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Abstract 

Adverse environments have been proposed to influence 
multiple aspects of cognition, including learning and 
adaptation. However, causal tests of long-term effects of 
adversity on human cognition are extremely difficult. 
Moreover, different types of adversity often co-occur in real 
life, making it challenging to disentangle their individual 
effects. Computational models provide a way to independently 
manipulate specific environmental statistics and examine their 
causal impact on learning. Here, we integrate meta-learning 
with reinforcement learning to investigate the mechanisms by 
which environmental statistics shape learning processes. 
Specifically, we examine how two core environmental 
dimensions of adversity, volatility and controllability, shape 
trajectories of learning rates in deep neural networks. We find 
that both high volatility and low controllability reduce the 
maximum learning rate, but only controllability affects the 
initial slope of learning, leading to a flattening of early learning 
dynamics. Notably, deeper layers of the model are more 
strongly influenced by environmental factors than earlier 
layers, leading to reduced hierarchical differentiation in 
learning rates under conditions of high volatility and low 
controllability. These results suggest that a meta–
reinforcement learning framework may provide a simplified 
yet useful approach for gaining mechanistic insight into how 
distinct types of adverse environments affect learning.  

Keywords: meta-learning, reinforcement learning; 
learning rate; adversity; volatility; controllability.  

Introduction 

Early-life adversity is one of the strongest predictors of 

well-being across the lifespan (Draper & Yousafzai, 2024). 

Exposure to adversity has been associated with a range of 

learning strategies and outcomes, including risk-taking 

(Courson et al., 2025) and explore–exploit tradeoffs 

(Humphreys, et al., 2015; Lloyd et al., 2022; Xu et al., 2023). 

These differences in learning, in turn, contribute to long-term 

educational and economic disparities (Rakesh et al., 2025). 

However, much of this work is correlational, as it is not 

possible to causally manipulate specific aspects of children’s 

early environments. Moreover, although different 

dimensions of childhood adversity show distinct associations 

with outcomes (Sheridan et al., 2017), multiple forms of 

adversity often co-occur in real life, making it difficult to 
disentangle their individual effects and timing in a clean way. 

Two environmental statistics that have been particularly 

well-studied in the context of adversity are controllability and 

volatility (Piray & Daw, 2020, Nussenbaum & Hartley, 

2024). Broadly, controllability is low in environments where 

stressful events occur frequently and individual actions do 

not reliably change outcomes (Ligneul, 2021). In contrast, 

volatility is high in environments where the statistical 

structure of the world changes unpredictably. In a parenting 

context, for example, low controllability corresponds to 

situations in which a child’s actions rarely influence parental 

responses, whereas high volatility corresponds to situations 

in which parental responses vary unpredictably across similar 

contexts. Although the ability to accurately assess 

environmental controllability improves over development, 

controllability already shapes learning in childhood, with 

children using it to guide exploration and behavior (Raab et 

al., 2022). 

Computational modeling of human behavior offers an 

opportunity to manipulate the learning environment and 

causally test its impacts on learning (Collins et al., 2022). 

Models also provide an opportunity to develop specific 

mechanistic accounts of these behavioral effects. Previous 

computational work suggests that controllability and 

volatility differentially modulate the speed of learning, often 

referred to as the learning rate (Frankenhuis & Gopnik, 

2023). Adults increase their learning rates in environments 

with high volatility (Nassar et al., 2010; McGuire et al., 

2014), but decrease their learning rates in environments with 

low controllability (Dorfman & Gershman, 2019; Csifcsák et 

al., 2019).  

Another approach to causally examine the effects of 

environment is through computational simulations using 

deep neural networks. Although such simulations necessarily 

rely on simplified abstractions, they provide a powerful way 

to study long-term environmental effects on learning 

systems—for example, how learning rates evolve over 

extended experience, which is not feasible in experimental 

studies of human behavior. Furthermore, by studying the 

effects of the environment on distinct components of the 

model, we can gain insights into how environmental factors 

differentially influence different parts of a learning system. 

Previous work suggests that deep feedforward neural 

network can offer a rough correspondence between model 

layers and brain regions, with earlier layers mapping onto 

primary sensory areas and deeper layers corresponding to 

higher-order regions across cortical hierarchies (Yamins & 

DiCarlo, 2016). Recent studies have further shown that deep 

neural network simulations using meta-learning can produce 

a cascading pattern of learning-rate development across 
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layers, in which earlier layers plateau sooner than later layers 

in image classification tasks (Zhou & Schapiro, 2025). This 

pattern is consistent with findings in the human brain, where 

sensory cortices mature earlier than higher-order association 

regions (Sydnor et al., 2023), further supporting the 

correspondence between model layers and cortical 

hierarchies. Because environmental effects unfold through 

continuous interaction with the environment, we adopt a 

meta–reinforcement learning framework in which agents act, 

receive feedback, and adapt their learning processes over 

time (Nussenbaum & Hartley, 2024).  

In this study, we present a proof of concept using the meta-

reinforcement learning framework to investigate how 

volatility and controllability influence both overall 

performance (reward accumulation) and learning dynamics 

(learning rates) across different layers. This approach 

provides a simplified yet potentially useful framework for 

exploring how distinct environmental structures may shape 

learning dynamics across different components of a learning 

system. 

Methods 

Model 

We employed a meta-reinforcement learning (meta-RL) 

model based on Advantage Actor–Critic (A2C) augmented 

with Meta-Stochastic Gradient Descent (Meta-SGD), 

implemented using the Learn2Learn library (Arnold et al., 

2020). The agent learned a policy 𝜋𝜃(𝑎 ∣ 𝑠) that maps visual 

observations of the environment 𝑠  to discrete actions 𝑎 , 

where 𝜃 denotes the policy parameters optimized via meta-

learning. Observations consisted solely of the RGB image 

representation of Minigrid environment (Chevalier-Boisvert 

et al., 2018). The original observation was flattened into a 

vector 𝑠 ∈  𝑅𝑑 .  

 To parameterize the policy, we defined an Actor network 

as a feedforward neural network with two hidden layers of 

100 units each and ReLU nonlinearities,  followed by a linear 

output layer with 4 units corresponding to the four available 

actions (move up, down, left, and right; Figure 1A). The 

weights of the network layers are denoted as w1, w2, and wO, 

corresponding to the first hidden layer, the second hidden 

layer, and the output layer, respectively. The policy defines a 

categorical distribution: 

𝜋𝜃(𝑎|𝑠) =  𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓𝜃(𝑠))) 
where 𝑓𝜃(⋅) denotes the neural network mapping from state 

to action logits. Actions were sampled stochastically from 

this distribution during training. 

 In addition to the Actor, a Critic network was used to 

estimate the value of each state. The critic consisted of a 

single linear layer mapping the state representation directly 

to a scalar output representing the state-value function 𝑉𝜙(𝑠). 

Value Function and Advantage Estimation 

A linear value function 𝑉𝜙(𝑠)  was used as a baseline to 

reduce variance in policy gradient estimation. Advantages 

were computed using generalized advantage estimation 

(GAE): 

𝐴̂𝑡 = ∑(𝛾𝜏)𝑙𝛿𝑡+𝑙 , 𝛿𝑡

∞

𝑙=0

= 𝑟𝑡 + 𝛾𝑉𝜙(𝑠𝑡+1) − 𝑉𝜙(𝑠𝑡), 

with discount factor 𝛾 = 0.99 and trace decay parameter 

𝜏 = 0.95. The A2C policy loss for a trajectory was defined 

as: 

𝐿𝑝𝑜𝑙𝑖𝑐𝑦 = −𝐸𝑡[𝑙𝑜𝑔 𝜋𝜃(𝑎𝑡 ∣ 𝑠𝑡)𝐴̂𝑡]. 

Meta-learning with Meta-SGD 

Meta-learning optimizes a set of meta-parameters consisting 

of (i) a shared initialization of the Actor parameters, denoted 

by 𝜃, and (ii) a vector of parameter-specific learning rates 𝛼, 

defined for all Actor parameters, including weights, biases, 

and 𝜎. For each task 𝑇𝑖, fast adaptation (the inner loop) starts 

from the shared initialization 𝜃 and produces task-specific 

Figure 1. Model architecture and task modulation. (A) Structure 

of the meta–reinforcement learning model. We used two task contexts: 

Open and Obstacle environments. (B) Schematic of  controllability and 

volatility: C indicates controllability, and V indicates volatility. 
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adapted parameters 𝜃𝑖
′by performing a gradient-based update 

on task-specific training trajectories: 

𝜃𝑖
′ = 𝜃 − 𝛼 ⊙ ∇𝜃ℒ𝒯𝑖

(𝜃), 

where ⊙denotes element-wise multiplication and ℒ𝑇𝑖
is the 

loss function for task 𝑇𝑖. The adapted parameters 𝜃𝑖
′are used 

only within task 𝑇𝑖and are not shared across tasks. 

 In the outer loop, the meta-parameters 𝜃and 𝛼are updated 

using gradients computed from post-adaptation validation 

trajectories, evaluated with the adapted parameters 𝜃𝑖
′ across 

a batch of tasks. Importantly, the outer loop does not directly 

update 𝜃𝑖
′; instead, it updates the shared initialization 𝜃and 

the learning rates 𝛼 so as to improve the effectiveness of 

future inner-loop adaptations. 

 The Critic network is trained using standard A2C updates 

with a fixed learning rate, ensuring that meta-learning is 

restricted to the Actor. This design allows the meta-learned 

learning rates 𝛼 to be interpreted as a proxy for plasticity in 

the Actor’s perceptual and action-selection processes. 

Task Paradigm 

Agents were trained and evaluated in two types of Minigrid 

environments (Figure 1A). In the open environment (Open 

Env), the grid world contained no obstacles and rewards were 

sparse. The agent’s objective was to navigate to a goal, 

receiving a reward of +1 upon success and zero otherwise. 

Episodes terminated upon reaching the goal or exceeding a 

maximum step limit proportional to the grid size 5×5. The 

agent's starting position changes in each trial. In the obstacle 

environment (Obstacle Env), static internal walls were added, 

requiring the agent to navigate around obstacles to reach the 

goal. For each experimental condition, the meta-learner was 

trained only on task instances sampled from a single 

environment type (Open Env or Obstacle Env). Within each 

type, task instances varied in layout (e.g., start positions or 

obstacle configurations) but shared the same observation 

format and discrete action space, allowing a single policy 

architecture to be used across tasks. Each meta-training 

iteration consisted of an inner-loop adaptation phase on a 

sampled task instance, followed by an outer-loop update 

based on the adapted policy’s performance on validation 

trajectories from that same task instance. 

Task Modulation: Volatility and Controllability 

To model environmental dimensions associated with 

adversity, we parametrically manipulated volatility and 

controllability within the environments (Figure 1B). 

Volatility. Volatility governed the stability of the goal 

location over time. At each time step, with probability 𝑣, the 

goal was removed and re-placed at a random valid location 

on the grid: 

Pr (goal relocation at 𝑡) = 𝑣, 
where 𝑣 ∈ [0,1] denotes volatility. High volatility produces 

unstable contingencies, as the correct goal can change 

unpredictably even within an episode, whereas low volatility 

yields a relatively stable goal location across time. 

Controllability. Controllability determined the degree to 

which the agent’s intended action influenced the executed 

action. On each time step, the executed action 𝑎̃𝑡followed: 

𝑎̃𝑡 = {
𝑎𝑡 , with probability 𝑐

Uniform(𝒜), with probability 1 − 𝑐
 

where 𝑐 ∈ [0,1]  denotes controllability. When 𝑐 = 1 , the 

environment was fully controllable; when 𝑐 = 0 , actions 

were entirely random and independent of the agent’s choice. 

 

Statistical Analysis 

For the learning rate, we averaged across all nodes within 

each layer to obtain a layer-wise estimate. We ran the model 

with five different random seeds (i.e., different initializations 

of the random number generator) and calculated the mean and 

standard deviation across seeds for visualization. For each 

variable of interest, we performed an ANOVA on the seed-

level values across conditions, in addition to post-hoc Tukey 

tests for pairwise comparisons.  

We examined reward accumulation trajectories and the 

maximum reward the model can achieve as measures of 

learning performance. The reward accumulation trajectory 

refers to the time course of cumulative reward obtained by 

the agent across training or interaction steps. At each time 

point, it reflects the total reward collected up to that step, 

providing a dynamic measure of how efficiently the agent 

learns and improves its performance across different task 

conditions. To better understand learning dynamics, we also 

analyzed the maximum learning rate as well as the initial 

slope of the learning curve. The initial slope was defined as 

the slope of the value over the first 50 iterations. This metric 

captures the early speed of learning and complements the 

maximum performance achieved over time. 

Results 

Effects of Volatility and Controllability on Reward 

Accumulation 

First, as a measure of learning performance, we examined 

how reward accumulation trajectories and the maximum 

reward attainable by the model varied across task paradigms 

and environmental conditions. In the Open environment, 

increasing volatility led to monotonic decreases of the 

maximum reward attainable (Figure 2A; ANOVA p < 0.001). 

Decreasing controllability also produced a graded reduction 

in the maximum reward, with a stronger effect than that of 

volatility (Figure 2B; ANOVA p < 0.001). This hierarchical 

decline in maximum reward was consistent across different 

combinations of volatility and controllability (Figure 2C). 

Similarly, in the Obstacle environment, both increasing 

volatility and decreasing controllability resulted in graded 

reductions in maximum reward (Figure 2D,E; ANOVAs p < 

0.001). Overall, the maximum reward attainable in the 

Obstacle environment was lower than in the open 

environment (Figure 2F). 
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Attenuation of Layer-wise Hierarchical Differences 

under Higher Volatility or Low Controllability 

Next, we investigated how volatility and controllability 

affect the layer-wise learning rates in the Actor network. 

Previous work in supervised learning models trained on 

image classification tasks has shown that learning rates in 

earlier layers tend to plateau earlier and at lower values than 

those in later layers (Zhou & Schapiro., 2025). Our meta–

reinforcement learning models replicated this hierarchical 

pattern under stable conditions (controllability = 1, volatility 

= 0), learning rates in earlier layers plateaued earlier and 

reached lower asymptotic values, whereas learning rates in 

higher layers continued to increase and converged to higher 

levels (Figure 3A, controllability =1, volatility = 0, layer-

wise ANOVA p < 0.001). 

We next examined whether environmental modulation 

altered this hierarchical organization by computing the 

standard deviation across layers for the maximum learning 

rate. Compared with the zero-volatility condition, increasing 

volatility produced a graded reduction in layer-wise 

differences of maximum learning rate (Figure 3B; 

controllability = 1, volatility = 1; layer-wise ANOVA, P = 

0.021). A similar but more pronounced effect was observed 

with reduced controllability, which led to a stronger reduction 

in layer-wise differences in maximum learning rate (Figure 
3C; controllability = 0, volatility = 0; layer-wise ANOVA, P 

= 0.853). We calculated the standard deviation across layers 

for all combinations of volatility and controllability and 

found that layer-wise differences in maximum learning rates 

decreased progressively as volatility increased or 

controllability decreased (Figure 3D). Overall, these findings 

suggest that highly volatile or poorly controllable 

environments reduce the differentiation of learning rates 

across layers. 

 

Figure 3. Layer-wise differences across different 

environmental conditions. (A–C) Developmental trajectories and 

peak learning rates of weights across layers under (A) stable 

conditions (controllability = 1, volatility = 0), (B) highly volatile 

conditions (controllability = 1, volatility = 1), and (C) low-

controllability conditions (controllability = 0, volatility = 0). (D) 

Layer-wise standard deviation of maximum learning rate. 

Figure 2. Reward accumulation trajectories across varying levels of task complexity and environmental conditions. (A, B) Reward 

accumulation trajectories in the Open environment under varying levels of (A) volatility and (B) controllability. (C) Maximum reward attained 

by the model for each combination of volatility and controllability in the open environment. (D, E) Reward accumulation trajectories in the 

Obstacle environment under varying levels of (D) volatility and (E) controllability. (F) Maximum reward attained by the model for each 

combination of volatility and controllability in the obstacle environment. 
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Greater Impact of Volatility and Controllability on Later 

Layers 

Next, we investigated how volatility and controllability 

differentially affect learning rates across layers. We found 

that increasing volatility reduced the maximum learning rate 

in the later layers (𝑤2 and 𝑤𝑂), but not in the first layer (𝑤1) 

(Figure 4A–C; ANOVA, P = 0.229, 0.033, and 0.018, 

respectively). Volatility did not affect the initial slope in any 

layer (Figure 4A–C; ANOVA, P = 0.589, 0.496 and 0.478, 

respectively). In contrast, reduced controllability 

substantially decreased the maximum learning rate across all 

layers and flattened the initial slope throughout the network 

(Figure 4E–G; all ANOVAs, P < 0.001). 

To test which layers were most susceptible to 

environmental modulation, we compared the effects of 

volatility and controllability on initial slope and maximum 

learning rate across layers. For both volatility and 

controllability, the initial slope and the maximum learning 

rate were more strongly affected in later layers than in earlier 

layers (Figure 4D, volatility: initial slope P = 0.007, 

maximum learning rate P = 0.002; Figure 4H, controllability: 

initial slope P < 0.001, maximum learning rate P < 0.001). 

Together, these results indicate that later layers are more 

sensitive to environmental modulation, both volatility and 

controllability, than earlier layers. 

Discussion 

In this study, we employed a meta–reinforcement learning 

framework to investigate how environmental volatility and 

controllability shape the trajectories of learning rates. Our 

results show that, in both simple open environments and more 

complex obstacle environments, higher volatility and lower 

controllability reduce the maximum attainable reward, which 

aligns with generally worse learning outcomes observed in 

adverse environments in humans (Rakesh et al., 2024). By 

examining the trajectories of meta-learning rates, we further 

found that both high volatility and low controllability reduce 

the maximum learning rate; however, only controllability 

affects the initial slope of learning, leading to a flattening of 

early learning dynamics. Notably, later model layers were 

more strongly influenced by both volatility and 

controllability than earlier layers, and the layer-wise 

Figure 4. Learning-rate dynamics of linear layers across different environmental conditions. (A–C, E–G) Learning-rate trajectories 

and initial slope for the weights of hidden layers 1 (w1; A, E), 2 (w2; B, F), and the output layer (wO; C, G) in the obstacle environment 

under different levels of (A–C) volatility and (E–G) controllability. (D, H) Standard deviation across conditions for each layer in initial 

slope (Slope) and maximum learning rate (Max LR) under varying (D) volatility (H) and controllability. 
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hierarchy of maximum learning rate was attenuated under 

highly volatile or poorly controllable conditions. 

The reduced learning rate in low-controllability 

environments is consistent with previous computational work 

(Dorfman & Gershman, 2019; Csifcsák et al., 2019). 

However, the learning rate was also slightly but significantly 

reduced in high-volatility environments (Nassar et al., 2020; 

McGuire et al., 2014), which appears to contradict previous 

findings. A key difference between controllability and 

volatility is that controllability reduces the learning rate from 

the very beginning of learning (i.e., a lower initial slope), 

even before performance reaches a plateau, whereas volatility 

primarily affects the learning rate after performance has 

stabilized. Most previous studies have examined learning 

rates during the early, active learning phase, prior to 

plateauing. Therefore, the discrepancy between previous and 

current findings may be explained by differences in the phase 

of training being analyzed. Another possible confound is that 

reward accumulation and learning rate changes are closely 

aligned across volatility and controllability conditions, 

making it unclear whether the observed effects on learning 

rate are independent or simply reflect differences in reward 

accumulation dynamics. This issue could be addressed in 

future work by aligning reward accumulation trajectories 

across conditions and testing whether learning-rate 

differences persist. Alternatively, a train–test paradigm could 

be used, in which the effects of environmental perturbations 

are evaluated based on performance in a test environment that 

is independent of the training environment. 

Increases in volatility and reductions in controllability had 

stronger effects on the later layers of the model. Drawing a 

loose analogy between earlier versus later layers and more 

sensory versus higher-order association systems, this pattern 

is broadly consistent with the idea that higher-order regions, 

often characterized by more prolonged plasticity, may be 

particularly sensitive to environmental perturbations (Sydnor 

et al., 2023). The observed attenuation of layer-wise 

hierarchical organization may also provide a mechanistic 

explanation for empirical links between adversity and 

reduced regional specialization (Vedechkina et al., 2024). 

However, any mapping between model layers and cortical 

hierarchy remains approximate. Additional evidence, such as 

systematic shifts in representations across layers (e.g., from 

more concrete to more abstract features, or from sensory-

related to action-related information), would be needed to 

better support this correspondence. Furthermore, because 

volatility and controllability were held constant throughout 

training, the present results most closely reflect chronic 

environmental exposure. It is possible that temporally 

specific environmental modulation could produce different 

outcomes. For example, early exposure may affect earlier 

layers more strongly (Tooley et al., 2025).  

Several limitations should be noted. First, the study relies 

solely on meta-learned learning rate as a measure of learning 

paradigm, which captures only one aspect of adaptive 

change. Future work could strengthen this framework by 

incorporating representation-level metrics, such as changes 

in internal feature structure or geometry, to provide a more 

comprehensive account of learning dynamics. Second, the 

correspondence between model layers and specific brain 

regions is necessarily approximate. Future work could 

incorporate more biologically realistic components, such as 

recurrent networks with both feedforward and feedback 

connectivity (Spoerer et al., 2017). Third, we only considered 

volatility and controllability as proxies for environmental 

adversity. Real-world adversity involves additional 

dimensions, such as threat and deprivation (McLaughlin et 

al., 2014; Humphreys & Zeanah, 2015). Previous studies 

have also reported that overall reward rate or the prevalence 

of positive versus negative rewards can influence learning 

rates in computational models, providing another potential 

proxy for adversity (Nussenbaum & Hartley, 2024). 

Expanding the framework to include a broader range of 

environmental variables could enhance its ecological 

validity.  

Overall, our results show the potential of a computational 

framework to disentangle the distinctive effects of different 

dimensions of adversity, which often co-occur and are 

difficult to separate in empirical data. Our approach also 

allows us to examine how different environmental stressors 

can have distinct effects on learning dynamics, including 

their variation across layers of the model. While any 

correspondence between model layers and brain systems 

remains tentative, the observed pattern is broadly consistent 

with empirical hypotheses that higher-order association 

regions may be particularly sensitive to environmental 

perturbations. In summary, our findings suggest that a meta–

reinforcement learning paradigm may provide a simplified 

yet potentially useful framework for modeling how 

environmental factors influence the learning dynamics across 

different components of a learning system.  
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