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Model Architecture

Early Commitment and Collapsing Boundaries Emerged in Heterogeneous Evidence Environment

• In naturalistic environments, evidence streams are usually 
heterogeneous 

• Agent might be resource-rational when sampling incurs cost

Sequential Probability Ratio Test

Wald (1945) formulated sequential sampling as a hypothesis testing 
problem, where the objective function is to minimize the samples 
taken when subject to a certain false rate  and .α β
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At each time step, the agent accumulate evidence based on the 
log-likelihood as ratio

The decision is made until  reaches the decision thresholdℓn

In this work, we trained RNNs to investigate stopping strategies when 
sampling heterogeneous evidence.

	•	Hidden target (A or B) randomly selected per trial, determining the sampling frequency of the stimuli. 
	•	Agent receives one stimulus at a time sequentially from the given Gaussian distribution (heterogeneous evidence). 
	•	Task for the agent: deciding to choose A/B or continue sampling (cost c) at each time.

To study the stopping rule in heterogeneous environment, we tested two 
environmental factors: 

• Sampling cost (5 levels): 0.01, 0.02, 0.03, 0.04, 0.05  
• Time constraints (2 levels): No time constraint / time constraint at time step 10

The model consists of GRU cell with 64 hidden units, a policy head and a value head. 

The models were trained on-policy using an advantage actor-critic (A2C) algorithm:

J(θ, ϕ) = 𝔼t [log πθ(a |st)At + βv (Rt − Vϕ(st))
2

+ βe ℋ(π( ⋅ |st))]
where  is the decision policy,  is the current state given the observations seen so far at step ,  are the possible 
actions,  is the advantage function between the actual reward  and the reward expectation . 

πθ st t a
At = Rt − Vϕ(st) Rt Vϕ(st)

• The policy (actor) term encourages the network to take actions to maximize returns.  
• The value term (critic) trains the network to predict the amount of return.  
• The entropy term encourages exploration behavior to prevent the network from being trapped in local minima. 

No Time Constraint Under Time Constraint

Normative Analysis

V*(b, t) = max R0(bt, ⊥ )
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, −c + 𝔼x∣b [V(b′￼(x))]
Sample Conclusion & Future Work

bt = p(H1 ∣ x1:t) =
p(xt ∣ H1) ⋅ bt−1

p(xt)
=

f1(xt) ⋅ bt−1

f1(xt) ⋅ bt−1 + f0(xt) ⋅ (1 − bt−1)

We formalized the sequential sampling problem under the resource-rational framework as a 
Meta-level Markov Decision Process (Meta-MDP) that optimizes decision quality under sampling 
and urgency costs.
At each step, the agent maintains a belief  over two hypotheses . When agent 
receive a new sample, it update the posterior through:

bt = P(H1 |x1:t) H0, H1

To derive the optimal policy, the bellman optimality is used to calculate the value of each action:

Where we assume that the value of sampling is given by iterating over every possible belief in 
the next time step t+1:

𝔼x∣b [Vt+Δt (b′￼t+Δt(x))] = ∫
∞

−∞
Vt+Δt (b′￼t+Δt(x)) f (x ∣ b) dx

To capture the urgency cost induced by time constraints, we introduce an extra urgency 
coefficient  increasing over time:α ctotal = csample + αt
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Our normative analysis reproduces the decision threshold pattern shown in environment 1 and 2.

- We identified an early commitment as a novel stopping strategy other than the well-known 
collapsing boundary in heterogeneous environment.  
- These two effects are driven by distinct mechanisms, sampling cost and time constraints 
- Further analyses are needed to better interpret the connection between neural network 

behavior, normative analysis and human behavior.
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