UC Merced
Proceedings of the Annual Meeting of the Cognitive Science
Society

Title
Cognitive Behavior Trees: Integrating Somatic Marker Hypothesis into LLM-based Agent
Planning

Permalink
bttgs:géescholarshiQ.orggucéitem43vt6798\=/|
Journal

Proceedings of the Annual Meeting of the Cognitive Science Society, 48(0)

Authors

Tang, Hao
Zhang, Feng
Xu, Xinhai

Publication Date
2026

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License,

available at bttgs:cheativecommons.orgglicensesgb¥44.od

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/3vt6798v
https://escholarship.org/uc/item/3vt6798v#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

Cognitive Behavior Trees: Integrating Somatic Marker Hypothesis into LLM-based
Agent Planning

Hao Tang', Xi Zhang', Feng Zhang’ & Xinhai Xu?
'National University of Defense Technology
2 Academy of Military Science

Abstract

Enabling embodied agents to complete long-horizon tasks in
complex environments remains a fundamental challenge. Cur-
rent LLM-based agents primarily focus on logical reasoning,
yet they lack an intuitive perception of latent environmental
risks. This often leads to failure during execution as they inad-
vertently overlook potential hazards. Inspired by the Somatic
Marker Hypothesis in neuroscience, we propose a novel archi-
tecture called Cognitive Behavior Tree (CBT). By integrating
LLM-based symbolic reasoning within behavior trees with ac-
tivation steering risk premonition, we empower agents with the
dual capacity for both deliberate planning and a premonition
of potential risks. Extensive experiments in Minecraft demon-
strate that CBT excels at handling high-difficulty tasks, achiev-
ing an average success rate of 26.60%—significantly surpassing
existing state-of-the-art methods.

Keywords: cognitive science; somatic marker hypothesis; be-
havior tree; large language model; risk-premonition

Introduction

In the evolution of embodied agents, empowering models
to solve complex, long-horizon tasks becomes a core chal-
lenge. Current agents based on Large Language Models
(LLMs) mostly focus on enhancing deliberative capabili-
ties—transforming high-level goals into rigorously logical ac-
tion steps via Chain-of-Thought or task decomposition (Chen,
Cai, Mao, Li, Yang, et al., 2024; Styrud et al., 2024; Z. Wang
et al., 2024). However, this paradigm, which relies solely on
logical deduction, reveals cognitive limitations when facing
an uncertain open world. In real environments, agents need
not only to resolve the logical dependencies of "how-to" but,
more importantly, to possess a keen perception of potential
risks (Rienties et al., 2022). Pure rational planning often
leads to task failure despite being logically self-consistent,
because the agent lacks an instinctual intuition for environ-
mental risks, causing it to overlook potential dangers during
execution.

Research in cognitive science indicates that efficient human
decision-making is not merely the result of logical computa-
tion in the cerebral cortex (Bechara & Damasio, 2005; Strat-
egy, 1997). Damasio’s Somatic Marker Hypothesis (Dama-
sio, 1996) posits that when humans face complex tasks, the
somatic marker system—centered on the ventromedial pre-
frontal cortex—marks potential harmful outcomes with a neg-
ative state. Through an anticipatory intuition, this mecha-
nism flags potentially dangerous situations before a decision

is made. Inspired by this cognitive mechanism, we argue that

an ideal agent architecture should transcend singular logical

reasoning and simulate human risk-premonition capabilities
by introducing a mechanism similar to "somatic markers."

To this end, we propose CBT, a cognitive architecture that

integrates risk-premonition with deliberative planning. This

architecture aims to endow agents with both symbolic reason-
ing and intuitive capabilities.

First, we construct a Deliberative Planning Module to sim-
ulate human logical reasoning capabilities. Since Behavior
Trees (BTs) (Colledanchise & Ogren, 2018) possess a hier-
archical modularity that naturally aligns with the cognitive
process of decomposing abstract goals layer by layer, this
module uses the BT as its backbone. Based on this, we de-
sign a universal condition-driven recursive mechanism. By
continuously identifying the gap between the current environ-
mental state and the target state, it progressively decomposes
task intents into a BT. Second, to endow the agent with the
intuition described by the Somatic Marker Hypothesis, we
design a Risk-Premonition Module. This module implants
risk-prediction awareness directly inside LLMs using acti-
vation steering technology (Rahn et al., 2024; Stolfo et al.,
2024). Specifically, we extract a premonition vector capable
of steering the LLM toward risk prediction during the reason-
ing process. When the LLM performs reasoning, this vector
is injected as a neuromodulatory signal to guide the model,
thereby directing decision-making.

We conduct a comprehensive evaluation of CBT in the
Minecraft environment (Fan et al., 2022), covering tasks of
varying complexity. Experimental results show that CBT
significantly improves the completion rate of complex tasks,
achieving an average success rate of 26.60%. Particularly
for high-difficulty tasks such as crafting diamond tools” and
collecting redstone,” CBT raises the completion rate to levels
approaching human performance.

Our main contributions are as follows:

* We propose a cognitive architecture inspired by the Somatic
Marker Hypothesis, endowing agents with simultaneous
symbolic reasoning and intuition through BT-based logical
reasoning and activation-steered risk premonition.

e We verify that the risk-premonition vector extracted from
the LLM possesses cross-task transferability, granting the
agent human-like cognitive abilities.

» Extensive experiments in an open world demonstrate that
CBT achieves state-of-the-art performance, validating the
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effectiveness of integrating biological intuition into agent
design.

Related Work

Behavior tree Generation

Behavior trees, first introduced by Isla (Isla & Blumberg,
2002) in "Halo" and later formalized by Champandard (Cham-
pandard, 2007), have emerged as an intuitive task planning
framework. Colledanchise (Colledanchise & Ogren, 2018)
established their theoretical foundations, highlighting advan-
tages in modularity and reactivity. Research has explored en-
hancing behavior trees through various learning approaches,
including imitation learning (French et al., 2019), genetic al-
gorithms (Iovino et al., 2021), and reinforcement learning (Fu
et al., 2016; Kartasev, 2019; R. Zhu et al., 2015).

The advent of LLMs has spawned new directions in be-
havior tree research. Recent works have demonstrated direct
behavior tree generation through model fine-tuning (Cao &
Lee, 2023; Izzo et al., 2024; Lykov & Tsetserukou, 2023;
Lykov et al., 2023). Models like LLM-BT (H. Zhou et al.,
2024) and BT-Planner (Ao et al., 2024) leverage GPT-4 for
behavior tree generation, while Tree-planner (Hu et al., 2023)
and HiAR-ICL (Wu et al., 2024) explore action-tree repre-
sentations. Additionally, approaches such as LLM-OBTEA
(Chen, Cai, Mao, Li, Yang, et al., 2024), BT-Expansion (Z.
Cai et al., 2021), HOBTEA (Chen, Cai, Mao, Li, Yang, et
al., 2024), and BETR-XP-LLM (Styrud et al., 2024) com-
bine predefined action libraries with LLMs for behavior tree
generation. However, these approaches primarily treat be-
havior tree generation as a symbolic translation or retrieval
task. They rely heavily on explicit textual constraints or static
libraries to ensure safety, lacking an intrinsic mechanism for
implicit risk perception. Consequently, they remain fragile
in open-world scenarios where surface-level instructions are
often overlooked during complex reasoning. In contrast, our
Cognitive Behavior Tree (CBT) transcends these limitations
by incorporating a Risk-Premonition mechanism inspired by
the Somatic Marker Hypothesis. Instead of relying solely
on textual prompting, CBT utilizes activation steering to in-
tervene in the model’s internal representations, enabling the
agent to proactively "sense" potential hazards and dynamically
generate defense strategies during execution.

Planning Agents with LLMs

With the rapid advancement of LLMs like GPT (Achiam et al.,
2023), researchers have begun exploring their robust common
sense reasoning and inference capabilities for task planning.
Early works primarily adopted direct planning approaches,
such as ReAct (Yao et al., 2022), which employs chain-of-
thought prompting to guide model reasoning and decision-
making, and Reflexion (Shinn et al., 2023), which optimizes
decision processes through model self-reflection. While these
methods are straightforward, they often underperform in com-
plex task scenarios (G. Wang et al., 2024). To enhance model

planning capabilities, researchers have proposed various im-
provements: PaLM-E (Driess et al., 2023), AutoPlan (Ouyang
& Li, 2023) and LLM-Planner (Song et al., 2023) employ
LLMs as high-level planners in conjunction with specialized
low-level controllers, while others integrate symbolic systems.
TDL (Cheng & Chin, 2023) transforms neural representa-
tion into symbolic knowledge, (X. Liu et al., 2022) leverages
LLMs for task decomposition and symbolic planning, LLM+P
(B. Liu et al., 2023) combines PDDL with LLMs for task
planning, and LAMBADA (Kazemi et al., 2022) integrates
symbolic constraints for reasoning. In open-world domains
represented by Minecraft (Johnson et al., 2016), Voyager (G.
Wang et al., 2024) pioneered the direct generation of action
sequences using GPT-4. VPT (Baker et al., 2022), Groot (S.
Cai et al., 2023), MineCLIP (Fan et al., 2022), Steve-1 (Lif-
shitz et al., 2024), Minedreamer (E. Zhou et al., 2024) learn
instruction-following policy networks through game videos.
DEPS (Z. Wang et al., 2024), Jarvis-1 (Z. Wang et al., 2025),
and Optimus-1 (Li et al., 2025) achieve notable performance
by utilizing LLMs as high-level planners and vision-language
models as low-level controllers. MP5 (Qin et al., 2024) and
GITM (X. Zhu et al., 2023) employ hardcoded scripts as low-
level controllers for environmental interaction. Despite their
success, these approaches predominantly adhere to a linear
sequential planning paradigm. They treat task execution as
a rigid chain of dependencies, where the failure of a single
node often necessitates a computationally expensive, global
replanning process. This linearity lacks the cognitive plas-
ticity required for open worlds—it struggles to dynamically
insert safety checks or adapt locally without disrupting the
entire plan context. In contrast, our CBT approach shifts from
this rigid linearity to a hierarchical reactive architecture. By
adopting a behavior tree structure, CBT allows for local adap-
tation and dynamic subtree injection. This ensures that when
our Risk-Premonition module detects a threat, defense strate-
gies can be seamlessly integrated into the ongoing process
without discarding the high-level goal, offering a more robust
and bio-plausible solution for dynamic environments.

Preliminary

Behavior Tree

A Behavior Tree (BT) is a hierarchical control structure com-
posed of Control, Condition, and Task nodes, driven by dis-
tinct tick” signals (Colledanchise & Ogren, 2018). Control
nodes dictate execution flow: Sequence nodes propagate suc-
cess only if all children succeed, while Selector nodes propa-
gate failure only if all children fail. Task and Condition nodes
perform actions or verify states, returning SUCCESS, FAIL-
URE, or RUNNING. We formalize the fundamental com-
positional syntax as (pre,task,ef f), representing the pre-
conditions, the task sequence, and the post-execution effects,
respectively.
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Figure 1: Overview of Our CBT Pipeline.

(1) The Deliberative Planning Model takes environmental observations, task

descriptions, condition sets and behavior sets as inputs, and outputs a modular behavior tree. (2) The Risk Premonition Module
is divided into two phases. In the first phase, we extract the risk premonition vector; in the second phase, we inject the risk
premonition vector into the LLM to guide and enhance its premonition of potential risks for decision support.

Problem Space

In the context of open-world embodied agents, we formalize
the problem space as a tuple P = (S, L, M,7T,G), where
the agent utilizes LLMs M to interpret natural language tasks
[ € L within a state space S = {¢,}. The core objective en-
tails navigating three fundamental challenges: first, ensuring
logical completeness in task decomposition, which requires

the agent to derive a valid subgoal sequence {gy,...,gn}
such that ¢ Slondn, ®goal» specifically by identifying and

bridging the implicit condition gap; second, achieving latent
risk premonition, where the agent must proactively sense and
avoid implicit hazardous states ¢ganger C S—such as en-
countering zombies or facing insufficient resources—that are
absent from explicit task instructions; and third, maintaining
plan robustness through dynamic adaptation, enabling the sys-
tem to execute local recovery Fuqqp: upon execution failure
without necessitating global replanning, thereby generating a
modular, safe, and adaptive execution strategy.

Method

Damasio’s Somatic Marker Hypothesis reveals (Damasio,
1996) that effective human decision-making relies not only
on deliberate reasoning but, more crucially, on anticipatory
"gut feelings" regarding risk. This hypothesis suggests that
LLMs should move beyond a sole focus on logical reasoning
tasks; they must also incorporate a risk-premonition mecha-
nism to simulate the anticipatory risk perception inherent in
human planning.

Deliberative Planning Module

The Deliberative Planning Module is responsible for resolv-
ing the logical dependencies of subtasks at the symbolic level,
based on high-level task objectives. At its core is a univer-
sal condition-driven recursive generation mechanism. This
mechanism drives the expansion of a BT from abstract goals
into concrete subtasks by continuously identifying the "cog-
nitive logic gap" between the current state and the target state.

The foundation of deliberative planning lies in transforming
unstructured natural language intent into executable symbolic
logic. Specifically, for a given parent task, CBT does not
directly generate a complete plan in one go. Instead, it con-
structs the Behavior Tree recursively by building fundamental
compositional syntax (pre, task, ef f). As illustrated in Fig-
ure 1, CBT treats the effect (e f f) as the validation condition,
placing it as the first child of a Fallback node. It then attaches
a Sequence node containing a precondition (pre) and a task
description (task). Subsequently, CBT traverses the precon-
dition nodes pre under the Sequence node and compares them
against the current environmental state:

Gap = {c|c € pre A State |~ c} (1)

If Gap # 0, the current plan is deemed logically incomplete.
For each unsatisfied condition ¢ € Gap, CBT recursively
treats it as a new subtask and generates a subtree designed
to resolve this discrepancy. This process continues iteratively
until Gap = 0. We adopt Qwen3-VL 8B as the base LLM.
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Risk-Premonition Module

Research by activation steering (Rahn et al., 2024; Stolfo
et al., 2024). indicates that while injecting instructions via
prompts is simple, LLMs often exhibit "instruction-ignoring"
behavior even when the requirements are explicitly defined.
In contrast, activation steering controls model output by di-
rectly modifying the model’s internal activation states. To
empower the agent with the capacity to perceive potential
hazards before task execution, we model "risk-premonition”
as a specific steering pattern and extract this pattern through
activation differencing. First, we construct a dataset D =
{(x; + I,isk,xi)}i]\il consisting of N input pairs, where ;g
is the risk-premonition instruction: "Please forebode the po-
tential risks that may arise in the course of future task execu-
tion, including survival risks and resource risks. Output strict
JSON format: {’impact level’: ’Negligible’/ Significant’, ’risk
description’: "..."}". We extract the residual stream activation
states H; at layer [ = 16 (Stolfo et al., 2024) and calculate a
premonition vector:

1 N
Vprem = N Z(Hl(xi ® Irisk) — Hi(x;)) )
i=1

This vector, v rem, not only captures the steering pattern that
maps current status descriptions to future risk predictions but
also implicitly encodes the formatting constraints of the JSON
output.

To construct the dataset, we deploy the agent solely under
the control of the deliberate planning module. The agent per-
forms a variety of long-horizon tasks within the environment.
Before executing each task, we record the current environ-
mental observation and the corresponding task instruction,
defined as x; = (obs, tasks). We then introduce an explicit
risk-premonition instruction, /s, for each collected x;. Con-
sequently, we construct the paired dataset D.

During the inference phase, we inject vp,¢p, into the acti-
vations of the corresponding layer / of the LLM:

I:Il =Hi+a Vprem 3
Where « represents the steering intensity, which we set to
0.5, and H; denotes the activation vector of the /-th layer.
This intervention ensures that during inference, the model’s
trajectory is forcibly shifted toward risk premonition, thereby
enhancing its capability to reason about potential hazards.

Behavior Tree Integration

We design an integration mechanism to ensure the agent ex-
ecutes tasks safely. This mechanism aims to proactively gen-
erate defense strategies and integrate them into the existing
Behavior Tree.

When the Risk-Premonition Module outputs a premonition
where the impact level is "significant", the CBT uses the corre-
sponding risk state description as a prompt for the Deliberative
Planning Module to generate a corresponding defense subtree:

Tyey = DeliberativePlanning (T, sk, ) @)

Upon obtaining Ty, r, we integrate it with the current Be-
havior Tree. To prioritize safe execution, we leverage the
properties of the Fallback node to construct a new composite
Behavior Tree:

Thew = FallbaCk(Tdef7 Tinir) &)

Due to the control logic of the Fallback node, the tick signal
always traverses the defense subtree first to verify the risk. The
pseudocode algorithm flow of CBT is presented in Algorithm
1.

Algorithm 1 CBT
1: eff,Pre,task «— LLM(T)
: 9o « Fallback(eff)
: M « Sequence(Pre,task)
. Jo «— Jo.add_children(M)
: R Tick(7)
while R # SUCCESS do
if R = Failure then
F,checkresult < CheckFailNode(7;)
if F = ConditionNode then
Jo « ExpandBT (Ty, F, checkresult)
else if F = ActionNode then
impact, risk_desc «— RiskPremonition(F)
if impact == "Significant” then
Jo < IntegrateDe fense(Ty, risk_desc)
end if
end if
end if
R « Tick(7)
: end while
: return 7,

[ S I e e e e e e
VXD NHELN 2O

Experiments

Experiments Setting

Environment. To ensure realistic gameplay like human
players, we employ MineRL with Minecraft 1.16.5 (Kan-
ervisto et al., 2022) as our simulation environment. The agent
operates at a fixed speed of 20 frames per second and only
interacts with the environment via low-level action control
signals of the mouse and keyboard. The agent always starts
in survival mode, with an empty inventory.

Benchmark. We conducted benchmark testing consistent
with Optimus-1 (Li et al., 2025), utilizing 67 tasks to evaluate
CBT’s capabilities, following Optimus-1’s methodology (Li et
al., 2025), the 67 Minecraft tasks are categorized into 7 groups
based on recommended classifications within Minecraft.

Evaluation Metrics. We conducted at least 30 times for
each task using different world seeds. In the main exper-
iments and ablation studies, we adopt average success rate
(SR) and average execution steps (AS) as evaluation metrics.
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Table 1: Main Results of CBT on long-horizon tasks benchmark. We report the average success rate (SR) and average number
of steps (AS) on each task group. Lower AS means that the agent is more efficient at completing the task, while +co indicates
that the agent is unable to complete the task. Overall represents the average result on the five groups of Iron, Gold, Diamond,
Redstone, and Armor. Baseline and human-level data are obtained from Optimus-1.

Sequence-Based

Behavior Tree-Based

Group Metric Human-level
GPT-4V DEPS Jarvis-1 ~ Optimus-1 LLM-BT-OW CBT
w SRT 41.42 77.01 93.76 98.60 97.76 99.40 100.00
Wood AS|  1103.04 1710.61  1355.25 841.94 897.78 885.08 621.59
@ SRT 20.89 48.52 89.20 92.35 93.77 95.64 100.00
Stone AS| 265547 257430  2830.05  2518.88 2475.30 2322.54 1617.00
o SRT 0.00 16.37 36.15 46.69 26.67 53.90 86.00
Iron AS] +00 8892.24 845551  6017.85 9816.34 5761.39 5687.60
< SRT 0.00 0.00 7.20 8.51 0.0 10.67 17.31
“=Gold AS| +00 too 1574713 15527.07 +00 1232238 13141.60
. SRT 0.00 0.60 8.98 11.61 0.0 13.46 16.98
Diamond  5gq| +00 23939.30 25101.25 23019.64 +00 19889.94  16237.54
‘ SRT 0.00 0.00 16.31 25.02 9.87 30.31 33.27
RedStone 5 g +oo too 1740840 12709.99  12307.33  11772.87  12357.00
¥ SRT 0.00 9.98 15.82 19.47 6.67 24.66 28.48
Armor AS| +00 17951.95 1649296  16350.56 13793.02 10528.78  11026.00
Overall SRT 0.00 5.39 16.89 22.26 8.64 26.60 36.41

Higher SR indicates better method performance, while lower
AS indicates higher method execution efficiency.

Baseline. CBT fundamentally diverges from existing ap-
proaches in both risk perception and planning architecture:

(1) Perception: Explicit vs. Implicit. Existing methods
rely on explicit textual prompts for safety, mimicking "cold"
reasoning that is often fragile. In contrast, CBT instantiates
the Somatic Marker Hypothesis via activation steering. By in-
jecting implicit risk premonition into internal representations,
it creates an intrinsic "alarm" that proactively anticipates haz-
ards before logical deliberation.

(2) Planning: Linear vs. Behavior Tree. Unlike rigid
linear sequential planners, CBT employs a recursive Behav-
ior Tree structure. This supports incremental cognitive ex-
pansion—constructing plans dynamically based on logical
gaps—and modular reactivity. Crucially, this architecture
allows the "defense subtrees" triggered by our risk module
to be seamlessly injected, enabling adaptive error-recovery
unattainable by static sequences.

We select representative methods as baselines:

(1) Behavior tree-based methods: Existing behavior tree
methods mainly fall into two categories: direct generation
methods and methods based on predefined state-action li-
braries. Methods based on predefined state-action libraries
are not selected as baselines since they depend on complete
enumeration of bounded state spaces, making them unsuit-
able for open-world environments. We adapt direct generation

methods to a version suitable for open-world settings through
prompt engineering (LLM-BT-OW). These methods gener-
ate complete behavior trees at once and regenerate them after
execution failures (Ao et al., 2024; Izzo et al., 2024; H. Zhou
et al., 2024).

(2) Sequence-based methods: We select advanced meth-
ods in sequence planning — DEPS (Z. Wang et al., 2024),
Jarvis-1 (Z. Wang et al., 2025), and Optimus-1 (Li et al.,
2025) — as baselines. DEPS implements planning adaptation
through a describe-explain-plan-select cycle, while Jarvis-1
and Optimus-1 utilize memory mechanisms to assist planning.
Voyager (G. Wang et al., 2024) is not suitable as a baseline
because it modifies the game into a text-based interface to
obtain excessive privileged information.

Experimental Results

Experimental results in Table 1 show that CBT performs ex-
cellently across various tasks, with an average success rate
of 26.60%, far surpassing sequence-based and LLM-BT-OW
methods, while also demonstrating superior execution effi-
ciency in terms of average execution steps (AS). Optimus-1 is
the optimal method among sequence-based approaches, fol-
lowed by Jarvis-1. However, these methods adopt passive
replanning strategies, adapting only after execution failures
occur. This "trial-and-error" paradigm lacks foresight, lead-
ing to lower efficiency compared to CBT.

Notably, while LLM-BT-OW methods perform comparably
to CBT on simple tasks (97.76% for Wood, 93.77% for Stone),
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Table 2: Ablation study results on Risk-Premonition Module. SR stands for task success rate, where a higher value is better. AS
denotes the average number of execution steps, where a lower value is better. Improvement represents the enhancement effect.
~ indicates that performance is close (a fluctuation range of 1.5% is considered close.

| Task
Risk-Premonition ‘ Wood® Stone® Iron= Gold= Diamond @
| SRT AS| SR AS] SRT AS| SRT AS| SRT AS]
- 98.89 897.64 97.78 2976.72 37.76 6760.49 7.78 17428.82 8.89 27118.73
v 98.89 885.08 98.89 2322.54 52.22 5761.39 12.22 1232238 13.33 21049.94
Improvement x ~ ~ [ 15.26% T 38.29% | 14.78% 1 57.07% | 29.30% T 49.94% | 22.38%

Success Rate

Wood Stone Iron Gold
u600 400 300

Diamond
200 ms

100 £ I [ I
80
60 l
40 | l ] ‘
20 'l [ [ 'I
‘, i Mk
0
Figure 2: The Effect of Dataset Size on the Performance of
Premonition Vectors Across Various Tasks.

their success rates drop dramatically on complex tasks. This is
not merely due to the difficulty of generating correct structures
in one shot, but fundamentally because these methods lack
intrinsic risk perception. In complex, open-world scenarios
full of latent hazards, a logically correct plan is insufficient if
it is "blind" to survival threats. In contrast, CBT maintains
high performance through a dual advantage: its condition-
driven adaptation ensures structural logic, while the Risk-
Premonition mechanism enables the agent to proactively sense
latent dangers and generate defense strategies in advance. This
combination allows CBT to navigate complex environments
with both logical rigor and intuitive safety awareness.

Ablation Study

Ablation on Risk-Premonition As shown by the ablation
study results in Table 2, the Risk-Premonition Module demon-
strates distinctly differentiated effects across tasks of varying
complexity. For simple tasks, the strategy brings relatively
marginal improvements in success rates (SR) (with the Wood
group showing nearly identical performance), primarily be-
cause simple tasks involve fewer prerequisites and lower in-
trinsic risks. However, as task complexity increases—such
as in the Stone, Iron, Gold, and Diamond groups—the Risk-
Premonition Module begins to demonstrate significant ad-
vantages, yielding substantial improvements in success rates
and significant reductions in average execution steps (AS).

This is because complex long-horizon tasks involve frequent
environmental shifts and hidden hazards; crucially, the Risk-
Premonition Module enables the agent to anticipate potential
risks and proactively plan defense strategies, thereby avoiding
catastrophic failures before they occur.

Ablation Study on the Data Scale Required for Premoni-
tion Vector Extraction Figure 2 illustrates the sensitivity
of the premonition vector’s effectiveness to the scale of the
contrastive dataset. The results reveal a distinct divergence:
for foundational tasks like "Wood," the success rate remains
invariant, validating that pure deliberative planning suffices
in low-risk environments. Conversely, for high-complexity
tasks (e.g., Gold, Diamond), the success rate exhibits a steep
upward trajectory as the dataset expands, indicating that larger
samples are essential to filter out "noisy" vectors and extract
a precise "risk direction" for effective steering. Crucially,
the consistent gains across diverse categories demonstrate the
vector’s cross-task universality—capturing a generalized cog-
nitive representation of risk awareness independent of specific
contexts. Notably, performance saturates within 400-600
pairs, demonstrating that our method achieves high data effi-
ciency by distilling a potent "somatic marker" from a relatively
compact dataset.

Conclusion

This paper proposes CBT, an architecture inspired by the So-
matic Marker Hypothesis, designed to address the deficiency
of risk premonition in agents performing long-horizon tasks.
CBT innovatively integrates Behavior Tree-based delibera-
tive planning with activation steering-based risk premonition.
By injecting a premonition vector into the residual stream,
we successfully endow the agent with a human-like intuitive
mechanism. Experimental results demonstrate that CBT sig-
nificantly enhances robustness in complex dynamic environ-
ments, improving the success rate of long-horizon tasks to an
average of 26.6%. This study validates the effectiveness of
integrating biological intuitive mechanisms into Large Lan-
guage Models, providing a valuable reference for the synergy
between symbolic and intuitive reasoning.
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