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ABSTRACT

Current work on reasoning in large language models often relies on explicit
chain-of-thought (CoT) as a linear token-level trace, implicitly assuming uniform
compute per token and offering limited control over when to think deeply and when
to stop. We propose the Structural Energy Framework (SEF), a metabolic view
of reasoning that models implicit thinking as adaptive budget allocation across
three recurrent states: Diffuse (D) for low-activation standby, Aggregation (A) for
targeted activation and consolidation, and Goal-Directed Drive (G) for high-budget
deep reasoning. SEF reframes implicit reasoning as latent state scheduling,
providing a unifying lens over adaptive compute, halting, looped architectures,
and thinking-token methods. We introduce measurable state diagnostics—state
occupancy and transition patterns—that evaluate when models enter or exit deep
thinking. Here, “energy” denotes a compute budget proxy, enabling measurable
state telemetry. SEF offers a compact foundation for designing and auditing latent
thinking systems beyond CoT.

1 INTRODUCTION

Chain-of-thought (CoT) reasoning has become a dominant paradigm for improving the performance of
large language models on complex tasks (Wei et al., 2022). However, CoT treats reasoning as a linear
token sequence with uniform compute per token, offering no intrinsic mechanism for: (1) adaptive
depth control—deciding when a problem requires deep versus shallow reasoning; (2) principled
halting—determining when reasoning should stop; and (3) budget-aware scheduling—allocating
resources based on task demands. These limitations frame reasoning as a control problem. We treat
reasoning depth as a budgeted control variable rather than a fixed token-by-token process.

Natural cognitive systems exhibit metabolic rhythms: periods of rest, targeted activation, and deep
engagement (Raichle & Mintun, 2006). This suggests that implicit reasoning might be better
understood as latent budget scheduling rather than token-by-token deliberation.

We propose the Structural Energy Framework (SEF), which models reasoning as a metabolic
state machine with three states: Diffuse (D), Aggregation (A), and Goal-Directed Drive (G). Our
contributions are: (1) a conceptual framework that unifies existing approaches under a common
vocabulary; (2) measurable state diagnostics that enable evaluation even when reasoning remains
implicit; (3) testable hypotheses connecting state behavior to task difficulty and efficiency.

2 THE THREE-STATE ENERGY FRAMEWORK

2.1 STATE DEFINITIONS

SEF defines three computational states (Table 1). Diffuse (D) represents low-activation standby.
Aggregation (A) involves targeted activation and evidence consolidation. Goal-Directed Drive (G)
denotes deep engagement with high compute for iterative refinement. We use “Drive” to indicate
goal-directed deep engagement, not psychological motivation.

1



Published as a conference paper at ICLR 2026

State Name Cognitive Analogy Computational Characteristic

D Diffuse Standby / Rest Low activation, no active reasoning
A Aggregation Awakening / Focus Budget consolidation, targeted activation
G Goal-Directed Drive Deep Engagement High activation, multi-step coordination

Table 1: The three states of SEF with their cognitive analogies and computational characteristics.
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Figure 1: SEF state machine. Solid arrows denote primary transitions; the dashed arrow denotes
optional fallback from G to A under uncertainty. SEF’s key distinction is budget-conditioned
scheduling and measurable telemetry (occupancy/transition stability).

2.2 STATE TRANSITIONS

States are connected by transitions triggered by task demands and resource constraints (Figure 1):
D→A (task arrival triggers awakening), A→G (complexity escalation), G→D (task completion
or budget limit), A→D (simple tasks resolved), and optionally G→A (uncertainty proxies trigger
fallback). The bidirectional A↔G pathway makes SEF a control system rather than a pipeline.

2.3 MINIMAL FORMAL ABSTRACTION

Throughout this paper, “energy” is used strictly as a conceptual proxy for compute budget (steps,
iterations, or capacity); it carries no claim about biological energetics or thermodynamic quantities.
The metabolic analogy is organizational, not mechanistic. We define: state variable st ∈ {D,A,G};
budget proxy bt; transition function st+1 = τ(st, xt, ht, bt); and observable diagnostic ϕ(ht) → ŝt.
SEF does not prescribe the specific form of τ or how bt is computed—this is intentional: SEF is a
shared vocabulary and diagnostic interface, not an algorithm proposal. It requires only that transitions
be detectable and budget constraints influence scheduling.

3 OPERATIONALIZATION AND PROBES

SEF can be instantiated at two levels. Wrapper-level control (architecture-agnostic): a controller
treats SEF states as compute phases—D for low-cost response, A for planning passes, G for iterative
reasoning. In-model latent state (architecture-dependent): st gates depth or module activation; the
transition τ can be learned or rule-based. State detection may come from controller logs, iteration
counters, gating statistics, or post-hoc probes.

We propose measuring: state occupancy (dwell time in D/A/G per task), transition profiles (counts,
directionality, stability), and compute allocation (budget units per state). These signals provide
compact “thinking telemetry” even when reasoning remains implicit.

4 SEF AS A UNIFYING LENS

SEF unifies existing approaches under a common vocabulary. The mapping principle is: state =
compute regime + control objective. Adaptive Computation Time (Graves, 2016) and Universal
Transformers (Dehghani et al., 2018) implement dynamic halting (G→D); in this lens, Universal
Transformers combine A↔G iteration with G→D halting via adaptive depth. Pause tokens (Goyal
et al., 2023) approximate the A state. Looped architectures (Giannou et al., 2023; Fan et al., 2024)
implement A↔G iteration. Implicit CoT (Deng et al., 2023), Quiet-STaR (Zelikman et al., 2024),
and Self-Refine (Madaan et al., 2023) operate in A/G states without explicit traces.
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Existing Approach SEF Interpretation

Adaptive Computation Time (Graves, 2016) A↔G transition; learned halting
Universal Transformers (Dehghani et al., 2018) Looped A↔G with adaptive halting
Pause / Filler Tokens (Goyal et al., 2023) Token-level approximation of A state
Looped Transformers (Giannou et al., 2023) Structural A↔G iteration
Implicit CoT (Deng et al., 2023) Distilled A/G without token trace
Quiet-STaR (Zelikman et al., 2024) Self-taught latent A/G reasoning
Self-Refine (Madaan et al., 2023) Iterative G-state refinement

Table 2: SEF provides a unified vocabulary across diverse implicit reasoning methods.

SEF provides a unified diagnostic interface—state occupancy, transition patterns, and budget
allocation—that can be applied across architectures to compare and audit implicit reasoning.

5 TESTABLE HYPOTHESES AND EVALUATION

SEF generates testable predictions: H1 (State Occupancy): simple tasks exhibit high D/A occupancy;
complex tasks exhibit high G occupancy. H2 (Transition Stability): well-calibrated systems avoid
high-frequency A↔G thrashing. H3 (Efficiency Frontier): SEF-style control achieves equivalent
accuracy with lower compute, or higher accuracy with equivalent compute.

Metric What It Measures

Transition count Total state changes per task
Dwell time distribution Proportion of time in each state
Compute-per-state Budget units allocated to D/A/G
Success rate conditioned on G Accuracy given that system enters G
Efficiency ratio Performance / total compute budget

Table 3: Proposed metrics for evaluating SEF-style reasoning systems.

Evaluation protocol: task families with graded difficulty; baselines of uniform compute and standard
CoT; SEF probes via state classifiers or controller logs. This is a vision paper; a preliminary pilot
study is provided in Appendix A.

6 IMPLICATIONS AND CONCLUSION

For model design. SEF suggests incorporating explicit state representation, input-dependent
reasoning depth, and budget arbitration mechanisms.

For safety. A key challenge with implicit reasoning is no visibility into when deep reasoning occurs.
SEF provides state transition logs as safety telemetry, enabling oversight without exposing sensitive
intermediate text.

Conclusion. We have proposed SEF, which models reasoning as a metabolic process with three
states: Diffuse, Aggregation, and Goal-Directed Drive. SEF provides a unified framework for
latent reasoning, measurable diagnostics, and testable hypotheses. This is a vision paper; concrete
implementations represent future work. SEF offers a foundation for auditing implicit thinking beyond
CoT, framing reasoning as cognitive metabolism.

LLM Usage Disclosure. All research ideas, the SEF framework, and the technical content in this
paper are solely the author’s. A large language model was used only for English polishing and
improving clarity of exposition (e.g., rephrasing and minor stylistic edits). The model was not used
to generate technical contributions, experimental results, or references. The author reviewed and
verified the final manuscript.
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A PILOT STUDY: WRAPPER-LEVEL SEF CONTROL

To demonstrate that SEF diagnostics are measurable, we conduct a minimal wrapper-level pilot. A
rule-based controller assigns tasks to SEF states: D (direct response), A (single planning pass), G (up
to 3 refinement loops). We define steps as reasoning passes (D=0, A=1, G=1–3).

We evaluate on n = 50 examples per task family: (1) Simple (single-step arithmetic); (2) Complex
(multi-hop reasoning).

Condition Accuracy Avg. Steps G Occupancy

Simple + Uniform 94% 3.0 100%
Simple + SEF 95% 1.2 8%
Complex + Uniform 71% 3.0 100%
Complex + SEF 78% 2.6 89%

Table 4: Pilot results (n = 50 per condition). SEF reduces compute on simple tasks while improving
accuracy on complex tasks.

Results support H1 (state occupancy correlates with difficulty) and H3 (SEF improves efficiency).
State telemetry is readily measurable from controller logs. This pilot is illustrative; the uniform
baseline is intentionally fixed-depth to highlight diagnostic contrast. Full validation with stronger
baselines (e.g., learned halting) is left for future work.
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