 7 and 8) further suggests that this resilience

mechanism is a robust and reusable skill, not just a solution tailored

to a single problem.

Furthermore, it is insightful to consider why the CEM’s interven-

tion is effective. The success of the "micro-action" does not depend

on it being an optimal or task-relevant move. Rather, its purpose is

to re-establish the agent’s belief in contingency—the fundamental

link between action and outcome. This mirrors the psychological

principle that overcoming helplessness is less about finding the

"right" solution and more about re-learning that solutions are pos-

sible at all. While our model is a high-level functional abstraction

of the underlying neuroscience, this principle suggests a rich fu-

ture direction for creating more bioplausible agents that actively

manage their own cognitive states.

Lastly, the Symbolic Reasoner relies on classical (bool) logic,

using crisp predicates (e.g., ℎ𝑡 > 𝜃 ) to maximize verifiability. This

design choice was deliberate to support interpretability: the CEM

triggers because a condition is definitively satisfied. However, ex-

tending the reasoner to a non-classical framework (e.g., fuzzy logic)

is a compelling direction with clear trade-offs. A fuzzy formula-

tion could enable proportional interventions, potentially improving

robustness in highly stochastic or ambiguous environments and

smoothing policy behavior. But the cost is reduced explainability:

rather than a binary statement (“it acted because IsHelpless is

true”), introspection becomes graded (“it acted with magnitude 𝛼

because helplessness membership was 𝜇”), which may be harder to

audit. We believe Boolean logic is appropriate for validating the core

mechanism with maximal clarity; future work can explore fuzzy

extensions to tune intervention strength once the binary trigger

mechanism is fully established.

8 LIMITATIONS AND FUTUREWORK
Our work presents a promising mechanism for agent resilience, but

key limitations provide clear avenues for future research. A primary

limitation is the reliance on a pre-defined micro-action set, Amicro,

which introduces a degree of domain knowledge into the system.

Future work could focus on enabling the agent to autonomously

discover this set, perhaps by learning a meta-policy to select actions

that most effectively restore agency or by identifying actions that

are inherently controllable.

Scalability Considerations. Our current demonstration uses

a low-dimensional gridworld. Scaling the Agency Circuit to pixel-

based domains (e.g., Atari) mainly requires modifying the Helpless-
ness Estimator : replace the one-hot state input with a visual encoder
(e.g., CNN) whose features feed the recurrent module (GRU) to com-

pute the history-dependent helplessness signal ℎ𝑡 ; the base policy

can share the same encoder.

We expect the modular design to transfer because (i) the es-

timator is trained self-supervised to predict discounted negative

return 𝐺−𝑡 , a signal available in any RL setting, and (ii) the Sym-

bolic Reasoner and CEM operate only on the scalar ℎ𝑡 and simple

Boolean predicates (e.g., IsHelpless, RecentlyIntervened), re-

maining decoupled from raw observations. Our zero-shot results

(Figure 7) further suggest the mechanism learns a reusable failure-

detection/recovery loop rather than gridworld-specific heuristics.

Practical challenges include: (1) gradient interference between
the estimator loss and a shared encoder, (2) long-horizon recur-
rence stability (vanishing/exploding gradients), (3) hyperparame-
ter sensitivity (e.g., horizon𝐻 , loss weights, thresholds), (4)micro-
action design in large action spaces, and (5) compute cost from
additional recurrent components.

9 CONCLUSION
In this paper, we addressed the critical problem of policy collapse

in Reinforcement Learning by framing it as a computational ana-

logue of learned helplessness. We introduced the Agency Circuit,
a novel neuro-symbolic architecture inspired by the mammalian

brain’s resilience circuitry. By integrating a neural state assessor

with a symbolic reasoner and a Control Exertion Module, our model

successfully detects its own internal state of learned futility and

executes targeted interventions to restore its capacity for action.

Our experiments demonstrated that this mechanism allows the

agent to achieve a high degree of success and efficiently escape

deceptive traps where standard and curiosity-driven methods fail

completely. Beyond the performance gains, the Agency Circuit en-

hances agent introspectability by providing a clear, interpretable

window into its meta-level decision-making process. This work

represents a promising step toward building more robust, explain-

able, and psychologically-grounded agents. By equipping themwith

an explicit mechanism for resilience, we move closer to creating

autonomous systems that do not just learn what to do, but also

possess the intrinsic drive to persevere when learning gets hard.
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