Think Fast and Slow: Step-Level Cognitive Depth Adaptation for LLM Agents
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Abstract

Large language models (LLMs) are increasingly
deployed as autonomous agents for multi-turn
decision-making tasks. However, current agents
typically rely on fixed cognitive patterns: non-
thinking models generate immediate responses,
while thinking models engage in deep reason-
ing uniformly. This rigidity is inefficient for
long-horizon tasks, where cognitive demands vary
significantly from step to step, with some re-
quiring strategic planning and others only rou-
tine execution. In this paper, we introduce
COGROUTER, a framework that trains agents
to dynamically adapt cognitive depth at each
step. Grounded in ACT-R theory, we design
four hierarchical cognitive levels ranging from
instinctive responses to strategic planning. Our
two-stage training approach includes Cognition-
aware Supervised Fine-tuning (COSFT) to in-
still stable level-specific patterns, and Cognition-
aware Policy Optimization (COPO) for step-
level credit assignment via confidence-aware ad-
vantage reweighting. The key insight is that ap-
propriate cognitive depth should maximize the
confidence of the resulting action. Experiments
on ALFWorld and ScienceWorld demonstrate
that COGROUTER achieves state-of-the-art per-
formance with superior efficiency.

1. Introduction

Recent advances in large language models (LLMs) (OpenAl,
2023} |Gemini Team, 2023) have enabled their deployment
as autonomous agents capable of planning and executing
complex multi-turn tasks across domains, including code
generation (Yuan et al.| |2024; [Lu et al.| 2025)), software en-
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Figure 1. Illustration of the cognitive rigidity issue: While COPO
maintains an adaptive cognitive distribution (bottom), standard
RL methods like GRPO (top) collapse to uniform deep thinking
(L4), wasting computational resources on routine steps. £1—L4
represent increasing cognitive depth, from instinctive responses to
strategic planning.

gineering (Jimenez et al.|[2024), web interaction (Yao et al.|
2023a)), and embodied environments (Yang et al.| [2025b).
In these settings, agents must continuously perceive obser-
vations, reason about actions, and execute decisions over
long horizons. Unlike single-turn tasks where a fixed think-
ing strategy may suffice, agentic environments are highly
dynamic and impose varying cognitive demands at each
step within a task.

Consider the “use thermometer” task in Science-
World (Wang et al.|[2022), where the agent must first locate
the thermometer and then measure the temperature of an un-
known substance. In the initial exploration phase, the agent
must plan strategically, deciding which rooms to search
and in what order to efficiently locate the required objects.
When encountering unexpected situations, such as searching
the workshop but finding no thermometer, the agent needs
to reflect on the failed search and revise its exploration
plan. In contrast, many mid-trajectory steps are routine.
After executing “open door to bathroom” and observing
that the door opens, the natural next action is simply “go to
bathroom” without extended thinking. This illustrates that
agentic tasks exhibit significant step-wise heterogeneity
in thinking demands, ranging from instinctive reactions to
strategic planning.

However, most agents rely on fixed cognitive patterns.
Non-thinking models produce reflexive actions at every step,
while thinking models (e.g., DeepSeek-R1 (DeepSeek-Al
et al.,|2025a))) engage in deep chain-of-thought reasoning
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throughout the entire trajectory. This rigidity creates a crit-
ical inefficiency: thinking models consume excessive to-
kens on routine steps where simple responses suffice, while
non-thinking models fail on complex decisions requiring
strategic planning. A natural solution is to train agents that
adaptively allocate cognitive resources. However, as shown
in Figure[I] even when initialized with balanced cognitive
capabilities, standard reinforcement learning (RL) methods
tend to collapse toward uniform deep thinking. While re-
cent work has explored adaptive thinking for single-turn
tasks (Lou et al.l 2025; Zhang et al., 2025al), these methods
typically employ task-level adaptation with binary switch-
ing, failing to capture the step-wise, multi-level cognitive
demands within agentic tasks.

This raises a central challenge: How can we train agents
to adaptively allocate cognitive depth across multiple lev-
els at each step, balancing both task performance and
computational efficiency? To address this, we introduce
COGROUTER, a framework grounded in the Adaptive Con-
trol of Thought-Rational (ACT-R) theory (Anderson, |1982),
which posits that humans dynamically allocate cognitive
resources from automatic procedural execution to deliberate
reasoning. COGROUTER trains agents to modulate their
cognitive depth across four hierarchical levels: from in-
stinctive responses (L£1) to strategic planning (Ly4).

Training such adaptive allocation is non-trivial due to the
sparsity of rewards in agentic environments. We propose
a two-stage approach: Cognition-aware Supervised Fine-
tuning (COSFT) to instill stable, level-specific cognitive
patterns, followed by Cognition-aware Policy Optimiza-
tion (COPO). CoPO is a novel RL algorithm that enables
step-level credit assignment via confidence-aware advan-
tage reweighting. The core insight is that an appropriate
cognitive depth should facilitate confident action prediction.

We evaluate COGROUTER on two challenging interactive
benchmarks, ALFWorld (Shridhar et al.,[2020) and Science-
World (Wang et al.l 2022). Experimental results demon-
strate that COGROUTER achieves state-of-the-art perfor-
mance with superior token efficiency. Using Qwen2.5-7B
as the base model, our approach achieves an 82.3% average
success rate, significantly outperforming GPT-40 (+40.3%),
OpenAl-03 (+18.3%), and GRPO (+14.0%), while reducing
token consumption by 62% compared to GRPO.

In summary, our contributions are three-fold:

1. We identify and formalize the “cognitive rigidity” issue
in LLM agents, illustrating how fixed reasoning patterns
lead to inefficiency in long-horizon tasks with heteroge-
neous step-wise demands.

2. We propose COGROUTER, a framework grounded in
ACT-R theory that defines four hierarchical cognitive

levels and utilizes a two-stage training pipeline (COSFT
and CoPO) to enable dynamic cognitive adaptation.

3. We introduce COPO, a novel RL algorithm that performs
step-level credit assignment via confidence-aware advan-
tage reweighting, allowing the model to learn efficient
reasoning without collapsing to uniform deep thinking.

2. Preliminary

Partially Observable Markov Decision Process In
this paper, we model the agentic task as a partially
observable Markov decision process (POMDP) M =
(X,S,A,0,T,R), where X denotes the set of instructions,
S represents the set of environment states, .4 is the action
space, and O is the observation space. The state transition
functionis 7 : S x A — A(S), and the reward function
isR:S x A — R. Ateach time step t, the agent with a
policy 7y receives an observation o; € O, which is corre-
lated with the current state s; € S. The agent maintains an
interaction history 7+ = {x, (09, ag), ..., (0t—1,at-1),0¢}
and samples an action a; ~ 7y (- | 7¢), which induces a state
transition s;41 ~ 7 (- | 7¢,a:). An episode terminates at
step 7', yielding trajectory 7 = {z, (09, ag), - - ., (or,ar)}
and terminal reward R(7). The agent’s objective is to learn
a policy 7y that maximizes the expected terminal reward:

0* = arg mgmx Eq, o (-17) [R(T)].

GRPO for Agentic Tasks Group Relative Policy Opti-
mization (GRPO) (Shao et al.| [2024) is an effective method
for training models without the need for a separate critic
network. In agentic tasks, GRPO operates at the trajec-
tory level. Given a task query x € X, the agent samples
a set of G complete trajectories {T(i)}iGzl using the policy
7g. Each trajectory 7() = {x, (ogf)’a((f)), el (o(jf), a(jf))}
begins with the instruction x, followed by a sequence of
observation-action pairs over 7' time steps. The trajectory-
level reward R; = R(7(")) measures overall task success.
The advantage for each trajectory is computed as

R; —mean ({Ry, Ry, ..., Rg})
Std({Rl,RQ,---aRG}) .

This trajectory-level advantage A(%) is uniformly assigned to
all steps within the trajectory, serving as the learning signal
for policy optimization. The objective function for GRPO is
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3. Methodology

We propose COGROUTER (Figure [2), a framework for
training models to dynamically select the appropriate cog-
nitive level at each step. We first define a set of dis-
tinct cognitive levels, grounded in ACT-R theory (§[3.2).
Building on this design, we introduce a two-stage training
pipeline: /) COSFT, which integrates level-specific cogni-
tive patterns into the model’s base capabilities (§3.3)); and
2) CoPO, which optimizes adaptive cognitive level selec-
tion through reinforcement learning with confidence-aware
advantage reweighting (§3.4).

3.1. Task Formulation

In a standard Partially Observable Markov Decision Pro-
cess (POMDP), the agent generates actions directly from
the interaction history. However, complex agentic tasks
often demand deeper reasoning at specific steps. To ad-
dress this, we introduce N cognitive levels, denoted as
L ={Ly,...,Ln}, where each level L, represents a dis-
tinct depth of reasoning. At each time step ¢, the agent with
policy 7y, first selects a cognitive level I; € L based on
the interaction history: I, ~ my(- | 7¢). Given l;, it gener-
ates an intermediate thinking process: thy ~ mo(- | 7, 1),
and then produces an executable action conditioned on this
reasoning: a; ~ mg(- | 7+, th:). We denote the complete
structured output at step ¢ as y; = [l¢, thy, a¢]. The objective
is to maximize the expected terminal reward:

0" = arg mGaXEZtNTfe('\Tt% thy~mo (- Te,le), [R(7)].-
as~we (+|Te,thye)

This formulation requires the agent to adaptively select an
appropriate cognitive level based on the complexity of the
current state and to generate corresponding reasoning, bal-
ancing depth with efﬁciency

3.2. Cognitive Level Design

Adaptive Control of Thought-Rational (ACT-R) (Ander-
sonl |1982) posits that human cognition operates across a
spectrum from automatic procedural execution to effortful
declarative reasoning, with processing depth inversely re-
lated to cognitive load. Motivated by this framework, we
propose four cognitive levels for agent decision-making

"Note that the reward R(7) depends jointly on the cognitive
level l;, reasoning process th:, and action a., and does not neces-
sarily increase with reasoning depth.

that dynamically balance cognitive depth with computa-
tional efficiency.

Level 1 £, (Instinctive Response): £ represents fully au-
tonomous processing, corresponding to ACT-R’s procedural
stage where compiled production rules execute automati-
cally without working memory engagement (Anderson &
Lebiere, [1998). The agent produces immediate responses
based on learned patterns, with no explicit reasoning struc-
ture. This mode optimizes for speed in routine scenarios.

Level 2 £, (Situational Awareness): Lo introduces moni-
tored execution with basic deliberation. The agent assesses
the Current State and Available Actions before responding.
This level aligns with ACT-R’s goal-directed procedural
processing, where situational information is maintained in
working memory to guide action selection (Taatgen, [2013).

Level 3 L35 (Experience Integration): L3 engages retro-
spective reasoning by incorporating historical information.
Beyond situational assessment, the agent specifies the Goal,
performs Reflection on past actions and outcomes, and inte-
grates experiential insights into decision-making. This cor-
responds to ACT-R’s knowledge compilation stage, where
declarative memories are retrieved and consolidated to re-
fine procedural knowledge (Anderson, |1982).

Level 4 £, (Strategic Planning): £, represents the most
cognitively demanding mode, requiring extensive prospec-
tive simulation. The agent evaluates multiple candidate ac-
tions by mentally simulating their future consequences and
long-term impact. This level mirrors ACT-R’s fully declar-
ative stage, engaging complex problem-solving through
chunk retrieval and strategic evaluation (Anderson, [2007)).

3.3. Cognition-Aware Supervised Fine-tuning

While prior work on controllable reasoning often empha-
sizes the RL stage, we argue that the SFT stage is equally
critical for establishing a solid foundation: /) The model
should first acquire stable cognitive patterns for each cog-
nitive level to prevent format leakage or mode collapse
during subsequent RL training; and 2) Enforcing a balanced
distribution over all cognitive levels during SFT mitigates
the model’s inherent bias toward certain cognitive patterns,
which can otherwise interfere with learning to select levels
based on task complexity.

To implement the output y; = [l;, thy, ;] defined in § 3.1
we introduce a structured format. Each step ¢ includes three
components: /) the cognitive level, enclosed in <level>
tags; 2) the thinking process corresponding to the selected
level, enclosed in <think> tags; 3) the final executable
action, enclosed in <action> tags. Using this structured
format, the training data is constructed by augmenting expert
trajectories with cognitive annotations as follows:
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Figure 2. Overview of the COGROUTER framework. We define four cognitive levels £1-L4, then introduce a two-stage training process:
(1) CoSFT, which guides the model to learn stable cognitive patterns across levels with balanced data; (2) COPO, which applies RL
with confidence-aware reweighting to help the model adaptively choose suitable levels based on context complexity.

1. We collect a dataset of successful trajectories 7* =
{(z,00,0a3,...,0r,a%)}, comprising only observation-
action pairs generated by expert model (i.e., GPT-40).

2. At each step ¢, we randomly sample a cognitive level I;
to ensure balanced coverage across all levels.

3. Given history 7" = {z, (00, ag), ..., (0t—1,a;_1),0t}
and the ground-truth action a;, we prompt the expert
model to complete the thinking process th; at the se-
lected level I; (see Appendix [C|for the detailed prompt).

The objective minimizes the negative log-likelihood over
the resulting balanced dataset Deog = {(77, lt, thy, af ) } o,
which features an approximately uniform distribution across
four cognitive levels:

T

Lcoskr = —Ep,,, Zlog mo (ye | 7) | 5
=0

where 7y is the policy parameterized by 6, and y; =
[l+, thy, af] denotes the structured output. As an ablation, we
also construct an alternative dataset where the expert model
directly selects the cognitive level at each step rather than
random sampling.

3.4. Cognition-Aware Policy Optimization

While group-based RL algorithms (e.g., GRPO) have proven
highly effective for training LLMs on reasoning tasks, they
assign trajectory-level advantages uniformly across all steps,
without distinguishing whether the cognitive pattern at each

step is contextually appropriate. To address this, we propose
Cognition-Aware Policy Optimization (COPO), which
enables step-level credit assignment based on action pre-
diction confidence (Figure [2). The key insight is that an
appropriate cognitive pattern should facilitate confident and
correct action selection. COPO modulates step-level advan-
tages using the model’s prediction confidence, allowing it
to learn which cognitive depth is appropriate for each step.
The algorithm is shown in Algorithm|[I]in Appendix.

Reward Design  Given trajectory 7(*), the trajectory-level
reward RR; consists of two components:

Ri _ R;ask X 1%£Ormat7

where Rk € {0, 1} indicates task success, and RI°™at ¢
{0,1} indicates whether all actions in the trajectory con-
form to the required structured format (i.e., properly us-
ing <level>, <think>, and <action> tags). We set
RE""““ = 0 if any action deviates from this format, impos-
ing a strict penalty to enforce format consistency.

Cognitive Group Construction For each successful tra-
jectory (R; > 0), we expand the training data by construct-
ing a cognitive group at each step. Specifically, using
the current policy 7y, we regenerate the thinking process
under all four cognitive levels while keeping the observa-

tion ogi) and action agi) fixed. This yields the cognitive
group e = {et2 k)} %_,. where each variant is defined as
k) — [l th{"*) 0], corresponding to cognitive level

l;. Importantly, all variants produce the same action a, ),



Step-Level Cognitive Depth Adaptation for LLM Agents

but differ in the thinking process that leads to it. To assess
the suitability of each cognitive level, we evaluate how con-
fidently the model predicts the action when conditioned on
each thinking process:

|“t

Ct(v',,k)

(662 1789, 0 19,01,

where a( ") is the n-th token in the action ag g Higher confi-

dence scores indicate stronger alignment between the think-
ing process and the resulting action.

Confidence-Aware Advantage Reweighting To compare
cognitive levels within each group, we normalize the confi-
dence scores:

ik i
o

(i,k)
Cnorm t (4) ’ (2)
where uﬁi) and a,gi) are the mean and standard deviation

of confidence scores within the cognitive group e( D, We
then apply a temperature-scaled softmax to convert these
normalized scores into relative weights:

(i,k)
ik exp(m Onorm )
9™ = = O
Zj:l exp(m ’ Cnorm,t)

where m is a temperature that controls the sharpness of the
distributio Since Zizl g(Ct(z’k)) = 1 by construction,
these weights redistribute the total advantage across cogni-
tive levels without changing its magnitude. These weights
are used to modulate the step-level advantage:

“

A _ J9(C) - AD, i R >0

K A otherwise

where A() is the trajectory-level advantage (Eq. . For

successful trajectories (R; > 0), this reweighting ampli-

fies advantages for cognitive levels that facilitate confident

action predictions, while attenuating uncertain ones. For

failed trajectories, no cognitive group is constructed, and
the advantage remains at the trajectory level.

CoPO Optimization For successful trajectories (¢ €

Z7), we use the cognitive groups e( " with reweighted ad-

vantages Ag *) for each level from Equation |4} For failed

trajectories (¢« € Z), we retain only the original structured

(4)

output y, ~ with trajectory-level advantage AU The objec-

*We set m = 2 in our experiments.

tive function is

1 1 o
Tewrol0) =E  oox ( 52
{T(”}?:wmoldtlw) G ieZt |€( )| t=0 k=1
et
Z min (rt . )A(l k),fynk A(Z k))
n=1
1 I v 4 4
-5 S S (20 )|
icT— |y | t=0 n=1
-3 ]D)KL[T‘—OHT‘—ref]a
‘ , ‘ ' Q)
where |e®)| =37, |e§7”k)| and [y =3, |yt(z)| are the to-
’ ' . k) we(eil k>\z T(l),651 k))
tal tokens for normalization, r, " = (’Z 5 YCRo]
Togq(€rn |2, T e, )

(i)
7o (Yt n|T:Tt 7y n
(1) _ ol Q) t(f) ) denote the importance sam-

™ o]d(yt” 2,7, Yy <)
pling ratios for successful and failed trajectories respectively,

and 7 = clip(r, 1—e¢, 1+¢) is the clipped ratio.

andr,

4. Experiments
4.1. Experimental Setup

We conduct experiments on two challenging environ-
ments ALFWorld (Shridhar et al., 2020) and Science-
World (Wang et al.,[2022). Further details can be found in
Appendix Following prior work (Zhang et al.,|2025b), we
evaluate models on the test sets of both environments: 200
simulations for ALFWorld and the same for ScienceWorld.
For ALFWorld, we report the success rate (SR) for each
task category and overall. For ScienceWorld, we use both
the average final score and success rate as the evaluation
metrics. We also compute the average output token usage
per task (#Tokens) as a measure of model efficiency.

We compare with several baselines: /) Prompt-based
methods, including ReAct (Yao et al.,[2023b)) and Reflex-
ion (Shinn et al., 2023), a self-refinement method that sum-
marizes each trial to guide future decisions. We also evalu-
ate R1-distilled variants of Llama3.1-8B and Qwen2.5-7B,
prompted with ReAct; 2) Training-based methods, cov-
ering both offline and online methods. Offline methods
include SFT and ETO (Song et al.,|2024)). We also include
COSFT (§3.3), which uniformly samples cognitive levels,
and its variant COSFT,, which uses expert-selected lev-
els. Online methods include GRPO (Shao et al., 2024),
GiGPO (Feng et al.,[2025)), and AdaptThink (Zhang et al.|
2025a). We also compare with several non-thinking and
thinking frontier models (see Appendix [H|for details).

Training Settings We use Llama3.1-8B (Metal 2024) and
Qwen2.5-7B (Yang et al.,[20244a) as base models, with train-
ing data drawn from ScienceWorld (2,120 simulations) and
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Table 1. Performance comparison across different methods on ALFWorld and ScienceWorld.

ALFWorld ScienceWorld Average
Method

SR #Tokens Score SR #Tokens SR #Tokens

Frontier Large Models
gpt-40-2024-08-06 (OpenAl,2025a) 61.5 860.8 57.0 22.5 1009.9 42.0 935.4
deepseek-v3-0324 (DeepSeek-Al et al.| 2025b) 52.0 1171.2 13.0 6.0 1013.4 29.0 1092.3
openai-o03 (OpenAl,2025b) 74.0 4290.9 72.4 54.0 5184.0 64.0 4737.5
deepseek-r1-0528 (DeepSeek-Al et al., 2025a)) 73.0 6230.9 58.9 40.0 16502.7 56.5 11366.8
gemini-2.5-pro-0506 (Gemin Team,|2025) 70.0 4896.5 65.2 44.0 8942.4 57.0 6919.5

Qwen2.5-7B-Instruct
ReAct (Yao et al., 2023b)) 50.5 666.4 8.0 2.5 1645.1 26.5 1155.8
+ R1-Distill 4.5 33620.5 2.5 0.5 212219 2.5 27421.2
Reflexion (Shinn et al., 2023) 42.5 2340.8 10.1 1.0 3396.8 21.8 2868.8
SFT 62.5 494.1 54.1 19.0 660.8 40.8 577.5
ETO (Song et al.| 2024) 69.5 540.6 53.9 21.5 694.3 45.5 617.4
AdaptThink (Zhang et al.| [2025a) 81.5 1372.1 62.5 44.5 1314.2 63.0 1343.2
COSFTep 78.5 3151.0 61.2 29.5 3973.8 54.0 3562.4
COSFT 57.0 3912.7 61.1 35.5 3643.4 46.3 3778.1
+ GRPO (Shao et al.,[2024) 83.5 4994.6 71.1 53.0 3739.9 68.3 4367.3
+ GiGPO (Feng et al.;[2025) 88.0 2955.5 67.3 47.0 4602.8 67.5 3779.2
+ CoPO (Ours) 92.5 1739.4 84.6 72.0 1543.4 82.3 1641.4

Llama3.1-8B-Instruct
ReAct (Yao et al., [2023b) 13.0 959.4 13.7 3.0 1268.1 8.0 1113.8
+ R1-Distill 2.5 21720.8 2.2 0.0 6940.8 1.3 14330.8
Reflexion (Shinn et al.,2023) 18.5 3645.8 17.8 2.5 5072.4 10.5 4359.1
SFT 54.5 632.0 59.9 24.0 906.6 39.3 769.3
ETO (Song et al.,|2024) 65.0 730.0 62.5 38.5 784.2 51.8 757.1
AdaptThink (Zhang et al.| [2025a) 79.5 1607.2 52.3 45.5 1666.8 62.5 1637.0
COSFTeyp 82.0 2903.2 73.3 49.5 4588.9 65.8 3746.1
COSFT 55.5 3546.6 56.4 26.0 3728.0 40.8 3637.3
+ GRPO (Shao et al.,2024) 84.0 3941.1 75.1 50.5 5757.6 67.3 4849.4
+ GiGPO (Feng et al.;,|2025) 89.5 6112.0 78.2 64.0 4651.3 76.8 5381.7
+ COPO (Ours) 91.5 811.6 83.7 70.5 963.8 81.0 887.7

ALFWorld (2,420 simulations). For COSFT, we randomly
sample 500 scenarios, collect expert trajectories using GPT-
40 (OpenAlL [2025a)), and prompt it to complete thinking
processes at randomly sampled cognitive levels (§ [3.3). For
CoPO, we use the remaining simulations, sample different
16 groups per rollout with a group size of 8, and run 150
iterations. Additional details are provided in Appendix [E]

4.2. Main Results

COGROUTER achieves state-of-the-art performance
with superior token efficiency. As shown in Table [T} our
method, COPO, sets a new state of the art on both ALF-
World and ScienceWorld across two different base mod-
els. With Qwen2.5-7B, COPO achieves a 92.5% success
rate on ALFWorld and 72.0% on ScienceWorld (average
82.3%), substantially outperforming powerful thinking mod-
els like openai-o3 (+18.3% average). Crucially, this per-
formance is achieved with remarkable efficiency. Compared
to the strong GRPO baseline, COPO uses 62% fewer tokens

on average while delivering a 14.0% higher success rate,
directly validating our central claim of balancing effective-
ness and computational cost. The results with Llama3.1-8B
show a similar trend, confirming the general applicability
and robustness of our approach.

CoPO significantly outperforms other RL methods by
enabling step-level credit assignment. When initializing
from the same COSFT checkpoint, the superiority of COPO
becomes evident. Trajectory-level methods like GRPO and
GiGPO improve performance over the SFT baseline at the
cost of increasing token consumption significantly. For in-
stance, with Llama3.1-8B, GRPO increases token usage to
3,941.1 on ALFWorld. In contrast, COPO not only achieves
the highest success rates (+7.5% over GRPO on ALFWorld)
but also dramatically reduces token usage by 79% (to 811.6
tokens). This is because its confidence-aware advantage
reweighting provides a fine-grained, step-level signal that
teaches the agent to select the leanest cognitive level suffi-
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Figure 3. Cognitive level distribution. All RL methods (GRPO,
GiGPO, CoPO) are initialized from COSFT. While GRPO and
GiGPO collapse to L4 thinking, COPO learns adaptive allocation.
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ALFWorld ScienceWorld
1.00
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Figure 4. Training curves of success rate across RL iterations
for GRPO, GiGPO and COPO on ALFWorld and ScienceWorld.
COPO achieves faster convergence to higher success rates.

cient for a confident action, rather than uniformly rewarding
all steps in a successful trajectory.

CoPO prevents cognitive level collapse through
confidence-aware credit assignment. RL baselines strug-
gle to adapt cognitive depth at the step level (Figure 3)). De-
spite starting with a balanced COSFT initialization, GRPO
and GiGPO rapidly collapse to predominantly £, thinking
(e.g., 76.8% and 76.6% on ALFWorld with Qwen2.5-7B).
This stems from coarse credit assignment that indiscrimi-
nately rewards deep thinking because it often correlates with
higher final rewards, instead of assessing contextual utility.
CoPO avoids this collapse via confidence-aware advantage
reweighting (§3.4), which evaluates each cognitive level
based on the model’s action prediction confidence. This en-
ables step-wise adaptive thinking and maintains a balanced
cognitive profile (e.g., 55.0% L1, 18.7% L, 14.0% L3,
12.3% L4 on ALFWorld). Consequently, COPO converges
much faster (Figure d): with Qwen2.5-7B, it reaches 90%
success on ALFWorld within 100 steps (GRPO: 83.5% at
150 steps) and 76.6% on ScienceWorld by step 80 (GRPO:
59.7%). This demonstrates that confidence-aware reweight-
ing provides more precise, step-level learning signals than
trajectory-level baselines. Extended results with Llama3.1-
8B are provided in Appendix

4.3. Quantitative Analysis

While Sectiond.2]shows COPO’s superior performance and
efficiency, its underlying mechanism remains unclear. To
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Figure 5. Cognitive level distributions across trajectory progress
(upper) and task complexity (bottom) on ScienceWorld.

reveal the underlying mechanism under COPO’s superior
performance, we analyze the cognitive level distributions
along two dimensions: /) Trajectory-level: how cognitive
patterns evolve across trajectory stages, and 2) Task-level:
how cognitive depth scales with task complexity.

CoOPO learns to allocate cognitive resources dynami-
cally based on the trajectory stage. We examine how the
four cognitive levels are distributed across task progress in
ScienceWorld, using Qwen2.5-7B (Figure 5} upper panel).
CoPO exhibits distinct, stage-aware patterns. Strategic
planning (L) peaks at initialization (21.9%) when the agent
must perform global goal evaluation and long-horizon plan-
ning, then declines to 6.8% as the task structure becomes
clearer. Situational awareness (L2) also features promi-
nently in early stages (26.3%), where parsing observations
is critical, before stabilizing around 10%. Conversely, in-
stinctive responses (£1) surge from 48.5% to over 80% in
later stages, reflecting a shift to routine execution. Reflec-
tion (L3) maintains a relatively low and uniform presence,
emerging contextually when error correction is needed. This
structured allocation is cognitively plausible and highly effi-
cient, directly validating the paper’s central hypothesis of
step-wise heterogeneity in cognitive demands. A detailed
case study is provided in Appendix [G]

CoPO adapts cognitive depth proportionally to task
complexity. To investigate how cognitive levels adapt
across tasks of varying difficulty, we compare COPO and
GRPO on ScienceWorld (Figure 5] bottom panel). We cat-
egorize tasks into Short (S), Medium (M), and Long (L)
based on oracle trajectory lengths (see Appendix [B). COPO
demonstrates clear complexity-aware adaptation. As task
difficulty increases from S to L, the use of £, rises from
7.6% to 22.4% and L3 from 8.6% to 15.2%, reflecting a
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Table 2. Ablation studies of key components in COPO on con-
fidence metrics and training strategies. SR: Success Rate (%).
L1-L4: Cognitive level distribution (%).

Variant SR #Tokens L1 Lo L3 L4
Confidence Metric Ablation

CoPO (Ours) 72.0 15434 72.6 11.2 8.6 7.6

w/ Max Probs 69.5 2167.5 683 152 9.5 7.1

w/ Min Probs 67.5 2063.6 69.5 12.7 10.7 7.1

w/ Entropy 70.0 18739 72.0 127 8.6 6.7

Training Strategy Ablation

w/o Cold Start 64.5 37506 0.0 27.1 35.5 37.3
W/ COSFTexpert 62.0 4383.0 0.0 243 69.1 0.6
w/ Corr & Incorr 66.0 1755.6 77.6 99 69 5.6

greater need for strategic planning and reflection. Concur-
rently, reliance on £ decreases from 72.6% to 55.4%. This
graduated allocation demonstrates that COPO successfully
learns to scale its cognitive effort with task demands.

4.4. Ablation Study

To validate the key design choices of COGROUTER, we
conduct ablation studies on: /) the confidence metric for
advantage reweighting in COPO, and 2) training strategies
for cognitive level distribution. Results with Qwen2.5-7B
on ScienceWorld are presented in Table 2] We also conduct
the same ablations on Llama3.1-8B (see Appendix [F.3).

Average log-probability is the most effective confidence
metric for assessing cognitive suitability. We evaluate
our choice of average log-probability (§3.4) as the confi-
dence metric by comparing it with three alternatives. Our
chosen metric yields the best performance in both suc-
cess rate and token efficiency. Alternative metrics dis-
tort the credit signal. Min Probs performs poorly (67.5%
SR) because a single low-probability token creates a noisy,
overly pessimistic signal. Entropy also degrades perfor-
mance (70.0% SR), as it measures general vocabulary uncer-
tainty rather than targeted confidence in the chosen action.
Max Probs achieves moderate results (69.5% SR) but over-
weights local peaks while ignoring the action’s overall co-
herence. These results validate that average log-probability
provides the most robust and holistic signal for guiding
step-level cognitive selection in COPO.

Balanced initialization and success-only reweighting are
crucial for effective adaptation. We examine two critical
design decisions in our training pipeline. A balanced SFT
initialization proves essential: the w/o Cold Start variant
fails to establish stable cognitive patterns, leading to distribu-
tion collapse (0.0% L) and degraded performance (64.5%

SR). Similarly, initializing from a biased expert model (w/
COSFTexper) causes the agent to inherit the teacher’s pref-
erence, collapsing predominantly to £3 (69.1%) and pre-
venting it from learning to adapt effectively. Both variants
confirm that a balanced SFT stage is vital for enabling effec-
tive exploration during RL. Additionally, applying reweight-
ing to both correct and incorrect trajectories (w/ Corr &
Incorr) creates a perverse incentive. The model learns to
evade large penalties for confident mistakes by defaulting to
the least confident level, £ (77.6%), which sacrifices task
performance (66.0% SR) to minimize penalties rather than
maximize task success. This confirms that our strategy of
rewarding confidence exclusively on successful paths is key
to learning effective and adaptive cognitive allocation.

5. Related Work

Interactive and Agentic Environments. Recent bench-
marks evaluate language agents in complex, goal-driven
settings, ranging from code generation (Guo et al.| [2024))
and embodied intelligence (X1 et al.l |2024) to social de-
duction (Yang et al., [2024b; 2025¢) and emotional intelli-
gence (Chen et al., 2024). Unlike single-turn tasks, these
environments are characterized by long horizons, sparse
terminal rewards, and heterogeneous step-wise complexity,
motivating the need for adaptive cognitive allocation. We
propose step-level cognitive allocation grounded in ACT-
R theory (Anderson, [1982), introducing four hierarchical
cognitive levels and confidence-aware credit assignment for
fine-grained adaptation.

Hybrid and Adaptive Reasoning. Large reasoning
models such as OpenAl-ol (OpenAll [2025b), DeepSeek-
R1 (DeepSeek-Al et al., 2025a), and Gemini-2.0-Flash-
Thinking (Choi & Nal 2024) employ extended chain-of-
thought to solve complex problems. To improve efficiency,
recent hybrid thinking approaches (Zhang et al., 2025aj
Yang et al.| [2025a)) dynamically toggle between reasoning
and non-reasoning modes. However, these methods typi-
cally operate at the trajectory level with binary switching,
failing to capture the fine-grained, step-wise cognitive de-
mands of agentic tasks. We propose a hierarchical step-level
allocation grounded in ACT-R theory (Anderson, |1982).

RL for Language Models. RL has been widely adopted
for LLM alignment (Dang et al.l 2024) and reasoning en-
hancement (Hu et al. [2025)). Group-based methods like
GRPO (Shao et al.,[2024), Dr.GRPO (L1u et al ., [2025)), and
DAPO (Yu et al.}2025) estimate advantages without critics
but apply uniform credit assignment, which is suboptimal
for multi-turn settings. While GiGPO (Feng et al.| [2025))
groups steps by state similarity, it lacks cognitive aware-
ness. We propose COPO, which leverages action prediction
confidence for precise, step-level credit assignment.
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6. Conclusion

In this study, we addressed the inefficiency of fixed cogni-
tive patterns in long-horizon agentic tasks. We introduced
COGROUTER, a framework grounded in ACT-R theory
that enables agents to dynamically allocate cognitive depth
across four levels, from instinctive responses to strategic
planning. Through COSFT and COPO, we demonstrated
that agents can learn to match their reasoning depth to step
complexity. Our COPO algorithm effectively solves step-
level credit assignment by leveraging action prediction con-
fidence, preventing the mode collapse observed in standard
trajectory-level RL methods. Experiments on ALFWorld
and ScienceWorld confirm that COGROUTER achieves state-
of-the-art performance while drastically reducing token con-
sumption compared to uniform reasoning models. This work
highlights the critical role of adaptive cognitive allocation
in building efficient and effective language agents.
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Step-Level Cognitive Depth Adaptation for LLM Agents

A. Notations

Table 3] summarizes the core notations used in this paper.

Table 3. Summary of Notations

Task Formulation

Symbol
Meaning
M Partially Observable Markov Decision Process (POMDP) tuple
T Interaction trajectory containing instructions, observations, and actions
o The language agent policy parameterized by 6
R Reward function evaluating task success
Symbol Cognitive Modeling
Meaning
L Set of four cognitive levels {L1, Lo, L3, L4} derived from ACT-R theory
Uy Selected cognitive level at time step ¢, where [; € £
thy Internal thinking process generated corresponding to /;
Yy Structured output at step ¢, defined as y; = [I;, thy, a]
Deog Cognition-aware dataset used for the SFT stage
Symbol CoPO Optimization
Meaning
AW Trajectory-level advantage calculated via standard GRPO
ey) Cognitive group consisting of counterfactual reasoning paths at step ¢
C’t(l’k) Action prediction confidence under cognitive level k
g(+) Temperature-scaled softmax function for weight normalization
Agl’k) Confidence-aware step-level advantage for fine-grained credit assignment
B. Task Details

We evaluate our framework on two challenging agentic environments: ALFWorld and ScienceWorld. These benchmarks
assess the agent’s ability to perform long-horizon planning, reasoning, and environment interaction.

ALFWorld ALFWorld (Shridhar et al., [2020) is a household environment built on TextWorld, where agents must explore
rooms and apply commonsense reasoning to complete tasks. The action space includes operations such as picking up and
placing items, observing the environment, and interacting with furniture. The environment provides feedback based on a set
of predefined logical rules. ALFWorld defines six types of tasks: Pick & Place, Examine in Light, Clean & Place, Heat &
Place, Cool & Place, and Pick Two & Place. We use the success rate as the evaluation metric. The maximum number of
interaction steps is set to 30 for evaluation.

ScienceWorld ScienceWorld (Wang et al., 2022)) is a benchmark environment designed to evaluate agents’ scientific
reasoning abilities, based on a standard elementary science curriculum. It comprises 30 task types, including using
measurement instruments and conducting mechanics experiments. The action space is task-specific, and the simulator
returns the effects of each action. Following prior work (Lin et al., 2023)), we categorize tasks into three groups based on the
average length of oracle trajectories: Short (*Len < 20, avg. 11.76 steps), Medium (20 < *Len < 50, avg. 28.58 steps),
and Long (*Len > 50, avg. 94.30 steps). These lengths reflect the oracle’s optimal paths. We use task score as the primary
evaluation metric and report the success rate as a complementary measure. The maximum number of interaction steps is
limited to 100 for evaluation.
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C. Instruction Prompt Examples

The system prompts for two agentic environments are presented in Listing [T} The output format for our COGROUTER
framework introduced in §3.2]is presented in Listing 2]

Listing 1. Prompt details for ScienceWorld and ALFWorld.

ALFWorld Instruction:

Interact with a household to solve a task. Imagine you are an intelligent agent in a
household environment and your target is to perform actions to complete the task goal. At
the beginning of your interactions, you will be given the detailed description of the
current environment and your goal to accomplish. For each of your turn, you will be given
a list of actions which you can choose one to perform in this turn. After each turn, the
environment will give you immediate feedback based on which you plan your next few steps.
If the environment outputs ’Nothing happened’, that means the previous action is invalid
and you should try more options.

Reminder: the action must be chosen from the given available actions. Any actions except
provided available actions will be regarded as illegal.

Your current task is: {task_description}

Prior to this step, you have already taken {step_count} step(s). Below are the most recent
{history_length} observations and the corresponding actions you took:

{action_history}

You are now at step {current step} and your current observation is:

{current_observation}

Your admissible actions of the current situation are: {admissible actions}

Now it’s your turn to generate next step response.
ScienceWorld Instruction:
You are an agent for science world. Every round I will give you an observation, you have

to respond an action based on the observation to finish the given task.

Here are the actions you may take:

[

{{"action": "open OBJ", "description": "open a container"}},

{{"action": "close OBJ", "description": "close a container"}},

{{"action": "activate OBJ", "description": "activate a device"}},

{{"action": "deactivate OBJ", "description": "deactivate a device"}},

{{"action": "connect OBJ to OBJ", "description": "connect electrical components"}},
{{"action": "disconnect OBJ", "description": "disconnect electrical components"}},
{{"action": "use OBJ [on OBJ]", "description": "use a device/item"}},

{{"action": "look around", "description": "describe the current room"}},
{{"action": "look at OBJ", "description": "describe an object in detail"}},
{{"action": "look in OBJ", "description": "describe a container’s contents"}},
{{"action": "read OBJ", "description": "read a note or book"}},

{{"action": "move OBJ to OBJ", "description": "move an object to a container"}},
{{"action": "pick up OBJ", "description": "move an object to the inventory"}},
{{"action": "put down OBJ", "description": "drop an inventory item"}},

{{"action": "pour OBJ into OBJ", "description": "pour a liquid into a container"}},
{{"action": "dunk OBJ into OBJ", "description": "dunk a container into a liquid"}},
{{"action": "mix OBJ", "description": "chemically mix a container"}},

{{"action": "go to LOC", "description": "move to a new location"}},

{{"action": "eat OBJ", "description": "eat a food"}},

{{"action": "flush OBJ", "description": "flush a toilet"}},

{{"action": "focus on OBJ", "description": "signal intent on a task object"}},
{{"action": "wait", "description": "take no action for 10 iterations"}},
{{"action": "waitl", "description": "take no action for 1 iteration"}},

{{"action": "task", "description": "describe current task"}},

{{"action": "inventory", "description": "list your inventory"}}

]

Your current task is: {task_description}
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Prior to this step, you have already taken {step_count} step(s). Below are the most recent
{history_length} observations and the corresponding actions you took:

{action_history}

You are now at step {current step} and your current observation is:

{current_observation}

Now it’s your turn to generate next step response.

Listing 2. The output format for CogRouter.

There are four thinking levels:

Level 1 - Instinctive Response: Immediate reaction based on intuition, no analysis.

Level 2 - Situational Awareness: Assess current state and available actions before acting.
Level 3 - Experience Integration: Reflect on past actions and outcomes to inform current
decisions.

Level 4 - Strategic Planning: Assess the task goal, past lessons, and current state to
analyze the future impact of each candidate action and optimize the decision.

You must first choose an appropriate level of thinking (one of the four levels) to respond
based on the given scenario. The chosen level MUST be enclosed within <level></level>
tags.

Next, reason step-by-step using the chosen thinking level. This reasoning process MUST be
enclosed within <think></think> tags.

For Level 1 (Instinctive Response), use the fixed text: "Okay, I think I have finished
thinking." For Levels 2-4, provide detailed reasoning as shown in examples. Once you’ve
finished your reasoning, you should choose an admissible action for current step and
present it within <action></action> tags.

[Output Format]

Your output must adhere to the following format:
EXAMPLE 1:

<level>1</level>

<think>Okay, I think I have finished thinking.</think>
<action>your_next_action</action>

EXAMPLE 2:

<level>2</level>

<think>

Current state: [Current state and inventory]
Available actions: [What actions are valid right now]
Reasoning: [Choose the best action and explain why]
</think>

<action>your_next_action</action>

EXAMPLE 3:

<level>3</level>

<think>

Goal: [What needs to be accomplished]

Current state: [Current state and inventory]

Available actions: [What actions are valid right now]

Reflection: [How effective were recent actions, what was learned]
Reasoning: [Choose the best action based on experience]

</think>

<action>your_next_action</action>

EXAMPLE 4:

<level>4</level>

<think>

Goal: [What needs to be accomplished]

Current state: [Current state and inventory]

Available actions: [What actions are valid right now]

Reflection: [How effective were recent actions, what was learned]
Evaluation: [Assess the potential effectiveness of each candidate action]
Reasoning: [Choose the optimal action with strategic reasoning]
</think>

<action>your_next_action</action>
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D. Algorithm

Algorithm 1 Cognition-Aware Policy Optimization (COPO)

1: Initialize: Policy my.

2: for each training iteration do
3:  Collect a batch of trajectories B = {7(?)} by running policy .
4 Compute trajectory-level rewards R; and advantages A for each 7() € B.
5. for each successful trajectory 7(9) with R; > 0 do
6 for each step ¢ in trajectory 7(9) do

7

8

9

Construct cognitive group ey) by generating thinking processes under all 4 levels.

Compute action prediction confidence C’t(i’k) for each level k
Normalize confidence scores C| (Z’k)t within the cognitive group using Eq.

norm,

10: Compute confidence-aware weights g(Ct(i’k)) using Eq.
11: Compute step-level advantages A,(f’k) using Eq.

12: end for

13:  end for

14:  For failed trajectories (R; < 0), keep original advantages without cognitive group expansion.
15 Update policy 7y by maximizing the COPO objective (Eq.[3).

16: end for

17: Output: Optimized policy 7g.

E. Implementation Details
E.1. Training Data Collection

We construct training datasets for both COSFT and COPO using the training splits of ALFWorld (2,420 simulations) and
ScienceWorld (2,120 simulations). For COSFT, we randomly sample 500 environments from each benchmark to create
a dataset with uniform coverage across the four cognitive levels. For each sampled environment, we first collect expert
trajectories using GPT-40 without reasoning augmentation, then prompt GPT-40 to generate structured thinking processes
based on a randomly selected cognitive level. Prompt templates for different levels are shown in Listing ] This procedure
yields roughly 25% of data for each level, enabling the model to learn consistent cognitive patterns across all thinking modes.
An example of the final data format is shown as follow.

Listing 3. Example of COSFT training data format showing the structured output with cognitive level, thinking process, and action.

CoSFT Example:

{"conversations":

[{"from": "human", "value": "You are an agent for science world. Every round I will give
you an observation, you have to respond an action based on the observation to finish the
given task.

Here are the actions you may take: [valid actions omitted]

There are four thinking levels:

Level 1 - Instinctive Response: Immediate reaction based on intuition, no analysis.

Level 2 - Situational Awareness: Assess current state and available actions before acting.
Level 3 - Experience Integration: Reflect on past actions and outcomes to inform current
decisions.

Level 4 - Strategic Planning: Assess the task goal, past lessons, and current state to

analyze the future impact of each candidate action and optimize the decision.

At each step, you must first choose an appropriate level of thinking (one of the four
levels) to respond based on the given scenario. The chosen level MUST be enclosed within <

level> </level> tags.

Next, reason step-by-step using the chosen thinking level. This reasoning process MUST be

enclosed within <think> </think> tags. For Level 1 (Instinctive Response), use the fixed

text: "Okay, I think I have finished thinking." For Levels 2-4, provide detailed reasoning
as shown in examples. Once you’ve finished your reasoning, you should choose an
admissible action for current step and present it within <action> </action> tags.

[Output format examples omitted]
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Your current task is: Your task is to boil water. For compounds without a boiling point,
combusting the substance is also acceptable. First, focus on the substance. Then, take
actions that will cause it to change its state of matter. Your current observation is:
Your task is to boil water. For compounds without a boiling point, combusting the
substance is also acceptable. First, focus on the substance. Then, take actions that will
cause it to change its state of matter.This room is called the hallway. In it, you see: a
picture, a substance called air, the agent. You also see: A door to the green house (that
is open), A door to the living room (that is open), A door to the art studio (that is open
), A door to the kitchen (that is open), A door to the bedroom (that is open), A door to
the workshop (that is open). Now it’s your turn to generate next step response."},
{"from": "gpt", "value": "<level>1</level><think>Okay, I think I have finished thinking.</
think><action>open door to kitchen</action>?}

I

"System" .onn }

For COPO, we use the remaining environments: 1,920 from ALFWorld and 1,620 from ScienceWorld. We adopt an online
learning setup where the agent collects trajectories through environment interaction. During the cognitive group expansion
process (see Section [3.4), we apply the same prompt templates (Listing[4) to generate thinking processes at all four levels
while keeping the actions fixed.

Listing 4. Prompt templates for generating thinking processes at different cognitive levels.

Cognitive Level 2
Based on the following information, generate a thinking process that leads to the next
step action.

Task Description: {task_description}
Observation: {current_obs}

History of Previous Actions and Observations:
{history}

Next Action: {action}

You need to generate a thinking process following the exact format:
<think>

Current state: [Analyze the current environment state]

Available actions: [What actions are possible right now]

Reasoning: [Choose the best action and explain why]

</think>

Cognitive Level 3
Based on the following information, generate a thinking process that leads to the next
step action.

Task Description: {task_description}
Observation: {current_obs}

History of Previous Actions and Observations:
{history}

Next Action: {action}

You need to generate a thinking process following the exact format:

<think>
Goal: [What needs to be accomplished]
Current state: [Analyze the current environment state]

Available actions: [What actions are possible right now]
Reflection: [How effective were recent actions, what was learned]
Reasoning: [Choose the best action based on experience]

</think>

Cognitive Level 4
Based on the following information, generate a thinking process that leads to the next

step action.

Task Description: {task_description}
Observation: {current_obs}
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History of Previous Actions and Observations:
{history}
Next Action: {action}

You need to generate a thinking process following the exact format:
<think>

Goal: [What needs to be accomplished]

Current state: [Analyze the current environment state]

Available actions: [What actions are possible right now]

Reflection: [How effective were recent actions, what was learned]
Evaluation: [Assess the potential effectiveness of each candidate action]
Reasoning: [Choose the optimal action with strategic reasoning]

</think>

E.2. Training Details

Our COPO algorithm extends group-based RL frameworks by introducing cognitive group expansion, which enables
step-wise credit assignment across different cognitive levels. Unlike GRPO, which applies trajectory-level updates, COPO
generates alternate thinking processes for each decision point in successful trajectories (reward R; > 0), keeping the
observation o; and action a; fixed. This allows the model to learn which cognitive level best suits each state-action pair,
based on observed outcomes. To reduce computational cost, we skip cognitive group expansion when all trajectories in a
group share the same outcome reward (i.e., all succeed or all fail). In such cases, the trajectory-level advantage is zero, so
reweighting would yield no gradient signal regardless of the expansion.

Table [ presents the training time over 150 iterations and the final performance of each online method (i.e., GRPO, GiGPO,
and COPO). Compared to GRPO, COPO requires approximately 1.4-1.5x training time due to the additional expansion of
the cognitive group. However, this remains acceptable given the substantial performance gains, demonstrating a favorable
trade-off between computational cost and task performance.

Table 4. Training time and performance comparison of different methods on ALFWorld and ScienceWorld.

ALFWorld ScienceWorld
Method
Training time Performance Training time Performance
QOwen2.5-7B-Instruct
GRPO 38h 25m 11s 83.5 61h 2m 16s 53.0
GiGPO 4%h 33m 16s 88.0 78h 21m 20s 47.0
CoPO 54h 58m 27s 92.5 86h 15m 50s 72.0
Llama3.1-8B-Instruct
GRPO 36h 44m 38s 84.0 51h 16m 3s 50.5
GiGPO 54h 15m 59s 89.5 88h 14m 38s 64.0
CoPO 48h 24m 30s 91.5 81h 36m 45s 70.5
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F. Extended Results

F.1. Cognitive Level Distribution and Training Dynamics

Section presents results based on Qwen2.5-7B. Here, we extend the analysis using Llama3.1-8B to evaluate the
generalizability of COPO. As shown in Figure [6] the cognitive collapse phenomenon appears consistently across both
models. GRPO and GiGPO tend to converge to predominantly £, thinking on both Qwen2.5-7B and Llama3.1-8B. In
contrast, COPO maintains adaptive cognitive allocation throughout training. Figure|[/|illustrates the evolution of cognitive
level distribution during COPO training: the agent learns to allocate £; for routine steps while preserving higher-level
reasoning (L£4-L4) for situations requiring deeper deliberation.

Figure [8| further shows that COPO converges faster across both architectures. On ALFWorld, it reaches over 90% success
within 100 iterations, whereas GRPO and GiGPO plateau at lower performance despite extended training. On ScienceWorld,
CoOPO exceeds a 70% success rate, while baselines remain below 65%. These results suggest that confidence-aware,
step-level credit assignment in COPO offers more effective learning signals than trajectory-level methods, regardless of the
underlying base model.

Level 1 (£q) Level 2 (£3) Level 3 (£3) Level 4 (L£4)

ALFWorld (Qwen2.5-7B) ScienceWorld (Qwen2.5-7B) ALFWorld (Llama3.1-8B) ScienceWorld (Llama3.1-8B)
CoSFT
CoSFTexp
GRPO
GiGPO
CoPO

0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Percentage (%) Percentage (%) Percentage (%) Percentage (%)

Figure 6. Cognitive level distribution after training. All RL methods (GRPO, GiGPO, CoPO) are initialized from COSFT. While GRPO
and GiGPO collapse to predominantly £4 thinking, COPO learns adaptive allocation.

Level 1 (£4) Level 2 (£5) Level 3 (£3) Level 4 (L£4)

ALFWorld (Qwen2.5-7B) ScienceWorld (Qwen2.5-7B) ALFWorld (Llama3.1-8B) ScienceWorld (Llama3.1-8B)
0 100 100 100

1
2 80 80 80 80
g 60 60 60 60
g 40 40 40 40
g 20 20 20 20
=0 0 0 0

0 50 100 150 0 50 100 150 0 50 100 150 0 50 100 150

Step Step Step Step
Figure 7. Dynamics of cognitive level distribution during training.
GRPO GiGPO CoPO
ALFWorld (Qwen2.5-7B) ScienceWorld (Qwen2.5-7B) ALFWorld (Llama3.1-8B) ScienceWorld (Llama3.1-8B)
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Figure 8. Training curves showing success rate across RL iterations for GRPO, GiGPO and COPO on ALFWorld and ScienceWorld.
CoPO achieves faster convergence to higher success rates.

F.2. Additional Analysis on Cognitive Level Collapse

To further understand why baseline RL methods fail to maintain adaptive cognitive allocation, we compare the cognitive
level distributions across trajectory progress for COPO, GiGPO, and GRPO on ScienceWorld, using Qwen2.5-7B as the
base model. GRPO collapses to uniform £, thinking due to coarse trajectory-level credit assignment. Although GiGPO
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Level 1 Level 2 Level 3 Level 4
_ CoPO GiGPO GRPO
£ 100 100 100
S 88 80 80
> 76 60 60
S 65 40 40
% 53 20 20
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Figure 9. Cognitive level distributions across trajectory progress for CoPO, GiGPO, and GRPO on ScienceWorld. Both GRPO and
GiGPO collapse to predominantly £4 thinking throughout trajectories, while COPO exhibits stage-aware adaptation.

Table 5. Ablation studies on confidence metrics and training strategies. SR: Success Rate (%). #Tokens: Average tokens per trajectory.
L1-L4: Cognitive level distribution (%).

. ALFWorld ScienceWorld

Variant

SR #Tokens [,1 [,2 £3 [,4 SR #Tokens ,Cl [,2 £3 £4

Confidence Metric Ablation

CoPO (Ours) 925 17394 550 187 140 123 720 15434 726 112 86 7.6

w/ Max Probs 89.0 16649 657 123 114 84 69.5 21675 683 152 95 7.1

w/ Min Probs 81.5 12277 927 07 26 40 67.5 2063.6 695 127 107 7.1

w/ Entropy 79.0 15846 739 115 6.3 83 700 18739 720 127 86 6.7

Training Strategy Ablation

w/o Cold Start 86.0 24962 03 350 335 312 645 37506 00 271 355 373
w/ COSFTexpert 875 2871.6 00 79 921 00 620 43830 00 243 69.1 0.6
w/ Corr & Incorr  83.0 13758 83.1 43 7.7 48 660 17556 776 99 69 5.6

introduces step-level grouping, it similarly collapses, maintaining over 90% L4 usage throughout the trajectory with minimal
stage-wise variation (Figure[0). This collapse arises from biased credit assignment: in GiGPO’s state-based grouping, steps
with deeper thinking often appear in successful trajectories and receive higher advantages, regardless of whether such depth
was actually necessary. As a result, GiGPO defaults to deeper thinking as a universally safe choice, rather than allocating
cognitive effort adaptively. In contrast, COPO employs confidence-aware reweighting to assess the appropriateness of
each cognitive level at every step. It estimates how confidently the model predicts actions under different thinking modes,
providing a fine-grained signal that guides more adaptive cognitive allocation.

F.3. Ablation Study Results

The ablation studies in Section use Qwen2.5-7B. To assess generalizability, we conduct the same experiments on
Llama3.1-8B. As shown in Table [5] we observe consistent trends: average log-probability remains the most effective
confidence metric; balanced COSFT initialization is critical to prevent cognitive level collapse; and restricting reweighting
to successful trajectories mitigates adverse incentives that otherwise lead to £1 dominance.

G. Case Study

We analyze a representative trajectory from ScienceWorld’s use thermometer task using Qwen2.5-7B as the base model
(Figure[I0). At initialization (steps 1), the agent employs L4 (Strategic Planning) to formulate a global plan: locate the
thermometer, identify the measurement target, and execute the measurement. During the execution phase (steps 4-12), the
agent predominantly uses £; (Instinctive Response) for routine navigation and object manipulation. When encountering an
unexpected observation at step 8 (“the door is locked”), the agent switches to L3 (Experience Integration) to reflect on the
obstacle and adjust the plan. This adaptive cognitive switching demonstrates that COGROUTER learns to allocate cognitive
depth based on situational demands, achieving task success with 62% fewer tokens than GRPO’s uniform £, thinking.
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:'r@'—e:

[]
C 2
O Your task is to S the temperature of unk b B, which is located R <level>1</level><think>Okay, I think I have finished thinking.</think>
around the bathroom. First, focus on the thermometer. Next, focus on the unknown

<action>open door to kitchen</action>

substance B. If the unknown substance B temperature is above 50.0 degrees celsius,

place it in the yellow box. If the unknown substance B temperature is below 50.0 degrees ) .
[observation] You move to the kitchen.

celsius, place it in the purple box [...]

<level>3</level><think>Goal: Find the thermometer first, then navigate to the
bathroom to find substance B. Current state: 1 am in the kitchen. I don't have the

@

[observation| This room is called the greenhouse. In it, you see: the agent, a substance
called air, a bee hive. The bee hive door is closed. a jug (containing nothing), a shovel,
a sink, which is turned off. In the sink is: nothing. You also see: A door to the hallway
(that is closed), A door to the outside (that is closed)

thermometer yet.\n\nAvailable actions: Look around[...] Reflection: 1 don't yet know if
the thermometer is here or where exactly it might be located. [...]I need information
about what's available in this room before I can proceed. Reasoning: Before taking any

action like opening cupboards or moving to another room, I should look around to get a
<level>4</level><think>Goal: Measure the temp of unknown sut B complete picture of what's in the kitchen.[...]</think><action>look around</action>

(located in bathroom) using a thermometer, then [...] Current state: I am in the

greenhouse with no thermometer or substance B in my inventory. The bathroom is not [observation] This room is called the kitchen. In it, you see: the agent, a substance

directly accessible from here. I can see two doors: hallway (closed) and outside (closed). called air, a chair. On the chair is: nothing. a counter. [...]

Step: 4 Score: 6

@ —F

Available actions: open door to hallway, open door to outside, [...] Reflection: This is

the initial state. I need to create a strategic plan to efficiently complete this multi-step <)

task. Evaluation: Opening door to hallway: High priority. The hallway likely connects to <level>2</level><(hink>Current .smte: There is a thermometer on the table, a door to
the bathroom. Available actions: pick up the thermometer, open the door to bathroom,
or examine other objects in the kitchen. Reasoning: [...]The logical next step is to pick

up the thermometer so I can carry it with me to measure substance B later [...]

interior rooms including the kitchen and bathroom. This is the logical path to find both
the ther and sut B.[...] R ing: The hallway door is the optimal first
action because it provides access to the interior of the building where I'm most likely to

find the thermometer and bathroom.</think><action>open door to hallway</action>

‘/ |observation| The door is now open.
Step: 0 Score: 0

9 <level>1</level><think>Okay, I think I have finished thinking.</think>
<action>go to hallway</action>

[observation] You move the thermometer to the inventory.

Step: 5 Score: 9
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<level>1</level><think>Okay, I think I have finished thinking.</think>
<action>focus on thermometer</action>

[observation| You focus on the thermometer. Step: 6 Score: 43

@&+

[observation| You move to the hallway.
Step: 1 Score: 3

i

-
0
J

<level>1</level><think>Okay, I think I have finished thinking.</think> <level>1</level><think>Okay, I think I have finished thinking.</think>

<action>open door to bathroom</action> <action>focus on unknown substance B in inventory</action>

[}
v b
T *
$’ |observation| The door is now open.
[

lobservation| You focus on the unknown substance B.

|

Step: 7 Score: 43 Step: 11 Score: 85

@t

<level>1</level><think>Okay, I think I have finished thinking.</think>
<action>go to bathroom</action>

T .
$/ lobservation] You move to the bathroom.
[}

& -+ 0 <level>3</level><think>Goal: Find unknown substance B and the colored boxes, then )

<level>1</level><think>Okay, I think I have finished thinking.</think>
<action>go to bathroom</action>

[observation] You move to the bathroom.

Step: 8 Score: 49 Step: 12 Score: 92

i

- @

<level>2</level><think>Current state: | now have both the thermometer (focused)

® measure the temperature and place substance B in the appropriate box. Current state: 1 ®  and unknown substance B (focused) in my inventory. Both boxes are visible in the
am now in the bathroom with the thermometer in my inventory. Available actions: batt Allp ion steps are ipl Available actions: Use the thermometer
Look around, search specific locations [....] Reflection: [...] I don't yet know the exact on substance B to measure its temperature, or perform other actions. Reasoning: I've
location of substance B or the yellow/purple boxes. I need to gather information [...] completed all the setup requirements: found and focused on the thermometer, found and
</think><action>look around</action> ) focused on unknown substance B. The next logical step is to use the thermometer to
measure substance B's temperature so I can determine which box to place it in.
|observation| This room is called the bathroom. In it, you see: the agent, a substance </think><action>look around</action> J
called air, a bathtub, which is turned off. [...
> ’ - L] Step: 9 Score: 49 E
]

[observation| The thermometer measures a temperature of 32 degrees celsius

thermometer in my inventory. Available actions: pick up unknown substance B [...] <level>1</level><think>Okay, I think I have finished thinking.</think>
Reasoning: [...] </think><action>pick up thermometer</action> <action>move unknown substance B in inventory to purple box</action>

- p 2
<level>2</level><think>Current state: I've surveyed the bathroom and found all three

critical items: unknown substance B, the purple box, and the yellow box. I have the .

Step: 13 Score: 92

8

J

)
observation| You move the thermometer to the inventory. i] s) ervati {‘ l
[ | TYy. R —— |observation| You move the unknown substance B to the purple box Step: 14 Score: 100

Figure 10. Case study of COGROUTER’s adaptive cognitive switching on ScienceWorld’s use thermometer task. The agent adaptively
switches cognitive levels based on situational demands: employing L4 for initial strategic planning (step 0), £1 for routine navigation and
manipulation (steps 6-8), L3 for obstacle reflection when encountering unexpected situations (step 9).
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H. Baselines
H.1. Prompt-based Methods

ReAct (Yao et al.l |2023b)) is a prompting framework that interleaves thinking processes with task-specific actions. For both
ALFWorld and ScienceWorld, we prompt the model to generate a thought before each action using the format: Thought: ...,
Action: .... This format is applied to both frontier models (GPT-40, DeepSeek-V3, Claude-4-Sonnet, OpenAl-03, DeepSeek-
R1, Gemini-2.5-Pro) and fine-tuned open-source models (Qwen2.5-7B-Instruct, Llama3.1-8B-Instruct). Reflexion (Shinn
et al.| 2023) is a self-refinement framework that enables agents to learn from trial-and-error. After each failed episode, the
agent generates a reflection summarizing the failure and proposing improvements, which is prepended to the context in
subsequent trials for the same task. We allow a maximum of 3 trials per task.

H.2. Training-based Methods

We consider both offline and online methods using Qwen2.5-7B and Llama3.1-8B as base models. Detailed training settings
are provided in Table[6]

Offline Methods. For SFT, we construct a supervised dataset by randomly sampling 500 environments from the ALFWorld
and ScienceWorld training sets, consistent with COSFT. For each environment, we collect expert trajectories and prompt
GPT-40 to generate the corresponding reasoning steps in ReAct format, producing ReAct-style successful trajectories.
These are used to fine-tune the base model via standard language modeling loss. ETO (Song et al., 2024) employs Direct
Preference Optimization (DPO) (Rafailov et al.l[2024), training on contrastive trajectory pairs. Preferred examples are taken
from the SFT-generated successful trajectories, while rejected ones are sampled by rolling out the base model in the same
environments.

Online Methods. All online RL methods are trained for 150 iterations on environments not used in SFT: 1920 in ALFWorld
and 1620 in ScienceWorld. In each iteration, we randomly sample 128 environments to collect trajectories for policy updates.
All models are initialized from the same COSFT cold-start checkpoint for fair comparison. GRPO (Shao et al.| [2024)
performs trajectory-level policy updates by grouping trajectories into 8 clusters. GiGPO (Feng et al.,2025) extends GRPO
with step-level credit assignment using anchor state grouping. We use the same group size (8) for computing trajectory-
level advantages. For step-level rewards, we set the weighting coefficient w = 1.0 and the discount factor v = 0.95.
AdaptThink (Zhang et al.| [2025a) teaches models to adaptively select between thinking and non-thinking modes. We adapt
it to our multi-step agentic scenarios. We first perform SFT cold start by sampling 500 environments and constructing
a balanced 1:1 dataset of thinking and non-thinking steps, where non-thinking uses <think></think> (empty think

tags) to skip thinking. We then train with GRPO using a modified reward () = ﬁ thil 1(NoThink;) - § + R(7), where
1(NoThink;) indicates whether step ¢ uses non-thinking mode (i.e., generates <think></think>), and R(7) is the task
reward from The first term represents the proportion of non-thinking steps in each trajectory. We set § = 0.05 and use

importance sampling during training to balance exploration of both modes, with all other settings following GRPO.
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I. Hyperparameters

Full hyperparameter details are provided in Table@ For offline methods, we use the LLaMA-Factory codebase For online
methods, we implement our algorithms based on the VERL framework (Sheng et al., [2025)).

Table 6. Hyperparameters for all experiments across different methods and benchmarks. All RL methods (GRPO, GiGPO, CoPO) use the
same hyperparameters for fair comparison.

Qwen2.5-7B Llama3.1-8B
ALFWorld ScienceWorld ALFWorld ScienceWorld
Learning Rate 2e-6 2e-6 2e-6 2e-6
SFT Batch Size 32 32 32 32
Number of Epoch 3 3 3 3
Max Sequence Length 8192 8192 8192 8192
Learning Rate 2e-6 2e-6 2e-6 2e-6
COSFT Batch Size 32 32 32 32
(COSFTexp) Number of Epoch 3 3 3 3
Max Sequence Length 8192 8192 8192 8192
Learning Rate 2e-6 2e-6 2e-6 2e-6
ETO Batch Size 32 32 32 32
Number of Epoch 3 3 3 3
Max Sequence Length 8192 8192 8192 8192
Max Prompt Length 18000 30000 18000 30000
Max Response Length 1024 1024 1024 1024
Group Size 8 8 8 8
Groups per Rollout 16 16 16 16
GRPO KL Coefficient 0.1 0.2 0.1 0.2
Learning Rate Se-7 Se-7 2e-7 2e-7
Rollout Temperature 1.0 1.0 1.0 1.0
Validation Temperature 0.4 0.4 0.4 0.4
Mini-batch Size 64 64 64 64
Iteration 150 150 150 150
Max Prompt Length 18000 30000 18000 30000
Max Response Length 1024 1024 1024 1024
Group Size 8 8 8 8
Groups per Rollout 16 16 16 16
GiGPO KL Coefficient 0.1 0.2 0.1 0.2
Learning Rate Se-7 Se-7 2e-7 2e-7
Rollout Temperature 1.0 1.0 1.0 1.0
Validation Temperature 0.4 0.4 0.4 0.4
Mini-batch Size 64 64 64 64
Iteration 150 150 150 150
Max Prompt Length 18000 30000 18000 30000
Max Response Length 1024 1024 1024 1024
Group Size 8 8 8 8
Groups per Rollout 16 16 16 16
CoPO KL Coefficient 0.1 0.2 0.1 0.2
Learning Rate Se-7 Se-7 2e-7 2e-7
Rollout Temperature 1.0 1.0 1.0 1.0
Validation Temperature 0.4 0.4 0.4 0.4
Mini-batch Size 64 64 64 64
Iteration 150 150 150 150

*https://github.com/hiyouga/LLaMA-Factory
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J. Necessity of Adaptive Thinking

To evaluate the importance of adaptive thinking, we compare COGROUTER against two types of baselines on ALFWorld
using Qwen2.5-7B: 1) Fixed cognitive levels, where separate models are trained via SFT using a single reasoning format
(L1, Lo, L3, or Ly), followed by GRPO; and 2) FreeForm, trained with standard SFT using an unstructured reasoning
format, also followed by GRPO. As shown in Figure COGROUTER achieves a 92.5% SR with only 1739.42 tokens,
outperforming all baselines in both accuracy and efficiency. The fixed-level models exhibit a clear trade-off: £; achieves
76.5% SR with 357.04 tokens, while £, reaches 86.5% SR at the cost of 4640.98 tokens, still 6% below COGROUTER
despite using 2.7 x more tokens. FreeForm attains 81.5% SR with 4068.88 tokens, suggesting it applies deep reasoning
uniformly, without adjusting to task complexity. These results indicate that neither shallow nor deep reasoning alone
is sufficient: shallow approaches underperform on complex steps, while deep ones waste computation on simple cases.
Adaptive thinking addresses this by dynamically adjusting reasoning depth to task demands.

Level 1 (£1) Level 3 (£3) FreeForm
Level 2 (L) Level 4 (£,) ™ Adaptive
—~ 95
X High SR e
~ Low Tokens )
o 90
I
SR: +9.5%
x 85 Tokens: -57.3%
)
0
o 80
O
>
n 75
0 1k 2k 3k 4k 5k

#Tokens

Figure 11. Comparison of cognitive configurations on ALFWorld (Qwen2.5-7B). COGROUTER outperforms both fixed cognitive levels
and unstructured reasoning, highlighting the need for adaptive thinking.
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J.1. Analysis of Contextual Cognitive-Level Selection

We further analyze how CogRouter selects cognitive levels under different environmental states. Specifically, for each
cognitive level, we collect the states where the level receives the highest confidence during training and report the top-3
most frequent observations. The results are shown in Table

Level Top Observations Interpretation

L1 “The door is now open” (40.2%); “The door is not open” (18.3%); “You focus ~ Simple environmental feedback re-
on the [object]” (17.0%) quiring reflexive actions.

L2 “You move to the [other room]” (34.9%); “You move to the hallway” (19.6%);  Arrival at new environments requir-
“[circuit] anode/cathode connection state” (17.2%) ing situational awareness.

L3 “No known action matches that input” (82.0%); “Connections must specify...” Error signals requiring reflection
(12.8%); “The [container] isn’t open, can’t see inside” (2.8%) and plan revision.

L4 “(Task Start)” (57.7%); “This room is called the [room]...” (19.7%); “Inside the =~ Task initialization and information-
[container] is:...” (10.2%) rich states requiring strategic plan-

ning.

Table 7. Top observations associated with each cognitive level when the level receives the highest confidence during training. The results
show that different levels are selected for semantically distinct state types, including routine feedback, situational assessment, error
recovery, and strategic planning.

The results reveal clear contextual specialization across cognitive levels. £; is mainly selected for routine environmental
feedback, such as whether a door has been opened, where the next action can often be chosen directly. Lois associated with
entering new locations or observing structured state changes, where the agent needs to assess the current situation before
acting. L3 is strongly associated with error states, such as invalid actions or failed preconditions, which require reflection
over previous attempts and plan revision. £4 is most frequently selected at task initialization and information-rich states,
where global planning and candidate-action evaluation are useful.

These findings show that the confidence-based routing signal induces meaningful state-dependent level allocation. The
selected levels are not uniformly biased toward longer or more detailed reasoning. Instead, CogRouter assigns lightweight
levels to routine transitions and deeper levels to states that require reflection or strategic planning. This behavior is consistent
with the stage-wise routing patterns observed at test time in Figure [3] further demonstrating that CogRouter learns to adapt
cognitive depth according to contextual demands.
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