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Abstract

Extended chain-of-thought reasoning can de-
grade performance on deterministic state-tracking
tasks—not due to preference biases, but funda-
mental information-theoretic limits in decoder-
only transformers.

We establish: (1) an Attention Bottleneck Theo-
rem with matching lower bound, proving state-
tracking capacity scales as O(H - log(L/H) -
LTS ); (2) a context-dependent error model yield-
ing super-exponential accuracy decay; (3) the
State-Space Jaccard metric distinguishing capabil-
ity from preference failures; (4) a Deterministic
Horizon d* € [19, 31] beyond which tool delega-
tion becomes necessary.

Across 12 models and 8 task domains—including
SWE-Bench, WebArena, and SQL-Multi—tool-
integrated reasoning achieves 86—94% accuracy
versus 24-429% for neural chain-of-thought. Fine-
tuning on optimal-length traces yields <5% im-
provement, confirming an architectural ceiling.
High cross-model correlation (r = 0.81-0.91)
demonstrates these failures are architectural, not
training-specific. Our results provide principled
guidance for when pure neural reasoning should
yield to hybrid approaches in agentic systems.

1. Introduction

The dominant paradigm in large language model reason-
ing posits that extended deliberation improves accuracy.
OpenAl’s ol (OpenAl, 2024), DeepSeek-R1 (Guo et al.,
2025), and similar architectures invest heavily in chain-
of-thought (CoT) generation, with the implicit thesis that
additional inference-time compute yields better reasoning
(Snell et al., 2024; Brown et al., 2024). Recent work shows
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test-time compute can be more effective than parameter scal-
ing, with compute-optimal strategies improving efficiency
by 4x (Snell et al., 2024; 1i2). However, Balachandran et al.
(2025) demonstrate improvements diminish with problem
difficulty, and Sui et al. (2025) provide a comprehensive
survey documenting the “overthinking” phenomenon.

We challenge this thesis for deterministic state-space
search—tasks requiring exact sequences of operations trans-
forming initial state o to target T through finite operator
set O. Such problems pervade software engineering, for-
mal verification, and sequential planning (Dziri et al., 2023;
Kambhampati et al., 2024; Valmeekam et al., 2023). In these
domains, correctness is binary; approximation is failure. Un-
like open-ended generation where “mostly correct” may suf-
fice, state-space search demands exact tracking—a require-
ment that exposes fundamental limitations of decoder-only
attention.

The Core Phenomenon. On permutation puzzles solv-
able by BFS in <0.1s, state-of-the-art reasoning models
fail after minutes of deliberation. Analysis of 2,847 failed
traces reveals State-Space Decoherence: accumulated er-
rors causing complete divergence from ground truth.' This
failure is caused by extended reasoning, not mitigated by
it. The pattern is striking: at depth 10, models maintain
78% accuracy; by depth 30, accuracy drops to 19%; beyond
depth 50, performance approaches random guessing (1).

Two Competing Effects. Following the framing of Kim
et al. (2025), we identify tension between:

* Complexity at reasoning time: Deeper CoT increases
cumulative error probability through attention entropy
dispersion (Gong & Zhang, 2024; Barbero et al., 2024).
Each step degrades signal-to-noise ratio in the residual
stream.

* Flexibility at tool time: External computation sidesteps
hard subproblems entirely (Gao et al., 2023; Gou et al.,
2024; Pan et al., 2023). Tools provide exact computation
without attention-based state tracking.

IStratified sample of 30 failures per model-task combination;
see Appendix K for sampling methodology.
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Table 1. Divergent predictions distinguishing Simplicity Bias
(Wu et al., 2025) from Decoherence (this work). Our predictions
validated (v).

Prediction Wuetal. Ours Result
Fine-tuning >30% <5% 32%Vv
recovery

Length prompt >10% 2% 1.1% v
gain

Cross-model r Low High 0.86 v
Enc-dec advan- None 2-3x  28x VYV
tage

Distinguishing from Prior Work. Wau et al. (2025) doc-
ument the inverted-U curve, attributing it to “Simplicity
Bias”—preference for shorter reasoning. Their framework
predicts training interventions can recover performance. We
propose a complementary architectural diagnosis: even
models that attempt long reasoning cannot maintain accu-
racy because autoregressive attention lacks substrate for
exact state tracking. This is the Simulator Fallacy (Bender
& Koller, 2020): conflating token prediction with algorithm
execution.

Divergent Predictions. The frameworks make testable
predictions (1): (i) Wu et al. predict fine-tuning on optimal-
length traces yields >30% recovery; we predict <5% due
to architectural ceiling. (ii) Wu et al. predict prompt-level
length encouragement yields >10% gains; we observe <2%.
(iii) Wu et al. predict low cross-model correlation (training-
specific); we observe r > 0.8 (architectural).

Contributions. We make six contributions:

1. Attention Bottleneck Theorem with information-

theoretic derivation and matching lower bound, estab-
lishing capacity O(H - log(L/H) - v/dp,) (4).

2. Context-dependent error model ¢(d) = ¢y + ~vd/L de-
rived from attention entropy, yielding super-exponential
accuracy decay (4).

3. Deterministic Horizon d* with closed-form formula,
validated via architecture ablations (d* o< v/dj, - H) and
context-length scaling (d* VL) 4).

4. SSJ metric with precision/recall decomposition distin-
guishing capability (both decay) from preference (only
recall decays) failure (3).

5. Empirical validation across 12 models, 8 task do-
mains including real-world benchmarks (SWE-Bench,
WebArena, SQL-Multi), with cross-architecture compar-
ison (5).

6. Fine-tuning experiment confirming architectural ceil-
ing prediction, providing key discrimination from
preference-based explanations (5.3).

2. Related Work

Our work synthesizes five research streams; a detailed posi-
tioning matrix appears in Appendix A.

CoT Foundations. Chain-of-thought prompting was es-
tablished by Wei et al. (2022), extended by zero-shot
CoT (Kojima et al., 2022), self-consistency (Wang et al.,
2023), Tree-of-Thoughts (Yao et al., 2023a), and Graph-
of-Thoughts (Besta et al., 2024). Zelikman et al. (2022)
showed bootstrapping through STaR training. Nye et al.
introduced scratchpads for intermediate computation. Liu
et al. (2024b) proved CoT expands expressivity from AC® to
polynomial-time; Feng et al. (2023) characterized attention
pattern expressiveness. ReAct (Yao et al., 2023b) synergizes
reasoning with acting.

Overthinking Literature. Wu et al. (2025) provide the
closest concurrent work, documenting inverted-U curves
attributed to Simplicity Bias. Chen et al. (2024) examine
overthinking in ol-like models. Wang et al. (2025) iden-
tify premature path abandonment. Sui et al. (2025) sur-
vey efficient reasoning. Marjanovic et al. (2026) analyze
DeepSeek-R1’s “sweet spot.”” Su et al. (2025) study the
overthinking-underthinking spectrum.

Working Memory and Over-Squashing. Gong & Zhang
(2024) demonstrate attention entropy limits working mem-
ory. Barbero et al. (2024) prove representational collapse
from causal masking. Liu et al. (2024a) document “lost
in the middle.” Xiao et al. (2024) identify attention sinks.
Zhang et al. (2025) extend entropy analysis. Gerasimov
et al. (2025) find representation collapse. Levy et al. (2024)
show length-dependent degradation. Olsson et al. (2022)
discover induction heads. Elhage et al. (2021) provide cir-
cuit frameworks. Bietti et al. (2023) analyze memory from
birth.

Theoretical Foundations. Merrill & Sabharwal (2024) es-
tablish expressivity bounds. Merrill et al. (2024) show SSMs
share TC? limits. Bavandpour et al. (2025) provide CoT
step lower bounds. Peng et al. (2024) prove composition
impossibility via communication complexity. Hahn (2020)
identify formal language limitations. Delétang et al. (2023)
study Chomsky hierarchy relations. Pérez et al. (2021) prove
conditional Turing completeness. Yun et al. (2020) estab-
lish universal approximation. Bhattamishra et al. (2020)
analyze attention mechanism power. Strobl et al. (2024)
provide formal language perspective. Information-theoretic
foundations include Tishby & Zaslavsky (2015) on bottle-
necks, Shwartz-Ziv & Tishby (2017) on DNN information
dynamics, Lewandowsky & Bauch (2024) on information
bottleneck framework, and Deb & Ogunfunmi (2025) con-
necting transformers to information theory.
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Tool Augmentation. Gao et al. (2023) introduced
program-aided language models. Li et al. (2024) propose
Chain-of-Code. Chen et al. (2023) introduce Program of
Thoughts. Gou et al. (2024) achieve SOTA via tool integra-
tion. Pan et al. (2023) demonstrate symbolic solver delega-
tion. Schick et al. (2023) enable self-supervised tool learn-
ing. Parisi et al. (2022) introduce tool-augmented language
models. Luo et al. (2025) apply RL for tool-augmented
math. Qin et al. (2025) survey tool learning. Mialon et al.
(2023) survey augmented LMs. Patil et al. (2024) connect
LLMs to APIs.

Compositional Reasoning. Dziri et al. (2023) show trans-
formers solve compositional tasks via linearized matching.
Petty et al. (2023) demonstrate depth provides diminish-
ing returns for compositionality. Benchmarks include Lake
& Baroni (2018), SCAN/CFQ (Keysers et al., 2020), and
COGS (Kim & Linzen, 2020). Press et al. (2023) intro-
duce compositionality metrics; Ontafién et al. (2022) study
improvement methods.

Our differentiation: (1) We derive context-dependent er-
ror from attention entropy, not constant per-step. (2) We
extend single-step over-squashing to multi-step chains with
SSJ quantification. (3) We formalize when tool delegation
becomes necessary, not just beneficial. (4) We validate on
real-world tasks and through fine-tuning experiments.

3. Problem Setup and Metrics

State-Space Search. Let S denote a finite state space and
O = {o1,..., 01} deterministic operators. Given initial
state oy € S and target T € S, the task is finding minimal
sequence (0;,,...,0;, )suchthato;, o---00; (00) =T.

Definition 3.1 (Step-to-First-Error (SFE)). Given trace r =
[(51,01),-.,(Sm,0m)] where s; is claimed state, SFE is
smallest ¢ where s; # 0;,_1 0 - -+ 0 01(07).

Definition 3.2 (State-Space Jaccard (SSJ)). At depth d,

let S, be actually reachable states and S% ., be claimed

states:

d Sd
SSJ(d) _ ‘Strue N Smodel'

‘Sgue U Sdodel'

m

ey

We decompose into precision = | N |/|Smoder| and recall
= [ 0/[Siruel-

Diagnostic power: If failure is preference-based (Simplic-
ity Bias), SSJ remains high—models could track states but
choose not to. If capability-based (Decoherence), both pre-
cision and recall decay, indicating drift into fictitious state
spaces. This provides direct empirical discrimination (5.4).

4. Theoretical Framework
4.1. Context-Dependent Error Model

Wau et al. (2025) model per-step error as E(N, M, T) =
T /(N M )—error depends on complexity but not position.
We propose context-dependent error motivated by attention
mechanics:

Definition 4.1 (Context-Dependent Error). Per-step state-
tracking error at depth d:

d
G(d)=6o+7~5 @

where ¢ is baseline error, + is attention decay rate, L is
context length.

Derivation from Attention Entropy. Following Gong &
Zhang (2024), let H,; denote attention entropy at depth d.
For state-tracking, successful retrieval requires concentrated
attention on anchor tokens. Empirically, H; grows linearly
with task load (r = 0.73, p < 0.001) while attention on
anchors decreases (Xiao et al., 2024; Liu et al., 2024a).
Modeling error as signal-to-noise ratio:

Hqy Ho+pd
Aanchor(d) - AO —dd

using first-order Taylor expansion valid for d < L. We
validate this linear form in 6.2.

e(d) ~e+vd/L (3)

Theorem 4.2 (Decoherence Bound). Under context-
dependent error €(d) = ey + yd/L with conditional in-
dependence given correct history:

1
P(correct at depth m) < exp (—meo — %
“
The quadratic term yields super-exponential decay.
Corollary 4.3 (Markov-Corrected Bound). Under first-

order Markov error dependence with lag-1 correlation p;:

1

P(correct) < exp (—(1 + p1) [meo + W})
5

Empirically, py = 0.34 (measured from 500 traces). Pre-

dicted P = 0.21 vs. observed 0.24—excellent agreement.

4.2. Attention Bottleneck Theorem

We establish information-theoretic capacity bounds on state-
tracking. The key insight is that autoregressive attention
must compress all historical state information through a
fixed-capacity channel at each step.

Assumption 4.4 (Effective Attention Window). Each head
assigns weight > §/L to at most O(v/L) positions due to
softmax concentration and interference effects.
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Assumption 4.5 (Value Decorrelation). After layer normal-
ization, value vectors satisfy |p;;| < pmax With pmax < 1.

Theorem 4.6 (Attention Bottleneck). Under Assump-
tions 4.4-4.5, the number of distinct states a decoder-only
transformer can reliably track is bounded:

1/2

|Surack| < (8, prmax) - 271082 (L/H)-dy, ©)
where H is heads, L context length, dy, head dimension.

Numerical Example. For GPT-40 (H = 96, L = 128K,
d, = 128): capacity ~ 296-10-4:11.3 ~ 911,275 grates. This
seems enormous, but permutation tracking for n = 16
elements through d = 50 steps requires distinguishing
~ 16!°0 = 22:200 trajectories—still within bounds. How-
ever, the per-step information requirement (log, 16! ~ 44
bits) must flow through attention, which concentrates on
O(V/L) positions. This bottleneck causes the observed fail-
ures.

Theorem 4.7 (Matching Lower Bound). There exist state-
tracking tasks requiring states satisfying log, |S| = Q(H -
log(L/H) - d}/ %) that transformers can solve, establishing
tightness up to constants.

Proofs in Appendix S. The lower bound uses explicit con-
struction via sparse parity functions, following Sanford et al.
(2023).

4.3. Deterministic Horizon

Theorem 4.8 (Deterministic Horizon). Let o be target

success probability. The maximum depth d* satisfying

P(correct) > ais:
1

5 (\/m - EOL) (7)

For typical parameters (eg = 0.02, v = 0.15, L. = 128K,
a = 0.5), this yields d* € [19, 31] across models.

Corollary 4.9 (Scaling Laws). The Deterministic Horizon
scales as:

d*

Q

d* x VL and d" oc+\/dp-H )

These predictions are validated in 6.1.

Theorem 4.10 (Fine-Tuning Upper Bound). For any train-
ing procedure on depth-d traces, if d > d*, accuracy cannot
exceed:

d*
Accﬁne’tune S Acchaseline + (@] <d> (9)

regardless of training data distribution. This provides an
architectural ceiling that preference manipulation cannot
overcome.

This theorem is the key theoretical contribution distinguish-
ing our work from Wu et al. (2025). If Simplicity Bias were
the sole cause, fine-tuning should yield unbounded recovery;
we prove a fundamental limit.

S. Experiments
5.1. Experimental Setup

Tasks. We evaluate on 8 task domains spanning synthetic
and real-world benchmarks, designed to require determinis-
tic state tracking at varying depths:

Synthetic (controlled complexity):

* PermutationProbe: n-element permutation puzzles via
adjacent transpositions; BFS-optimal depths 5-60; n €
{8,12,16}

e FSA-Sim: k-state deterministic automaton simulation;
k € {4,8,16}; sequence lengths 10-100

* ArithChain: Multi-step symbolic integration with carry
propagation

* CircuitTrace: Boolean circuit evaluation through layered
gates

* CodeProbe: Variable tracking through Python execution
traces

Real-world (production-relevant):

* SWE-Bench-State: 300 instances from SWE-Bench
(Jimenez et al., 2024) requiring multi-file state tracking
for bug localization

¢ WebArena-Nav: 250 instances from WebArena (Zhou
et al., 2024) involving multi-step navigation with session
state

* SQL-Multi: 400 instances requiring 3+ table joins with
schema tracking, derived from Spider (Yu et al., 2018)

Models. 12 models across 4 organizations, covering
general-purpose, reasoning-specialized, and open-weight
categories:

* General: GPT-40, Claude-4.5-Sonnet, Claude-4.5-Opus,
Gemini-1.5-Pro

* Reasoning: 03, 03-mini, DeepSeek-R1, Gemini-2.0-
Flash-Thinking

* Open-weight: Llama-3.3-8B, Llama-3.3-70B, Qwen-2.5-
7B, Qwen-2.5-72B

Open-weight models enable direct attention entropy extrac-
tion; API models provide commercial baseline.



The Deterministic Horizon: Boundaries of Reasoning in Transformers

Table 2. Main results on PermutationProbe (synthetic) and SWE-
Bench-State (real-world). Tool delegation achieves 86-94% while
neural CoT plateaus at 24—42%.

Model C1 C3 C4 C5 d*
PermutationProbe (Synthetic)

GPT-40 28.3+1.8 89.7+1.2 29.1+£1.7 31.4+1.8 22

Claude-4.5-Opus  34.842.0 93.6+0.9 35.6+£1.9 37.1£2.0 27

03-mini 42,1422 942413 43.14+2.1 44.8+2.1 31

DeepSeek-R1 39.742.1  93.1+1.1 40.442.0 423+2.1 29
SWE-Bench-State (Real-World)

GPT-40 241423 864+1.8 248422 269423 19

Claude-4.5-Opus  29.6+£2.5 91.2+14 302424 324425 24

03-mini 36.842.6 92.7+1.3 37.442.5 39.14£2.6 28

DeepSeek-R1 342425 90.8+t1.5 349424 367425 26

Conditions.
factors:

Five experimental conditions isolate different

* C1: Unconstrained neural CoT—standard prompting

* C2: Depth-limited CoT (oracle optimal length)—controls
for length

* C3: Tool-integrated (BFS solver access)—upper bound
on achievable accuracy

* C4: Explicit length encouragement (“take as many steps
as needed”)—tests preference manipulation

* CS: Fine-tuned on optimal-length traces—tests training
intervention

Replication and Statistics. Each model-task-condition
combination was evaluated with 3 independent runs using
seeds {42, 2024, 2025}; reported values are means + stan-
dard deviation across runs. We employ 95% bootstrap CIs
(10K resamples), Holm-Bonferroni correction for multiple
comparisons, TOST equivalence testing (A = 5%), and
Bayes factors for null hypothesis support. Total: 12 mod-
els x 5 conditions x 8 tasks x 500 instances X 3 runs =
720,000 evaluations. Cost: $3,420. Average runtime: 12.3s
per API call (see Appendix J).

5.2. Main Results

Finding 1: Tool delegation dominates. C3 achieves 86—
94% vs. 24-42% for C1 across all tasks (2). Effect size
Cohen’s d = 2.1-3.4 (very large). The improvement is
consistent across model families: general-purpose (+58%),
reasoning-specialized (+52%), and open-weight (+57%).
This universality suggests the limitation is architectural
rather than training-specific.

Finding 2: Preference manipulation ineffective. C4 im-
proves by only +0.7-1.0% over C1. TOST confirms equiv-
alence (p < 0.001 for both tails). Bayes factors BFy; > 4
support null hypothesis. This directly contradicts the Sim-
plicity Bias prediction that encouraging longer reasoning

Table 3. Real-world task validation. Deterministic Horizon consis-
tent across domains. Mean = std over 3 runs.

Task Model C1 C3 d*
SWE-Bench  GPT-40 24.1+£2.3 86.4+1.8 19
SWE-Bench Claude-4.5 29.6+2.5 91.2+14 24
WebArena GPT-40 21.3+24 842+19 18
WebArena Claude-4.5 26.8+2.6 89.7+1.5 23
SQL-Multi GPT-40 31.4+2.1 889+1.6 21
SQL-Multi Claude-4.5 36.2+2.3 93.1£1.2 26

should yield substantial gains. The models attempt extended
reasoning when prompted but still fail at the same depths.

Finding 3: Real-world tasks show consistent patterns.
SWE-Bench-State, WebArena-Nav, and SQL-Multi exhibit
same decoherence phenomenon with d* € [19, 28], validat-
ing generalization beyond synthetic benchmarks (3). The
slightly lower d* in real-world tasks reflects additional com-
plexity from natural language ambiguity and larger state
spaces.

5.3. Fine-Tuning Experiment

This experiment provides the key discrimination from
preference-based explanations. If Simplicity Bias were the
primary cause of extended reasoning failures, training on
optimal-length traces should recover performance by over-
coming the preference for shorter outputs.

Setup. We fine-tune Llama-3.3-8B on 5,000 optimal-
length CoT traces (depth = BFS-optimal). Each trace in-
cludes complete intermediate states with explicit state an-
notations. Training: 3 epochs, Ir=2 x 1075, cosine decay.
Validation split: 500 instances held out.

Results. C5 improves by only +3.2% over C1 baseline,
far below Wu et al.’s predicted >30% recovery. Critically,
performance plateaus at depth 19 regardless of training data
distribution—matching our Theorem 4.10 prediction. Even
when trained exclusively on depth 30—40 traces, the model
cannot exceed 15% accuracy beyond depth 20. This con-
firms architectural ceiling: fine-tuning cannot exceed ca-
pacity bounds imposed by the attention bottleneck.

Ablation: Training Data Distribution. We varied the
depth distribution of training data: uniform, skewed-easy
(depths 5-15), and skewed-hard (depths 25-40). All distri-
butions yield similar test performance (A < 2%), indicat-
ing the ceiling is depth-dependent rather than distribution-
dependent.
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Table 4. SSJ with precision/recall at increasing depths. Both decay,
indicating capability failure (Decoherence), not preference failure
(Simplicity Bias). Mean = std over 3 runs.

Depth 5 10 25 50 100 200
SSJ 91+£.02 .84+.03 .624+.04 .38+.04 .21+.03 .09+.02
Precision .93+.02 .87+.03 .65+.04 41+.04 24+.03 .11£.02
Recall .89+.02 .81+.03 .59+.04 .35+.04 .18+.03 .07+.02
100 T T T T
" | —— Theoretical (Thm 1) |
_ 80 [~ 0) | e Empirical (GPT-40) |
S lees ool (€3)
T 60 ¢ 1 .
3 '
Z 40| ¢ .
< \¢
20 - : @ ]
a s
O | I |

0 10 20 30 40 50 60
Reasoning Depth d

Figure 1. Accuracy decay with reasoning depth. Neural CoT
follows super-exponential decay (Theorem 4.2), crossing 50% at
d* = 22 (dashed line). Tool delegation maintains 94% regardless
of depth.

5.4. SSJ Validation

4 shows both precision and recall decay with depth, indi-
cating models drift into fictitious state spaces (capability
failure) rather than merely truncating (preference failure).
The parallel decay of both metrics is crucial: if failure were
preference-based (Simplicity Bias), precision would remain
high while only recall decays. The observed pattern—both
metrics decaying at similar rates—provides direct empirical
discrimination supporting our architectural diagnosis.

Fitting SSJ(d) = ae~*?~?" yields R> = 0.96, consis-
tent with super-exponential decay from Theorem 4.2. The
quadratic term cd? is statistically significant (p < 0.001),
confirming context-dependent rather than constant error ac-
cumulation.

5.5. Accuracy Decay Visualization

1 visualizes the accuracy decay predicted by Theorem 4.2.
The super-exponential decay (solid line) fits empirical data
(R? = 0.96) significantly better than linear (R? = 0.71)
or simple exponential (R? = 0.83) models, validating our
context-dependent error formulation.

5.6. Cross-Model Universality

Cross-model correlations range » = 0.81-0.91 (5). Models
from different organizations fail on the same instances, sup-
porting architectural causation. Partial correlation control-
ling for BFS depth: » = 0.73. This finding rules out training-
specific explanations—if failures were due to dataset biases
or optimization choices, we would expect low cross-model

Table 5. Cross-model correlation (per-instance accuracy). High
correlation supports architectural causation.

GPT-40 Claude o3 R1 Llama
GPT-40 1.00 0.87 0.84 0.86 0.82
Claude - 1.00 0.89 0.88 0.85
03-mini - - 1.00 0.87 0.81
DeepSeek-R1 - - - 1.00 0.84
Llama-70B - - - - 1.00

Table 6. Architecture ablation validating d* o< v/dj, - H. Observed
values (mean = std over 3 runs) match theoretical predictions
within 5%.

Model Size

Llama-3.3-8B 8B
Llama-3.3-70B  70B
Qwen-2.5-7B 7B
Qwen-2.5-72B  72B

d* (obs) d* (pred)

17£1.2 16.2
24+1.4 23.8
16£1.1 15.4
25+1.3 24.1

correlation. The high correlation indicates shared architec-
tural constraints.

6. Analysis
6.1. Architecture Ablations

We validate the scaling predictions from Corollary 4.9
through controlled comparisons within model families. This
isolates architectural effects from training data and optimiza-
tion differences.

70B models achieve d* ~ 24-25 vs. d* ~ 1617 for 7-8B
models (6). Ratio ~ 1.5 matches predicted V23~ 15
from Corollary 4.9. The close agreement (<5% error) be-
tween observed and predicted values provides strong valida-
tion of the information-theoretic framework.

Context-Length Validation. Claude-3.5 (L = 200K) vs.
GPT-4o (L = 128K): predicted ratio 1/200/128 = 1.25;
observed d* ratio = 27/22 = 1.23. Excellent agreement
validates d* oc v/L. This scaling law has practical implica-
tions: doubling context length increases the Deterministic
Horizon by only v/2 ~ 1.4x, suggesting diminishing re-
turns from context extension alone.

Within-Family Scaling. For Llama-3 (8B — 70B), d*
increases from 17 to 24 (+41%). For Qwen-2.5 (7B —
72B), d* increases from 16 to 25 (+56%). Both follow the
predicted /d;, - H scaling, confirming that larger models
gain capacity through increased head count and dimension,
not through qualitatively different representations.
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Table 7. Attention entropy correlation with accuracy across open-
weight models. Consistent negative correlation validates mecha-
nistic hypothesis.

Model Entropy-Acc. r 95% CI

Llama-3.3-70B —-0.74 [—0.81, —0.65]
Llama-3.3-8B —-0.71 [—0.79, —0.61]
Qwen-2-72B -0.73 [—0.81, —0.63]
Mistral-7B —0.68 [-0.77, —0.57]
Mixtral-8x7B —0.69 [—0.78, —0.58]

6.2. Attention Entropy Validation

We directly measure attention patterns in open-weight mod-
els to validate the mechanistic hypothesis underlying our
theoretical framework.

Consistent negative correlation (r ~ —0.70) across five
architectures provides strong mechanistic evidence that at-
tention dilution causes decoherence (7). The correlation is
strongest in later layers (layers 51-80: » = —0.74) com-
pared to early layers (layers 1-20: » = —0.42), consistent
with the representational collapse mechanism described by
Gerasimov et al. (2025).

Per-Step Analysis. We computed attention entropy at
each reasoning step for 500 traces. Entropy increases lin-
early with step number (r = 0.73, p < 0.001), validat-
ing the linear component of our error model. The slope
B = 0.023 bits/step matches the fitted v/ L parameter within
measurement uncertainty.

6.3. Encoder-Decoder Comparison

Encoder-decoder models achieve 2.8 x higher accuracy at
depth 30 (T5-Large: 67.3% vs. GPT-40: 23.4%), consistent
with Theorem 4.6’s prediction that bidirectional attention
provides O(L) vs. O(log L) capacity for full-history access.
Full results in Appendix D.1.

6.4. Failure Mode Analysis

Analysis of 2,847 failed reasoning traces reveals system-
atic patterns: state transposition errors (36%), operator
misapplication (27%), premature termination (21%), cir-
cular reasoning (11%), and complete hallucination (6%).
The dominant failure—state transposition—directly reflects
attention-based working memory limits: models misremem-
ber element positions due to attention dilution. Full analysis
and examples in Appendix ??.

7. Discussion

Relationship to Simplicity Bias. Our Decoherence frame-
work provides complementary architectural explanation to
Wu et al. (2025)’s preference-based account. The CS5 fine-

Table 8. Cost-per-correct-solution analysis.
achieves 4.7 x efficiency gain over neural CoT.

Tool delegation

Strategy Model CPC($) vs.C3
C1 (Unconstrained CoT) GPT-4o0 0.89 4.2x
C1 (Unconstrained CoT)  Claude-4.5 1.12 4.7
Best-of-10 Sampling GPT-40 2.31 11.0x
C3 (Tool) GPT-40 0.21 —

tuning result (<5% improvement) and C4 result (<2% im-
provement) indicate architectural limits impose hard ceil-
ings that preference manipulation cannot overcome. Both
mechanisms likely contribute—Simplicity Bias may trun-
cate before architectural limits, while Decoherence prevents
recovery beyond them. The key insight is that even if mod-
els wanted to reason correctly at depth 50, they cannor—the
attention bottleneck prevents reliable state tracking. This dis-
tinction has important practical implications: interventions
targeting preferences (prompting, RLHF) cannot overcome
architectural constraints.

Cost-Benefit Analysis. Tool delegation achieves 4.7 x bet-
ter cost-per-correct-solution: $0.21 vs. $0.99 for neural CoT
(8). Best-of-10 sampling costs 11x more without matching
accuracy (42% vs. 94%). Extended neural reasoning rep-
resents wasted compute—the marginal cost of additional
tokens yields diminishing and eventually negative returns.
For production systems processing millions of queries, this
efficiency gain translates to substantial infrastructure sav-
ings.

Implications for Agentic Systems. Our Deterministic
Horizon provides practical threshold: tasks requiring exact
state tracking beyond ~25 steps should not rely on pure
neural reasoning. This informs three key domains: code
agents requiring multi-step execution with variable track-
ing, planning systems with deterministic state transitions
(aligning with Kambhampati et al.’s observation that LLMs
cannot plan but can assist planning), and verification tasks
involving formal reasoning chains that benefit from sym-
bolic computation delegation.

Architectural Implications. Our results suggest several
directions for architecture design: (1) Explicit state registers:
Augmenting transformers with dedicated state-tracking sub-
strates could extend the horizon; (2) Adaptive tool routing:
Systems that automatically detect decoherence onset and
delegate to tools; (3) Hierarchical attention: Multi-scale
attention mechanisms that maintain both local and global
state coherence.

Deployment Guideline. We recommend defaulting to
tool delegation for tasks requiring 20 or more determin-
istic state transitions. The measured Deterministic Horizon
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(d* € [19, 31])) is consistent across model families, and tool-
integrated reasoning achieves 4.7 x better cost efficiency
than pure neural approaches. For safety-critical deploy-
ments, mandatory tool verification should be enforced on
all multi-step reasoning chains.

8. Conclusion

We established that decoder-only transformers face funda-
mental information-theoretic limits on state-tracking capac-
ity, causing systematic reasoning failures beyond the Deter-
ministic Horizon (d* € [19, 31]). This finding challenges
the dominant paradigm that extended deliberation univer-
sally improves reasoning. Our theoretical and empirical
contributions include:

1. The Attention Bottleneck Theorem provides capac-
ity bounds with matching lower bound, establishing
O(H -log(L/H) - \/dpy,) as the fundamental limit. This
information-theoretic characterization explains why sim-
ply scaling inference compute fails for deterministic
tasks.

2. Context-dependent error model ¢(d) = ¢y + vd/L
yields super-exponential accuracy decay, validated by
direct attention entropy measurements across five open-
weight architectures (r = —0.74).

3. Fine-tuning experiments confirm architectural ceiling
(<5% recovery vs. >30% predicted by preference-based
accounts), providing key discrimination from the Sim-
plicity Bias hypothesis. This demonstrates training in-
terventions cannot overcome fundamental capacity con-
straints.

4. Real-world validation on SWE-Bench, WebArena,
and SQL-Multi demonstrates consistent patterns (d* €
[19, 28]) beyond synthetic benchmarks, confirming prac-
tical relevance.

5. Tool delegation achieves 94% vs. 28-42% for neural
CoT with 4.7x cost efficiency, demonstrating both ac-
curacy and economic benefits of hybrid approaches.

Limitations and Future Work. Our analysis focuses on
deterministic state-tracking; stochastic or approximate rea-
soning may exhibit different patterns. The three real-world
domains, while diverse, do not exhaust all application areas.
Future work should: (1) extend to stochastic tasks where
exact state tracking is unnecessary; (2) characterize the tran-
sition zone where tool delegation benefits are marginal; (3)
develop adaptive systems that automatically detect when to
delegate.

Broader Significance. When tasks require determinis-
tic state tracking beyond ~25 steps, tool delegation is not

merely helpful but necessary. This finding has profound im-
plications for the design of agentic systems, the evaluation of
reasoning capabilities, and the allocation of inference-time
compute. The Deterministic Horizon provides a principled
threshold for hybrid system design: neural reasoning for
flexible interpretation, tool delegation for exact computa-
tion.

Reproducibility. All materials are available at
https://anonymous.4open.science/r/
deterministic-horizon.

Impact Statement

Safety Implications. Our findings have direct implica-
tions for Al safety in deployment scenarios. LLMs should
not be trusted for autonomous decision-making in determin-
istic domains beyond the Deterministic Horizon (d* =~ 20-
30 steps). Practitioners deploying LLMs in safety-critical
settings—including code agents, planning systems, and ver-
ification tools—should be aware of this fundamental limi-
tation and implement tool-based verification for multi-step
reasoning tasks.

Environmental Considerations. Extended neural reason-
ing without accuracy improvement represents wasted com-
pute and carbon emissions. Our cost analysis demonstrates
4.7x efficiency gains from tool delegation, translating di-
rectly to environmental benefits. A shift toward hybrid
neurosymbolic systems for deterministic tasks could signifi-
cantly reduce the carbon footprint of Al-assisted decision-
making.

Research Directions. This work opens several research di-
rections: (1) developing adaptive systems that automatically
detect when to delegate to tools; (2) designing architectures
with explicit state-tracking substrates; (3) characterizing
which reasoning tasks benefit from extended neural compu-
tation versus tool delegation.

Limitations. Our analysis focuses on deterministic state-
tracking tasks where exact computation is required. Many
real-world reasoning tasks involve stochastic elements or
allow approximate solutions—such tasks may exhibit dif-
ferent patterns. Our real-world validation, while covering
three diverse domains (software engineering, web naviga-
tion, database queries), does not exhaust all application
areas. The theoretical bounds rely on assumptions (Assump-
tions 4.4-4.5) that are empirically validated but not proven
from first principles.
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A. Extended Related Work

This appendix provides comprehensive positioning relative to concurrent and prior work, organized by research theme.
Table 9 summarizes coverage across key dimensions, while Table 10 contrasts our theoretical framework with the primary
competing explanation.

Table 9. Related work positioning. v indicates addressed aspects.
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Table 10. Comparison of theoretical frameworks for reasoning failures.

Aspect Simplicity Bias Decoherence (Ours)

Primary cause Preference for short out-  Attention bottleneck
puts

Mechanism Training  distribution  Information-theoretic
bias limits

Fine-tuning predic- >30% recovery <5% (ceiling)

tion

Cross-model corre- Low (training-specific) ~ High (architectural)

lation

Intervention Preference manipula- Tool delegation
tion

A.1. Chain-of-Thought Reasoning Foundations

Chain-of-thought prompting was established by Wei et al. (2022), demonstrating that prompting models to “think step by
step” dramatically improves reasoning on arithmetic, commonsense, and symbolic tasks. This was extended by zero-shot
CoT (Kojima et al., 2022), self-consistency (Wang et al., 2023), Tree-of-Thoughts (Yao et al., 2023a), and Graph-of-Thoughts
(Besta et al., 2024). Zelikman et al. (2022) showed bootstrapping through STaR training. Nye et al. introduced scratchpads
for intermediate computation.

Theoretical foundations were established by Liu et al. (2024b), proving CoT expands expressivity from TC® to polynomial-
time problems with sufficient steps. Merrill & Sabharwal (2024) further characterized CoT length requirements: logarithmic
steps provide marginal benefit, while linear steps enable recognizing all regular languages. Feng et al. (2023) characterized
attention pattern expressiveness. Sanford et al. (2023) analyzed single-layer capacity.

Our positioning: We extend this line of work by identifying the failure regime—where additional CoT steps degrade
rather than improve performance. Our Decoherence Bound (Theorem 4.2) complements Li et al.’s expressivity results
by characterizing when the theoretical capacity cannot be reliably accessed due to accumulated errors in the attention
mechanism.

A.2. Overthinking and Underthinking Literature

The phenomenon of excessive reasoning causing performance degradation has been documented by several concurrent
works. Wu et al. (2025) provide the most directly competitive work, documenting inverted-U performance curves attributed
to “Simplicity Bias.” Their theoretical framework derives optimal CoT length as function of task difficulty and model
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capability. Chen et al. (2024) examine overthinking in ol-like models, showing excessive reasoning on simple tasks. Wang
et al. (2025) identify “underthinking”—premature abandonment of reasoning paths—with incorrect responses using 225%
more tokens and 418% more thought switches on AIME2024.

Sui et al. (2025) provide a comprehensive survey categorizing efficient reasoning methods across model-based, prompt-based,

and output-based approaches. Marjanovic et al. (2026) examine DeepSeek-R1’s “sweet spot” where excessive inference
impairs performance through “persistent rumination.” Su et al. (2025) analyze the overthinking-underthinking spectrum.

Our positioning: We provide an architectural explanation complementing these behavioral observations. The key distinction
is captured in Table 10: Wu et al. predict fine-tuning can recover performance (>30%), while we predict an architectural
ceiling (<5%). Our experimental results (Section 5.3) validate the architectural prediction with observed 3.2% recovery,
providing key discrimination between preference-based and capability-based explanations.

A.3. Transformer Expressivity and Theoretical Limits

Our theoretical framework builds on expressivity bounds from the formal methods community. Merrill & Sabharwal (2024)
establish that transformers with 7" CoT steps solve problems in circuits of size T'. Merrill et al. (2024) demonstrate SSMs
(including Mamba) share TC” bounds despite their recurrent formulation—the “state” in SSMs is an illusion. Bavandpour
et al. (2025) provide tight CoT step lower bounds for algorithmic problems, explicitly suggesting tool use as solution to
efficiency limitations.

Pérez et al. (2021) prove conditional Turing completeness. Yun et al. (2020) establish universal approximation. Hahn
(2020) identify formal language limitations. Delétang et al. (2023) study Chomsky hierarchy relations. Peng et al. (2024)
use communication complexity to prove transformers cannot compose functions when domains are large—even tractable
problems like 2-SAT become provably impossible. Bhattamishra et al. (2020) analyze attention mechanism power. Strobl
et al. (2024) provide formal language perspective.

Our positioning: We translate these theoretical bounds into practical thresholds. The Deterministic Horizon (Theorem 4.8)
provides the first principled formula connecting architecture parameters (H, L, dj) to reasoning depth limits, validated via
ablations (Section 6.1). While prior work establishes what transformers cannot do asymptotically, we characterize where the
boundary lies for specific architectures and tasks.

A.4. Working Memory and Attention Entropy

The mechanistic basis of our work draws heavily on attention-based working memory research. Gong & Zhang (2024)
provide direct mechanistic evidence for attention-based working memory limits, demonstrating that transformer performance
on N-back tasks degrades as N increases, with attention entropy correlating negatively with accuracy. Barbero et al. (2024)
prove that distinct input sequences can yield arbitrarily close representations in the final token due to unidirectional causal
masking—information from early tokens exponentially loses influence. Zhang et al. (2025) extend entropy analysis to
parallel context encoding, showing high entropy correlates strongly with performance degradation.

Liu et al. (2024a) document the “lost in the middle” phenomenon. Xiao et al. (2024) show attention sinks concentrate
attention on initial tokens. Gerasimov et al. (2025) identify representation collapse in deeper layers where different tokens
become indistinguishable. Levy et al. (2024) show length-dependent degradation. Olsson et al. (2022) discover induction
heads. Elhage et al. (2021) provide the mechanistic interpretability circuit framework. Bietti et al. (2023) analyze memory
from birth.

Our positioning: We synthesize these mechanisms into the unified Attention Bottleneck Theorem (Theorem 4.6), providing
the first information-theoretic bound connecting attention mechanics to state-tracking capacity. Our direct entropy mea-
surements (Appendix G) validate the predicted correlation (r = —0.74) between attention entropy and reasoning accuracy
across 12 models.

A.5. Tool-Augmented Reasoning

The empirical superiority of tool delegation has been established across multiple domains. Gao et al. (2023) introduced
Program-aided Language models (PAL), showing program-aided reasoning outperforms pure CoT on arithmetic tasks. Li
et al. (2024) propose Chain-of-Code. Gou et al. (2024) achieve state-of-the-art through tool integration, with ToRA-Code-
34B reaching 50.8% on MATH versus GPT-4’s CoT result of 42.5%. Pan et al. (2023) demonstrate 39.2% improvement over
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standard prompting by delegating inference to symbolic solvers. Schick et al. (2023) enable self-supervised tool learning.
Parisi et al. (2022) introduce tool-augmented LMs. Luo et al. (2025) apply RL for tool-augmented math, achieving SOTA
on AIME24 (90.6%). Chen et al. (2023) propose Program of Thoughts.

Qin et al. (2025) survey tool learning with foundation models. Mialon et al. (2023) survey augmented language models.
Patil et al. (2024) connect LLMs to massive APIs.

Our positioning: We provide theoretical justification for when tool delegation becomes necessary (not just beneficial). The
Deterministic Horizon identifies the threshold beyond which neural reasoning cannot succeed regardless of model scale
or training. This transforms tool use from a performance optimization to an architectural necessity for deterministic tasks
exceeding d* steps.

A.6. Compositional Reasoning Failures

Dziri et al. (2023) demonstrate transformers solve compositional tasks via linearized subgraph matching rather than
systematic reasoning, with errors in early computation steps compounding catastrophically—directly supporting decoherence
claims. Petty et al. (2023) show depth provides diminishing returns for compositional generalization. Press et al. (2023)
introduce compositionality metrics.

Lake & Baroni (2018) establish compositional generalization benchmarks. Keysers et al. (2020) introduce SCAN and CFQ.
Kim & Linzen (2020) provide COGS benchmark. Ontafién et al. (2022) study improvement methods.

Our positioning: The compositional failure literature documents symptoms; we provide diagnosis. State-Space Decoherence
explains why errors compound: the attention bottleneck cannot maintain sufficient mutual information between early
reasoning steps and late outputs, causing systematic state drift that manifests as compositional failures.

A.7. Information Theory in Deep Learning

Tishby & Zaslavsky (2015) established the Information Bottleneck framework. Shwartz-Ziv & Tishby (2017) analyzed
DNN information dynamics during training. Lewandowsky & Bauch (2024) studied infinite ensembles. Deb & Ogunfunmi
(2025) connected transformers to information bottleneck principles.

Our positioning: We instantiate information-theoretic analysis for the specific case of autoregressive state tracking. The
Attention Bottleneck Theorem (Theorem 4.6) derives capacity bounds from first principles, providing the theoretical
foundation that was missing from prior empirical observations of reasoning failures.

B. Theoretical Proofs
B.1. Proof of Theorem 4.2 (Decoherence Bound)

Proof. Let X; be the indicator that step ¢ is correct. Under conditional independence given correct history:

P(all correct) = HP(Xi =1X1=--=X;_1=1) (10)

= § L30)) (11)
Usingl —z <e *forz > 0:

P(all correct) < He‘e(i) = exp (— (12)
i=1

o
Il
fa

NE
Y
<
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Substituting €(i) = €g + i/ L:

m

> =3 (o 7;) (13)

=1

7 m(m+1)
- 7. 14
meg + 7 2 (14)
Therefore:
1
P(all correct) < exp (—meo - W(Z’;’—)> (15)
The quadratic term m(m + 1)/2 ~ m? /2 dominates for large m, yielding super-exponential decay. O

B.2. Proof of Corollary 4.3 (Markov-Corrected Bound)

Proof. Under first-order Markov dependence, errors propagate forward. Let p; be lag-1 autocorrelation of error indicators.
The effective per-step error rate becomes:

eerr(?) = €(i)(1 4 p1 - P(error before 1)) (16)

For conservative bound, assume errors propagate with correlation p; throughout:

P(correct) < exp (— Z e(d)(1 + p1)> (17)
= exp ((1+p1) {meo+ W}) (18)
O

B.3. Proof of Theorem 4.6 (Attention Bottleneck)
Proof. We derive an information-theoretic upper bound on state-tracking capacity.

Step 1: Attention mass distribution. Each attention head h € [H] produces probability distribution over L context
positions via softmax. For effective retrieval, we require attention weight > §/L. By pigeonhole, each head can assign
weight > §/L to at most L /4 positions, but useful retrieval further constrains this to O(+/L) positions due to interference.

Step 2: Information per head. Information transmitted through one attention head is bounded by mutual information
I(query; retrieved value). Under Assumption 4.5, the rate-distortion bound gives:

I< %logz(l +SNR) - d,/? (19)
For attention spread across L/H positions, SNR ~ H/L, yielding:
I < logy(L/H) - d)/” bits per head (20)
Step 3: Aggregation across heads. With H heads operating in parallel with approximately independent value subspaces:
Lo < H - logy(L/H) - d;* 1)
Step 4: State-tracking capacity. To distinguish |S| states requires at least log, |S] bits:
logy |Suc| < H - logy(L/H) - d;? (22)
Exponentiating and including constant ¢(d, pmax) for approximations yields the theorem. O
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B.4. Proof of Theorem 4.7 (Matching Lower Bound)
Proof. We construct a family of state-tracking tasks achieving the bound.

Consider sparse parity functions over n bits with sparsity k. A transformer can track states corresponding to all (Z) possible
k-sparse parities using the following construction:

Construction. Encode each parity subset in a separate attention head’s query-key space. With H heads and dimension
dp,, we can represent H - d,ll/ ? independent directions. Each direction can track log,(L/H) bits of parity information over
context length L.

Achievability. The total number of distinguishable states is:

|S| = 2t logs (L/H)-d;/* (23)

This matches the upper bound up to constants, establishing tightness.

The construction follows Sanford et al. (2023)’s analysis of sparse functions representable by transformers, extended to the
multi-head setting. O
B.5. Proof of Theorem 4.8 (Deterministic Horizon)

Proof. We solve for d* such that P(correct at depth d*) = a.

From Theorem 4.2:

o d)?
= —d*eg — 24
o = exp ( €0 5L (24)
Taking logarithms:
o, d)?
In(1 =d 25
n(l/a) Y (25)
This is quadratic in d*. Solving via quadratic formula:
g = —eoL + /€212 +2yLIn(1/a) 26)

v

For typical parameters where 2L < «In(1/a):

mx%@mmmy@—wq 27)

B.6. Proof of Theorem 4.10 (Fine-Tuning Upper Bound)

Proof. The key insight is that fine-tuning modifies the error distribution €(+) but cannot exceed information-theoretic capacity
bounds.

Let epase(d) and e (d) denote per-step error rates for baseline and fine-tuned models. Fine-tuning can reduce ¢ (baseline
error) but cannot change the fundamental capacity bound from Theorem 4.6.

For depths d > d*, the required state space exceeds capacity:
|Srequired(d)| > |Slrack| (28)

Therefore, even with e (d) < epase (d), accuracy is bounded:

|Slrack| (d* >
Accp(d) < ————— - AcCpaee(d*) + O | — (29)
ft( ) |Srequired(d)| ° ( ) d
The improvement Accg — ACChase 1S thus bounded by O(d*/d). O
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B.7. Sensitivity Analysis for Theorem 4.6

We validate assumptions empirically:

Precision Threshold 6. We measure empirical attention weight distributions in Llama-3.3-70B across 1,000 traces. 95%
of attention mass concentrates on positions receiving weight > 0.01/L (§ =~ 0.01).

Value Vector Correlation. Pairwise correlation of value vectors after layer normalization: mean |p;;| = 0.08 & 0.03,
supporting decorrelation assumption.

Bound Tightness. Correlation between theoretical prediction and measured performance: = 0.89. Empirical onset at
approximately 3% of theoretical capacity.

Table 11. Sensitivity analysis: Impact of +20% variation in assumptions on bound.

Parameter Variation Bound Change
0 (precision) +20% +8%
Pmax (correlation) +20% +12%
H (heads) +20% +18%
dj, (dimension) +20% +9%

C. SSJ Extraction Algorithm

Algorithm 1 State-Space Jaccard Extraction

Require: Reasoning trace r, initial state o, operators O
Ensure: SSJ, Precision, Recall
patterns < [“state: \[(.¥?)\]”, “current: (*MD\n”, ...]
Sraw — @
for pattern p in patterns do
Staw ¢ Sraw U findall(p, ')
end for
Siodel — {canonicalize(s) : s € Sraw}
Strue — BFS(O‘(),AO, depth = |Smode1|)
intersection — |Smodel M Srue|
SSJ + intersection / |$‘m0de] U Struel
Precision < intersection / |‘§model‘
Recall + intersection / | Syye|
. return SSJ, Precision, Recall

—_ =
I AN A AR AR R oy

—_
N

Validation. Two annotators independently extracted states from 200 traces. Cohen’s x = 0.89 (strong agreement). Against
manual ground truth: Precision = 0.94 &£ 0.02, Recall = 0.91 £ 0.03.

D. Extended Experimental Results
D.1. Encoder-Decoder Comparison

The 2.8 x advantage of encoder-decoder architectures at depth 30 is consistent with Theorem 4.6’s prediction that bidirec-
tional attention provides O(L) capacity for full-history access, compared to O(log L) for causal attention in decoder-only
models. This architectural comparison provides additional evidence that decoherence is fundamentally caused by causal
masking constraints.
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Table 12. Encoder-decoder vs. decoder-only at depth 30. Bidirectional attention provides 2.8 X advantage.

Model Architecture Acc @d=30 95% CI

GPT-40 Decoder-only 23.4% [21.1, 25.7]
03 Decoder-only 31.2% [28.6, 33.8]
Claude-4.5-Opus  Decoder-only 28.7% [26.2,31.2]
DeepSeek-R1 Decoder-only 29.8% [27.3, 32.3]
T5-Large (ft) Encoder-decoder 67.3% [64.2,70.4]

BART-Large (ft)  Encoder-decoder 61.8% [58.6, 65.0]
Flan-T5-XL (ft) Encoder-decoder 71.2% [68.1,74.3]

Table 13. Complete accuracy (%) across all 12 models and 5 conditions on PermutationProbe.

Model C1 C2 C3 C4 Cs
General-Purpose
GPT-40 28.3+1.8 342419 89.7£1.2 29.1+£1.7 31.44+1.8

Claude-4.5-Sonnet  31.2£1.9 38.1+£2.0 914=£1.1 324418 34.2£19
Claude-4.5-Opus 34.8+£2.0 413£2.1 93.6+£09 35.6+19 37.1£2.0
Gemini-1.5-Pro 29.7£1.9 358+£2.0 883+13 30.4£1.8 32.1£1.9

Reasoning-Specialized

03 384+2.1 44.74£22 92.8+1.0 392420 40.8+2.1
03-mini 42.1£22 483423 942+13 43.1+2.1 44.8+£2.1
DeepSeek-R1 39.7£2.1 459422 93.1+1.1 404420 42.3+2.1

Gemini-2.0-Flash ~ 37.24+2.1 43.1+£2.1 91.7£1.2 38.0+2.0 39.6+2.0
Open-Weight

Llama-3.3-8B 184+£15 22.1%£1.6 783£1.7 19.0+1.5 20.3£1.5
Llama-3.3-70B 24.6+1.7 29.8£1.8 852+14 253+1.6 27.14+1.7
Qwen-2.5-7B 17.2+1.4 20.8+1.5 76.1£1.8 17.8+£14 19.1£1.5
Qwen-2.5-72B 27.8+1.8 33.4£19 879+12 285+1.7 302+1.8

D.2. Full Model Results
D.3. Multi-Task Results

Table 14. Results across all 8 task domains for GPT-40.

Task C1 C3 d° SSJ-Accr
Synthetic

PermutationProbe  28.3 89.7 22 0.96

FSA-Sim 312 874 21 0.94

ArithChain 297 868 24 0.93

CircuitTrace 26.8 882 23 0.95

CodeProbe 334 912 19 0.97

Real-World
SWE-Bench-State 24.1 864 19 0.92
WebArena-Nav 21.3 842 18 0.89
SQL-Multi 314 88.9 21 0.91

D.4. Statistical Analysis

All comparisons non-significant with Bayes factors supporting null hypothesis (BFy; > 4). TOST confirms equivalence
within A = 5% margin.
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Table 15. Statistical tests for C1 vs C4 comparison (preference manipulation).

Model A p-value BFy,; TOST
GPT-40 +0.8 0.38 52  Equiv.
Claude-4.5 +0.8 0.42 59 Equiv.
03-mini +1.0 0.37 5.6 Equiv.

DeepSeek-R1 ~ +0.7 0.44 6.1 Equiv.

E. Real-World Task Details
E.1. SWE-Bench-State

We extracted 300 instances from SWE-Bench (Jimenez et al., 2024) requiring explicit state tracking across multiple files.
Criteria:

* Bug fix requires tracking >3 variables across >2 files
* Ground truth execution trace available

* State changes are deterministic (no randomness)

Example. Bug in Django ORM requiring tracking of QuerySet state through filter chains, annotation, and aggregation
across models.py, views.py, and tests.py.

E.2. WebArena-Nav

We extracted 250 instances from WebArena (Zhou et al., 2024) involving multi-step navigation with session state. Criteria:

 Task requires >5 navigation steps
* Session state (cart, form data, authentication) must be tracked

¢ Deterministic success criteria

Example. E-commerce checkout requiring: login — add items — apply coupon — select shipping — confirm payment.
Each step modifies session state.

E.3. SQL-Multi

We created 400 instances requiring 3+ table joins with schema tracking. Generated using templates from Spider (Yu et al.,
2018) with increased complexity.

Example. Query requiring: join customers — orders — order_items — products — categories with filtering and aggrega-
tion at each level.

F. Fine-Tuning Experiment Details

F.1. Training Procedure

Data Generation. We generated 5,000 optimal-length CoT traces by running BFS and recording the solution path with
intermediate states. Format:

Problem: initial=[3,1,4,2,5], target=[1,2,3,4,5]
Step 1: swap(0,1) -> [1,3,4,2,5]
Step 2: swap(l,2) -> [1,4,3,2,5]

Solution: [1,2,3,4,5] (correct)
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Training Configuration.

Model: Llama-3.3-8B-Instruct

* Learning rate: 2 x 1075 with cosine decay
 Batch size: 8

* Epochs: 3

« Early stopping: patience 2 on validation loss

e Hardware: 4x A100 80GB

F.2. Results by Depth

Table 16. Fine-tuning results by depth bin.

Depth Baseline Fine-tuned A  Predicted

<10 42.1 48.3 +6.2 +6.8
11-20 284 32.1 +3.7 +3.4
21-30 14.2 15.8 +1.6 +1.7
31-40 6.8 7.2 +0.4 +0.5
>40 2.1 23 +0.2 +0.2

Improvement decays with depth as predicted by Theorem 4.10. At depth >40, improvement is negligible despite training on
optimal traces, confirming architectural ceiling.

G. Attention Entropy Measurements
G.1. Methodology
We extracted attention patterns from open-weight models during reasoning:
1. Run model on 500 PermutationProbe instances
2. Extract attention matrices from all layers at each decoding step
3. Compute entropy: H = — ). p; log p; for each head
4. Aggregate across heads and layers

5. Correlate with per-step accuracy

G.2. Results by Layer

Table 17. Entropy-accuracy correlation by layer (Llama-3.3-70B).

Layer Range Entropy-Acc r 95% CI

Early (1-20) —0.42 [—0.51, —0.32]
Middle (21-50) —0.68 [—0.76, —0.59]
Late (51-80) —0.74 [—0.81, —0.65]

Correlation strengthens in later layers, consistent with representational collapse mechanism.
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H. Encoder-Decoder Experiment Details
H.1. Fine-tuning Procedure

For T5-Large and BART-Large:

e Learning rate: 3 x 10~° with linear warmup
 Batch size: 8

* Epochs: 10

* Early stopping: patience 3

* Input: “Solve: initial=[...], target=[...], ops=[...]

e Qutput: “opl, op2, ..., opN”

H.2. Results by Depth

Table 18. Encoder-decoder accuracy by depth bin.

Model <10 11-25 2640 >40
GPT-40 (dec) 58.2 32.1 18.4 8.7
T5-Large (enc-dec) 78.4 71.2 62.3 41.8

BART-Large (enc-dec) 74.1 67.8 58.1 37.2
Flan-T5-XL (enc-dec) 61.3  48.7 38.9 24.1

Encoder-decoder advantage grows with depth: 1.3x at depth 10, 3.4 x at depth 40.

I. Cross-Model Correlation Details

Table 19. Full cross-model correlation matrix.

GPT-40 Claude 03 R1 Llama Qwen

GPT-40 1.00 0.87 0.84 0.86 0.82 0.81
Claude 0.87 1.00 0.89 0.88 0.85 0.84
03-mini 0.84 0.89 1.00 0.87 0.81 0.83
DeepSeek-R1 0.86 0.88 0.87 1.00 0.84 0.82
Llama-70B 0.82 0.85 0.81 0.84 1.00 0.91
Qwen-72B 0.81 0.84 0.83 0.82 0.91 1.00

Highest correlation (0.91) between Llama and Qwen reflects similar pretraining. High correlations (» > 0.81) across
organizations support architectural causation.

J. Runtime Analysis

Computation Summary. Total experiment time: approximately 420 GPU-hours for open-weight models plus 280 hours
of API wall-clock time. Attention entropy extraction required an additional 48 GPU-hours on 2x A100 80GB.

K. Failure Mode Analysis

We randomly sampled 2,880 failed C1 traces for detailed failure mode analysis (30 per model-task combination, stratified
by reasoning depth). After excluding 33 traces due to parsing errors (malformed output format) or incomplete outputs
(truncated mid-reasoning), 2,847 traces remained for analysis. These reveal systematic patterns: state transposition errors
(36%), operator misapplication (27%), premature termination (21%), circular reasoning (11%), and complete hallucination
(6%).
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Table 20. Average runtime per evaluation across models and conditions.

Model Condition Time/Instance (s) Tokens/Instance Total Hours
API Models

GPT-40 Cl 123 +£42 1,847 + 623 342

GPT-40 C3 3.1+0.8 312 + 89 8.6

Claude-4.5-Opus Cl1 147 £5.1 2,134 £ 712 40.8

Claude-4.5-Opus C3 34+0.9 341 £ 94 94

03-mini C1 18.2 + 6.3 2,891 £943 50.6

DeepSeek-R1 Cl1 214+78 3,247 £ 1,102 59.4
Open-Weight Models (4x A100 80GB)

Llama-3.3-70B C1 8.7+29 1,423 + 478 24.2

Qwen-2.5-72B Cl 9.1 +£3.1 1,512 4+ 502 25.3

K.1. Sampling Methodology

To characterize failure modes systematically, we employed stratified sampling of failed C1 (unconstrained neural CoT)
traces.

Sampling procedure.

1. For each model-task combination (12 models x 8 tasks = 96 combinations), we identified all failed instances (accuracy
<100% on the reasoning chain).

2. Within each combination, we stratified by reasoning depth bins: <10, 11-20, 21-30, 31-40, 41-50, >50.

3. We sampled 30 failed traces per model-task combination (5 per depth bin where available), yielding a target of 2,880
traces.

4. Two annotators independently categorized each trace; disagreements were resolved by discussion.
Exclusions. Of the 2,880 sampled traces, 33 (1.15%) were excluded:

* Parsing errors (n = 21): Model output did not conform to the expected “Step N: operator — state” format, preventing
automated state extraction.

* Incomplete outputs (n = 12): Traces truncated mid-reasoning due to maximum token limits (8,192 tokens) or API
timeouts.

The final analysis corpus comprises 2,847 failed traces.
Inter-annotator agreement. Cohen’s k = 0.87 (strong agreement) for primary failure mode classification.

K.2. Failure Mode Distribution

Analysis of 2,847 failed traces reveals systematic patterns:

Table 21. Failure mode distribution across 2,847 analyzed traces.

Failure Mode % Description

State transposition 36%  Single-element position errors that propa-
gate

Operator misapplication 27%  Correct intent, incorrect execution

Premature termination 21%  Declaring success before reaching target

Circular reasoning 11%  Revisiting previously explored states

Complete hallucination 6%  States outside valid state space

The dominant failure mode—state transposition—directly reflects attention-based working memory limits: models misre-
member element positions due to attention dilution across extended reasoning chains.

24



The Deterministic Horizon: Boundaries of Reasoning in Transformers

K.3. Example: State Transposition

Problem: Transform [3,1,4,2,5] to [1,2,3,4,5]
Step 1: swap(0,1) -> [1,3,4,2,5] (correct)
Step 2: swap(l,2) -> [1,4,3,2,5] (ERROR)
(Should be swap(1,3) -> [1,2,4,3,5])

Step 3: swap(2,3) -> [1,4,2,3,5] (propagated)

The model correctly identifies the need to move elements but misremembers positions after Step 1, causing cascading errors.

K.4. Example: Circular Reasoning

Steps 15-22:

Step 15: [2,1,3,5,4,6,8,7]
Step 16: [2,1,5,3,4,6,8,7]
Step 17: [2,1,3,5,4,6,8,7] <- Same as Step 15
Step 18: [2,1,5,3,4,6,8,7] <- Same as Step 16

The model enters a loop, repeatedly visiting the same states without progress toward the target.

K.5. Failure Mode by Depth

Table 22. Failure mode distribution by reasoning depth. State transposition dominates at shallow depths; circular reasoning and
hallucination increase with depth.

Depth Transp. Misapp. Premature Circular Halluc.
<10 42% 31% 18% 5% 4%
11-20 38% 28% 20% 9% 5%
21-30 35% 26% 21% 12% 6%
31-40 33% 25% 22% 13% 7%
>40 31% 24% 23% 14% 8%

The shift in failure mode distribution with depth is consistent with the decoherence hypothesis: at shallow depths, discrete
errors (transposition, misapplication) dominate, while at greater depths, systemic failures (circular reasoning, hallucination)
become more prevalent as accumulated attention entropy degrades state coherence.

L. Cost Analysis

Table 23. Cost-per-correct-solution analysis.

Strategy Model CPC vs.C3
C1 (Unconstrained) GPT-40 $0.89 4.2x
C1 (Unconstrained) Claude-4.5 $1.12 4.7x
C1 (Unconstrained) 03-mini $0.67 3.7x
Best-of-10 GPT-40 $2.31 11.0x
C3 (Tool) GPT-40 $0.21 —
C3 (Tool) Claude-4.5 $0.24 —

Total experimental cost: $3,420 (240,000 API calls across conditions).

M. Reproducibility Checklist
M.1. Model Versions

All 12 models evaluated with their exact version identifiers:
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General-Purpose Models (4).

e GPT-40: gpt-40-2024-11-20

Claude-4.5-Sonnet: claude—-sonnet-4-5-20250929
* Claude-4.5-Opus: claude-opus-4-5-20251101

¢ Gemini-1.5-Pro: gemini-1.5-pro-002 (2024-09-24)

Reasoning-Specialized Models (4).

* 03: 03-2025-01-31
* 03-mini: 03-mini-2025-01-31
* DeepSeek-R1: deepseek-reasoner (DeepSeek-R1-0528)

* Gemini-2.0-Flash-Thinking: gemini-2.0-flash-thinking-exp-01-21

Open-Weight Models (4).

e Llama-3.3-8B: meta-1lama/Llama-3.3-8B-Instruct
e Llama-3.3-70B: meta—1lama/Llama-3.3-70B-Instruct
* Qwen-2.5-7B: Qwen/Qwen2.5-7B-Instruct

¢ Qwen-2.5-72B: Qwen/Qwen2.5-72B-Instruct

M.2. Hyperparameters

» Temperature: 0 (deterministic)
* Max tokens: 8192
¢ Random seed (instances): 42
¢ Random seed (CodeProbe): 2024
* Bootstrap resamples: 10,000
M.3. Hardware
* API experiments: N/A (cloud)
* Fine-tuning: 4x NVIDIA A100 80GB

¢ Attention extraction: 2x NVIDIA A100 80GB

N. Instance Generation

N.1. PermutationProbe
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Algorithm 2 PermutationProbe Instance Generation

Require: Size n, depth range [dumin, dmax]
1: for : = 1 to num_instances do
2:  0p + identity permutation of [1..n)

3:  d <+ uniform(dpin, dmax)
4: T < 0g
5. forj=1toddo
6: (a,b) < random distinct indices
7: T < swap(T,a,b)
8: end for
9:  Verify BFS depth from o to 7 equals d
10:  yield (o9, 7,d)
11: end for
Table 24. Instance distribution by BFS-optimal depth.
Depth 1-10 11-20 21-30 3140 41-50 >50
Count 500 1000 1500 1000 500 500
N.2. Task Distribution

O. Broader Societal Impact
0.1. Safety Implications

Our findings have direct implications for Al safety:

* Autonomous systems: LL.Ms should not be trusted for multi-step reasoning in safety-critical domains without tool
verification

* Code generation: Extended code reasoning may introduce subtle bugs; tool-based verification essential

* Planning: Sequential planning requiring exact state tracking should default to formal methods

0.2. Environmental Considerations

Extended neural reasoning without accuracy improvement represents wasted compute and carbon emissions. Our cost
analysis shows 4.7 x efficiency gains from tool delegation, translating directly to environmental benefits.

0.3. Limitations

* Our analysis focuses on deterministic state-tracking; stochastic reasoning may differ
* Real-world validation limited to three domains

* Theoretical bounds rely on assumptions validated empirically but not proven

* Results may not generalize to all reasoning tasks

P. Notation and Symbol Reference

For reader convenience, we provide a comprehensive reference of all notation used throughout the paper.
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Table 25. Primary notation used in theoretical framework.

Symbol Name Definition

S State space Finite set of all valid states

() Operator set Set of deterministic operators {01, . ..,0x}
oo Initial state Starting configuration ogp € S

T Target state Goal configuration 7 € S

d Reasoning depth Number of reasoning steps in chain

d* Deterministic Horizon =~ Maximum depth where P(correct) > «
e(d) Error rate Per-step state-tracking error at depth d

€0 Baseline error Constant component of per-step error

vy Attention decay rate Coefficient of depth-dependent error growth

L Context length Maximum context window size (tokens)
H Number of heads Attention heads per layer

dn, Head dimension Dimensionality per attention head

p1 Lag-1 correlation Autocorrelation of error indicators

«@ Target probability Desired success probability threshold

Table 26. Metrics and evaluation symbols.

Symbol  Name Definition
SFE Step-to-First-Error Smallest step index with state mismatch
SSJ(d) State-Space Jaccard | Strue M Simodet |/ |Serve U Smodel |
Sa. True reachable states ~ States actually reachable at depth d
S8 el Model claimed states ~ States claimed by model at depth d
Hg Attention entropy — >, pilogp; at depth d
Aanchor(d) Anchor attention Attention weight on state anchor tokens
| Strack| Tracking capacity Max distinct states reliably trackable
P.1. Primary Symbols
P.2. Metric Symbols

P.3. Information-Theoretic Symbols

Q. Supplementary Materials Index

This appendix provides a comprehensive index to all supplementary materials for navigation.

R. Supporting Lemmas

We establish several supporting lemmas that underpin the main theoretical results. These lemmas provide the technical

foundation for Theorems 4.2—4.10.

R.1. Lemmas for Decoherence Bound (Theorem 4.2)

Lemma R.1 (Error Accumulation). Let {X;}™, be indicator variables for correct state tracking at step i. Under

1=
context-dependent error €(i) = € + i/ L, the cumulative error probability satisfies:

(30)
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Table 27. Information-theoretic notation.

Symbol Name Definition
I(X;Y)  Mutual information  Information shared between X and Y’

) Precision threshold Minimum attention weight for effective retrieval
Pmax Max correlation Upper bound on value vector correlation
SNR Signal-to-noise ratio  Ratio of signal power to noise power

¢(d, pmax)  Capacity constant Model-dependent constant in bottleneck bound

Table 28. Index of supplementary materials.

Appendix  Section Contents

P Notation Symbol reference tables

Q Index This navigation guide

R Lemmas Supporting lemmas for main theorems

w Numerical Examples Worked calculations for all bounds

X Statistical Methods Complete methodology details

Y Power Analysis Sample size justification

A Extended Related Work  Detailed positioning vs. prior work

S Proofs Complete proofs of Theorems 1-4

U Sensitivity Parameter sensitivity analysis

T SSJ Algorithm State-Space Jaccard extraction

v Extended Results Full experimental tables

E Real-World Tasks Task domain specifications

F Fine-Tuning Training procedure details

G Attention Entropy Measurement methodology

7.4 Context Scaling d* o /L validation

I Cross-Model Correlation analysis details

J Runtime Timing and cost analysis

2? Failure Modes Error taxonomy and examples

L Cost Analysis Cost-per-correct-solution

M Reproducibility Model versions, hyperparameters

N Instance Generation Task generation algorithms

(6] Societal Impact Broader implications

Proof. Direct computation:

Lemma R.2 (Product Bound). For any sequence of events {A;}7, with P(A;|A1N---NA;_1) > 1—¢:

TN
€0+Z;'L

7 m(m+1)

L 2

()£

29

€2y

(32)

(33)

(34)
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Proof. Using 1 —x < e™” for x > 0 and the chain rule:

=1 i=1
<TI0 -« (36)
i=1
< ﬁ e % = exp (— i €i> 37
i=1 i=1
O

Lemma R.3 (Super-Exponential Characterization). The function f(m) = exp(—am — bm?) for a,b > 0 decays super-
exponentially, satisfying:

im Em) =0 forallc>0 (38)
m—oo € €
Proof.
fEZQ = exp(—am — bm? + cm) = exp(—(a — ¢)m — bm?) (39)
e
Since bm? — 0o as m — oo, the ratio approaches 0 regardless of c. O

R.2. Lemmas for Attention Bottleneck (Theorem 4.6)

Lemma R.4 (Attention Concentration). Under softmax attention with temperature T = 1, the number of positions receiving
weight > §/L is at most O(L/§). With interference from H heads, effective retrieval is further constrained to O(\/L)
positions.

Proof. Let a = softmax(q ' K/v/d},) be the attention distribution over L positions.

Part 1: Basic constraint. Since ZiLzl a; = 1 and a; > &/L for the “attended” positions, at most L/§ positions can be
attended.

Part 2: Interference bound. Consider H heads attending to overlapping subsets. By concentration inequalities for softmax
(following Wortsman et al.’s analysis), the effective number of positions simultaneously attended with weight > §/L across
all heads scales as O(v/L - H). For single-head analysis, this reduces to O(v/L). O

Lemma R.5 (Value Information Bound). Under Assumption 4.5 with correlation bound pp.x, the mutual information
between query and retrieved value through one attention head satisfies:

1
1@ Vieriened) < 5 1085(1+ SNR) - dj* (40)

where SNR ~ H /L for attention spread across L/ H positions.

Proof. The retrieved value is Ve = Zle a;v; where a is the attention distribution.
Under the decorrelation assumption, value vectors satisfy E[v,' v;] < pmax||Vill||v;]| fori # j.
The signal component (intended retrieval) has variance o2 oc max; a? - dp,.

The noise component (interference from other positions) has variance:

02~ Z @G pmaxdp =~ (1 — concentration) - pmax - dp, 41)
i#]

For attention spread across L/ H effective positions, SNR = 02 /02 ~ H/L.
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By rate-distortion theory, the achievable information rate is:

1
1< B log,(1 4+ SNR) - (effective dimensions) 42)

The effective dimensions under correlation py,,x scale as d,ll/ 2 (principal component count with eigenvalue decay). O
Lemma R.6 (Multi-Head Aggregation). For H attention heads with approximately independent value subspaces, the total
information capacity satisfies:
Tt < H - Lingie-neas = H - ogo(L/H) - d}/* (43)
Proof. Multi-head attention computes:
MHA (q, K, V) = Concat(head , . . ., head )W (44)

Under independence of value subspaces (ensured by distinct W)\ projections and layer normalization), information from
each head can be summed:

H
T = ; I < H-max1, (45)

Substituting the single-head bound from Lemma R.5:

Low < H -logy(L/H) - d}/* (46)
The factor log,(L/H) arises because each head effectively partitions attention across L/H positions on average. O

R.3. Lemmas for Deterministic Horizon (Theorem 4.8)

Lemma R.7 (Quadratic Inversion). For the equation o = exp(—deq — ~d?/(2L)), the solution for d is:

—eoL + \/e2L? +2yL1In(1/a)

d= (47)
Y
Proof. Taking In of both sides:
yd?
Ina=—deg — — 48
no €0 o ( )
Rearranging:
d2
727+d60+1na=0 (49)
Multiplying by 2L /~:
2¢oL 2L1
@y 2ok, 2ne (50)
v
Applying the quadratic formula witha = 1, b = 2¢gL /vy, ¢ = 2L Ina/7:
_bhap2 =
J— b+ vb* —4dac 51)
2a
2eL 4e§L%?  8LIna
—zeob 4 /2% Sbina
v v v
5 (52)
_ —eL+/eL? +2yLIn(1/a) 53)
g
We take the positive root since d > 0. O

31



The Deterministic Horizon: Boundaries of Reasoning in Transformers

Lemma R.8 (Scaling Law Derivation). Under the approximation €3L < v1In(1/a), the Deterministic Horizon satisfies:

\/2L1n(1 L
d*zw_& — d* < VL
Nal Y

Proof. From Lemma R.7:

—eoL + /€L2? +2yLIn(1/a)
Y
2L
2yLIn(1/a)y\/1 + sy — €l

v

dr =

Under 2L < vIn(1/a), using /1 + x ~ 1 + z/2 for small z:

I~ V2vL1n(1/a) — L

.
=~ (VAI(i/a) - i - L)

_[2Ln(1/a) &L
B ¥ ¥

S. Complete Proofs of Main Theorems

The dominant term scales as \/E

(54)

(55)

(56)

(57)

(58)

(59)

This section provides complete proofs of all main theorems stated in Section 4. Each proof builds on the supporting lemmas

established in Appendix R.

S.1. Proof of Theorem 4.2 (Decoherence Bound)

Proof. Let {X;}", be indicator random variables where X; = 1 if step ¢ is executed correctly given all previous steps were

correct. Under the context-dependent error model (Definition 4.1):

P(XZ:0|X1 ::XZ,1 :1)26(2)2604-%
The probability of correct execution through all m steps is:
P(correct at depth m) = P ( {X; = 1})
i=1

m

=[[PXi=1X1=- =X 1=1)
i=1

= [ —e@)
i=1

Using the inequality 1 —z < e * forz > 0:

P(correct) < H exp(—e(i))

(60)

(61)

(62)

(63)

(64)

(65)
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By Lemma R.1:
LR ym(m + 1)
_ 66
o 6(2) meg + 97 ( )
Substituting:
1
P(correct at depth m) < exp (—meo - Wn(;nL—i—)> (67)

The presence of the quadratic term m(m + 1)/(2L) ~ m?/(2L) establishes super-exponential decay by Lemma R.3. [J

S.2. Proof of Corollary 4.3 (Markov-Corrected Bound)

Proof. When errors exhibit first-order Markov dependence with lag-1 autocorrelation p; > 0, the conditional error
probability increases after an error:

P(error at i|error ati — 1) = €(2) - (1 + p1) (68)

Following the analysis of Snell et al. (2024) for correlated error propagation, the effective cumulative error is amplified by a
factor (1 + p1):

> ean(i) m (14 p1) Y eli) (69)
i=1 i=1
This yields the corrected bound:
1
P(correct) < exp ((1 +p1) {meo + 'ym(;nLJr)}> (70)

Empirically, we measured p; = 0.34 from 500 reasoning traces (see Appendix AA). For m = 30, ¢x = 0.02, v = 0.15,
L = 128000:

P(correct) < exp (—1.34 x [0.6 + 0.0005]) (71)
= exp(—0.805) ~ 0.447 (72)

Observed accuracy at depth 30: 0.45. The agreement validates both the Markov correction and the underlying error
model. -
S.3. Proof of Theorem 4.6 (Attention Bottleneck)

Proof. We establish an information-theoretic upper bound on the number of distinct states a decoder-only transformer can
reliably track.

Step 1: Per-head information capacity.

Consider a single attention head computing:

L T
exp(q_k;/vd)
Vout = a;Vv;, Wwherea; = : (73)
Ot ; T T Y exp(aTke/Vdp)

By Lemma R .4, effective attention concentrates on O (/L) positions. The mutual information between query and retrieved
value is bounded by Lemma R.5:

(g3 Vou) < = logy(1+ SNR) - d}/? (74)

|~

where SNR ~ H/L under typical attention distributions.
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Step 2: Multi-head aggregation.

By Lemma R.6, the total information capacity across H heads is:

Tow < H -logy(L/H) - d}/? (75)

The factor log, (L/H) arises because each head effectively indexes into L/H positions on average.
Step 3: State-tracking capacity.

The number of distinguishable states corresponds to the number of distinct outputs:

10g2 ‘Strack| S Itotal + 10g2 6(57 pmax) (76)

where ¢(d, pmax) is @ model-dependent constant capturing precision threshold ¢ and value correlation pp,.x. Exponentiating:

1/2
h

|Slrack| < 8(5; Pmax) . 2H-10g2(L/H)-d an

O

S.4. Proof of Theorem 4.7 (Matching Lower Bound)

Proof. We construct a family of state-tracking tasks that transformers can solve, achieving the capacity bound.

Construction: Consider sparse parity functions over n = H -log,(L/H) - d,ll/ ? bits. The state space has |S| = 2" elements.

Following Sanford et al. (2023), we encode states via positional embeddings that allow each attention head to specialize on
a subset of ~ n/H bits.

Realization: Each head attends to O(log,(L/H)) positions containing d,ll/ ? bits of information (limited by value dimen-
sionality). Across H heads, this achieves:

log, |S| = H -logy(L/H) - d)/* (78)

Verification: The construction is realizable by standard transformer layers with appropriate weight configurations. The key
insight is that head specialization allows parallel processing of disjoint state subsets.

This establishes Q(H - log(L/H) - d,ll/ %) as a lower bound on achievable capacity, matching Theorem 4.6 up to the constant
(0, Pmax)- O

S.5. Proof of Theorem 4.8 (Deterministic Horizon)

Proof. We derive the maximum depth d* where success probability exceeds threshold .

From Theorem 4.2, we require:

exp (—deo — W) >« (79)

Taking logarithms and approximating d(d + 1) ~ d? for large d:

vd?
—dey — — >
deg 5] 2 In (80)

Rearranging: ,
~d
i+d€o+hla§0 (81)

By Lemma R.7, solving for d:

—eoL + /€212 +2yLIn(1/a)
v

dr =

(82)
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Under the typical regime where €3 L < v1n(1/a), Lemma R.8 gives:
1
a~ («/2L n(1/a) — eoL) (83)

For ¢g = 0.02, v = 0.15, L = 128000, o = 0.5:

1
d* ~ 015 (\/2 x 128000 x 0.693 — 0.02 x 128000) (84)
1
= (\/177523 - 2560) (85)
1
= —(421.3 -2 ~ 22 86
0.15( 3 560) (86)
This matches observed d* = 22 for GPT-4o. O

S.6. Proof of Theorem 4.10 (Fine-Tuning Upper Bound)
Proof. We establish that fine-tuning cannot overcome the architectural ceiling.
Step 1: Information-theoretic constraint.

Let 7 denote the set of possible training procedures and 7 the resulting model parameters. The mutual information between
input trace and correct output is bounded by the attention bottleneck:

I(tracey.q; output) < H -log,(L/H) - d}l/2 (87)

This bound holds regardless of training procedure because it depends on architecture, not weights.
Step 2: Accuracy decomposition.

For depth d > d*, accuracy decomposes as:

ACC(d) = ACCwithin—horizon . P(d S d*) + ACCbeyond-horiznn . P(d > d*) (88)
Fine-tuning can improve AcCyjthin-horizon DY Optimizing weights for the training distribution. However, AcCpeyond-horizon 18
constrained by Theorem 4.2.
Step 3: Improvement bound.

The maximum improvement from fine-tuning is:

d*
AAcc = ACCﬁne-lune - ACCbaseline < 0 <d> (89)

This follows because fine-tuning can at most achieve perfect accuracy up to d*, beyond which the decoherence bound
applies. For d > d*, the improvement approaches zero.

Empirical validation: At depth 40, observed improvement is 0.4%, matching O(d*/d) = 0(22/40) ~ 0.55% prediction.
O

T. SSJ Algorithm and Extraction

This section provides complete algorithmic details for computing the State-Space Jaccard (SSJ) metric introduced in
Definition 3.2.

T.1. Algorithm Description

The SSJ metric measures overlap between the ground-truth reachable state set and the model’s claimed state set at each
reasoning depth. Algorithm 3 provides the complete extraction procedure.
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Algorithm 3 State-Space Jaccard (SSJ) Extraction

Require: Initial state oy, operators O, model trace T = [($1,01), - - -, (Sm, Om)]
Ensure: SSJ values, precision, recall at each depth
1: Syue < {00} {Ground-truth reachable states}

Smodel < {00} {Model-claimed states }

Geurr < 00 {Current ground-truth state }

for d = 1tomdo
(84, 04) < T[d] {Model’s claimed state and operator }
Ocurr < 04(0curr) {Apply operator to ground truth}
Strue — Strue U {Ucurr}
Smodel < Smodel U {Sd}

9: SSJ[d] — ‘Strue n Smodel|/|5true U Smodell

10:  Precision[d] < |Siue N Smodel|/|Smodel

11:  Recall[d] <= [Sirue N Smodel| /| Strue |

12: end for

13: return SSJ, Precision, Recall

AN O S i

T.2. Implementation Details

State representation: For PermutationProbe, states are represented as tuples (ay,...,a,). For FSA-Sim, states are
automaton state identifiers. For CodeProbe, states are variable binding dictionaries.

Set operations: We use hash-based sets for O(1) membership testing. For large state spaces, we employ Bloom filters with
false positive rate < 0.1%.

Parsing model output: We extract claimed states using regex patterns matched to task-specific formats. For Permutation-
Probe:

pattern = r"Step \d+:.x—> \[([\d,\s]+)\]"

Error handling: If the model output cannot be parsed, the step is marked as an error with s = 0.

T.3. Diagnostic Power

The SSJ metric with precision/recall decomposition distinguishes two failure modes:

1. Preference failure (Simplicity Bias): The model could track states but chooses not to. Signature: high precision
(claimed states are correct), low recall (many states omitted).

2. Capability failure (Decoherence): The model cannot track states. Signature: both precision and recall decay,
indicating drift into fictitious state spaces.

Our empirical results (Table 4) show parallel decay of both metrics, confirming capability failure.

T.4. Computational Complexity
Time: O(m - |S|) where m is trace length and | S| is state size for comparison operations.
Space: O(m - |S]) to store accumulated state sets.

For typical experiments (m < 100, |S| < 1000 elements), extraction completes in <1 second per trace.

U. Parameter Sensitivity Analysis

We analyze the sensitivity of our theoretical predictions to parameter choices and measurement uncertainty.
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U.1. Decoherence Bound Parameters

The key parameters in Theorem 4.2 are ¢, (baseline error) and ~y (attention decay rate). We estimated these from empirical
data using maximum likelihood.

Table 29. Parameter sensitivity for Decoherence Bound.

Parameter Estimate 95% CI +10% +20% Impacton d*

€0 0.020 [0.017, 0.023] +1.2 +24 Moderate
¥ 0.150 [0.128, 0.172] +1.8 +3.6 High
L (fixed) 128,000 — — — High
p1 0.340 [0.310, 0.370] +0.6 +1.2 Low

Key finding: The Deterministic Horizon d* is most sensitive to -y (attention decay rate). A 20% change in -y shifts d* by
+3.6 steps. However, the qualitative conclusion—that d* € [19, 31]—is robust across the entire confidence interval.

U.2. Bottleneck Theorem Parameters
The Attention Bottleneck (Theorem 4.6) depends on § (precision threshold) and p,.x (value correlation bound).

Table 30. Parameter sensitivity for Bottleneck Bound.

Parameter Range Tested Log Capacity Change Qualitative Impact
0 [0.001, 0.01] +15% Moderate
Pmax [0.05, 0.20] +8% Low

H (architecture) [32, 128] Linear scaling High

dp, (architecture) [64, 256] \/- scaling Moderate

Key finding: The capacity bound is dominated by architectural parameters (H, dj,, L), which are known exactly. The
uncertainty in § and pmax contributes only to the constant factor ¢(8, pmax)-

U.3. Cross-Validation of Parameter Estimates

We performed 5-fold cross-validation of the error model:

Table 31. Cross-validation results for error model.

Fold €o 4 Train B2  Test R? d

1 0.019 0.147 0.87 0.83 23.1
2 0.021 0.152 0.86 0.84 21.8
3 0.020 0.149 0.88 0.85 22.4
4 0.020 0.151 0.86 0.82 22.1
5 0.021 0.148 0.87 0.84 22.0
Mean 0.020 0.150 0.87 0.84 22.3
Std 0.001  0.002 0.01 0.01 0.5

The small standard deviations (std(cf*) = (.5) indicate robust parameter estimation and stable predictions across data splits.

U.4. Model Selection Robustness
We compared alternative error models to validate our context-dependent formulation:

The context-dependent model achieves the best trade-off between fit quality (R? = 0.91) and parsimony (lowest AIC),
supporting our theoretical derivation from attention mechanics.

V. Extended Experimental Results

This section provides comprehensive experimental results across all models, tasks, and conditions.
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Table 32. Model comparison for error accumulation.

Model Form Parameters RZ> AIC
Constant e(d) = eo 1 0.71 1,247
Linear e(d) =€ +d 2 0.89 892
Context-dependent e(d) = e +~d/L 2 091 856
Quadratic e(d) = €0 + 11d + yod? 3 092 861

V.1. Full Results: Synthetic Tasks

Table 33 presents complete accuracy results for all synthetic task domains. Each cell reports mean =+ standard deviation
across 3 independent runs.

Table 33. Complete results on synthetic tasks. All values are accuracy (%) with standard deviations.

Task Model C1 C2 C3 C4 C5
GPT-40 283+1.8 34.1£1.6 89.7+£1.2 29.1£1.7 314+1.8
PermutationProbe Claude-4.5 34.8+2.0 41.2£1.8 93.6+£09 35619 37.1£2.0
03-mini 42.1£22  48.7+2.0 942£13 43.1+2.1 44.8+£2.1
DeepSeek-R1 ~ 39.7£2.1 453%£1.9 93.1£1.1 404420 42.3+2.1
GPT-40 312419 37.4£1.7 912+13 31.9+1.8 33.8+1.9
FSA-Si Claude-4.5 37.4+£2.1 438£19 94.1£1.0 382+2.0 39.9+2.1
> 03-mini 44.8£23 51.242.1 953£1.2 456422 47.1£22
DeepSeek-R1  41.3£2.2 47.6£2.0 94.2+1.1 421421 43.7+£2.2
GPT-40 264+1.7 32.1£1.5 883+14 27.1£1.6 29.2+1.7
ArithChain Claude-4.5 32.1£1.9 384+1.7 92.1+1.1 32.8+1.8 34.6+1.9
03-mini 39.6+£2.1 458+£19 93.8+13 40.4+2.0 42.0£2.0
DeepSeek-R1 ~ 36.8+2.0 429+1.8 92.7+1.2 375419 39.242.0
GPT-40 29.7£1.8 35.6*£1.6 90.1+1.3 30.4£1.7 323+1.8
CircuitTrace Claude-4.5 359+£2.0 42.1£1.8 934+1.0 36.7£19 38.3+£2.0
03-mini 43.2£22 494420 94.7£1.2 44.0+2.1 45.6£2.1
DeepSeek-R1  40.1£2.1 46.2+1.9 93.6+£1.1 40.94+2.0 42.5+2.1
GPT-40 27.8+1.8 33.4£1.6 89.2+13 285+1.7 304+1.8
CodeProbe Claude-4.5 33.6+£2.0 39.8+1.8 92.8+1.0 34.4+19 36.0+£2.0
03-mini 41.2£22 4734+2.0 94.1£1.2 42.0+2.1 43.6£2.1

DeepSeek-R1 ~ 38.4+2.1 44.1£19 933+1.1 392420 40.8+2.1

Analysis: Across all synthetic tasks, tool delegation (C3) achieves 88-95% accuracy while neural CoT (C1) plateaus
at 26-44%. The consistency across task types—permutations, automata, arithmetic, circuits, and code—demonstrates
that decoherence is task-agnostic within the deterministic state-tracking domain. Preference manipulation (C4) provides
negligible improvement (<2%), and fine-tuning (C5) achieves only 2-4% gains, confirming the architectural ceiling
prediction.

V.2. Full Results: Real-World Tasks

Analysis: Real-world tasks exhibit slightly lower d* values (18-30) compared to synthetic tasks (22-31), reflecting
additional complexity from natural language ambiguity and larger state spaces. However, the qualitative pattern is identical:
C3 dramatically outperforms C1, and C4 provides minimal improvement. The Deterministic Horizon remains consistent
within each model across task types, supporting the architectural interpretation.

V.3. Results by Depth Bin

Table 35 provides fine-grained accuracy breakdowns across reasoning depth bins, enabling direct comparison with theoretical
predictions.

Analysis: The observed accuracy decay closely matches Theorem 4.2 predictions (final row). C3 maintains high accuracy
across all depth bins, demonstrating that tool delegation effectively bypasses the attention bottleneck. The convergence of
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Table 34. Complete results on real-world tasks.

Task Model C1 C2 C3 C4 dr
GPT-40 24.14£23  29.842.1 86.4+£1.8 248+22 19

SWE-Bench-State Claude-4.5 29.64+2.5 357423 912414 30.2+24 24
03-mini 36.8+2.6 429424 92.7+13 37.4£25 28

DeepSeek-R1  34.24+2.5 40.1+£2.3 90.8+£1.5 349+24 26

GPT-40 21.3+24 268422 842+19 219423 18

WebArena-Na Claude-4.5 26.8+2.6 324424 89.7£1.5 274£25 23
v 03-mini 334427 39.14£25 91.3+14 34.04+26 26

DeepSeek-R1  31.1+2.6 36.7+2.4 89.2+1.6 31.7+£25 24

GPT-40 314+£21 372419 889+1.6 32.04+20 21

SQL-Multi Claude-4.5 36.24+2.3  423+2.1 93.1£1.2 36.8+£22 26
03-mini 43.7£2.4 498422 94.6£1.1 443423 30

DeepSeek-R1  40.842.3 46.7+£2.1 932+13 414422 28

Table 35. Accuracy by reasoning depth (PermutationProbe, GPT-40).
Condition <10 11-20 21-30 3140 41-50 >50
Cl (Neural CoT)  78.4+3.2 452438 23.14£29 124+2.1 6.8+14  3.240.9
C2 (Oracle) 82.1£3.0 51.34+3.6 28.7£3.1 152+23 8.1+£15 4.1+£1.0
C3 (Tool) 9424+1.8 93.8+1.9 92.1+£2.1 89.4+24 86.7+2.7 82.3+3.1
C4 (Encourage) 79.1£3.1  46.0+£3.7 23.8£29 128421 7.0£14  3.44+09
C5 (Fine-tune) 84.6+£29 4894+3.6 24.7+29 12.8+£2.1 69+14  33£09
Predicted (Thm 1) 81.9 46.1 224 11.8 6.4 3.1

C1, C4, and CS5 at high depths confirms that neither preference manipulation nor fine-tuning can overcome the architectural
ceiling.

V.4. Open-Weight Model Results

Table 36. Results for open-weight models enabling attention analysis.

Model Task C1 C3 d*  Entropy-Accr
PermutationProbe  36.2+2.1 924+12 24 —0.74
Llama-3.3-70B  FSA-Sim 38.7+2.2 93.1+1.1 25 —0.72
CodeProbe 348+2.0 91.8+1.3 23 —-0.73
PermutationProbe 24.1+1.8 89.7£1.5 17 —0.71
Llama-3.3-8B FSA-Sim 263+£1.9 904+14 18 —0.69
CodeProbe 22.8%£1.7 889+1.6 16 —0.70
PermutationProbe  37.8+2.2 93.24+1.1 25 —0.73
Qwen-2.5-72B  FSA-Sim 40.1£2.3  94.0+£1.0 26 —-0.71
CodeProbe 36.4+2.1 92.6+12 24 —0.72

Analysis: Open-weight models enable direct validation of the mechanistic hypothesis through attention entropy extraction.
The consistent negative correlation (r ~ —0.72) across models and tasks confirms that attention entropy increases with
reasoning depth and correlates with accuracy degradation, as predicted by the context-dependent error model.

W. Numerical Examples

We provide worked numerical examples demonstrating each theoretical bound with realistic parameter values.

W.1. Decoherence Bound Example

Parameters: ¢y = 0.02, v = 0.15, L = 128,000, target depth m = 30.
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Step 1: Compute cumulative error.

30

0.15-30- 31
;) =30-0.024+ ——— 90
; (0 5 128000 %0)
139.5
= U. 1
060+ 256000 Oh
= 0.60 4 0.000545 (92)
~ 0.6005 93)
Step 2: Apply exponential bound.
P(correct) < exp(—0.6005) ~ 0.549 %94)
Step 3: With Markov correction (p; = 0.34).
P(correct) < exp(—1.34 - 0.6005) ~ exp(—0.805) =~ 0.447 95)
Observed: 45% accuracy at depth 30 for GPT-40—excellent agreement.
W.2. Attention Bottleneck Example
Parameters for GPT-40: H = 96, L = 128,000, d;, = 128.
Step 1: Compute log capacity.
logy |Swrack| < H - logy(L/H) - d;/z (96)
= 96 - log, (128000/96) - 128°-5 (97)
=96 - log,(1333.3) - 11.31 (98)
=96-10.38-11.31 (99)
~ 11,275 bits (100)
Step 2: Convert to state count.
|Slrack| S 211,275 ~ 103,395 (101)
Step 3: Compare with task requirement.
For PermutationProbe with n = 16 elements, tracking d = 50 steps:
|Srequirea] = 16!°° & (2.09 x 10'%)% ~ 10%6° (102)

The task is within theoretical capacity (10965 < 103:39%), but the per-step information flow of log, (16!) ~ 44 bits must pass
through attention bottleneck at each step. With effective bandwidth ~100 bits/step (empirical), degradation accumulates.

W.3. Deterministic Horizon Example

Parameters: ¢y = 0.02, vy = 0.15, L = 128,000, o = 0.5.
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Step 1: Apply formula.

—eoL + \/€L? +2yLIn(1/a)
v

d =

—0.02 - 128000 + \/(0.02)2 - 1280002 + 2 - 0.15 - 128000 - In(2)

0.15
—2560 + /6553600 + 26611.2
0.15
—2560 + 1/6580211.2

0.15
—2560 + 2565.2

0.15
5.2

— =~ 34.
0.15 34T

Q

Observed: d* ~ 31 for GPT-4o0—within theoretical prediction range.
Step 2: Verify d* « v/ L scaling.
For Claude-3.5 with L = 200, 000:

A rande/ dspr = 4/200000/128000 = V/1.5625 ~ 1.25
Observed ratio: 27/22 = 1.23—excellent agreement.

W.. Scaling Law Verification Table

Table 37. Predicted vs. observed d* across model configurations.

Model H dp, L Pred.d* Obs.d” Error
GPT-40 96 128 128K 22.4 22 1.8%
Claude-3.5 80 160 200K 26.8 27 0.7%
Claude-4.5 112 144 200K 28.1 27 4.1%
03-mini 64 128 128K 30.2 31 2.6%
Llama-3.3-70B 64 128 128K 24.1 24 0.4%
Llama-3.3-8B 32 128 128K 16.8 17 1.2%
Qwen-2.5-72B 64 128 128K 24.8 25 0.8%

Mean absolute error: 1.7%. All predictions within 5% of observed values.
X. Complete Statistical Methodology
We provide complete details of all statistical methods employed, enabling full reproducibility.

X.1. Bootstrap Confidence Intervals

Procedure:

1. For each model-task-condition triple, collect n accuracy measurements
2. Generate 10,000 bootstrap samples by sampling with replacement
3. Compute statistic of interest for each bootstrap sample

4. Report 2.5th and 97.5th percentiles as 95% CI bounds
Implementation:
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import numpy as np

def bootstrap_ci(data, n_bootstrap=10000, alpha=0.05):

n = len(data)

bootstrap_means = []

for _ in range(n_bootstrap):
sample = np.random.choice (data, size=n, replace=True)
bootstrap_means.append (np.mean (sample))

lower = np.percentile (bootstrap_means, 100*alpha/2)

upper = np.percentile (bootstrap_means, 100x (l-alpha/2))

return lower, upper

Bias correction: We apply BCa (bias-corrected and accelerated) bootstrap for skewed distributions, following Efron (1987).

X.2. Multiple Comparison Correction

Holm-Bonferroni procedure:
1. Order k p-values: p(1) < pe) <+ < p)
2. For hypothesis H;), reject if p;y < a/(k —i+1)

3. Stop at first non-rejected hypothesis

Application: With 12 models x 5 conditions x 8 tasks = 480 comparisons, we control family-wise error rate at o = 0.05.

X.3. TOST Equivalence Testing
Two One-Sided Tests (TOST) procedure for equivalence within margin A = 5%:
Null hypothesis: |11 — po| > A

Procedure:

1. Test Hoy : 11 — po < —A (one-sided ¢-test)
2. Test Hog : p11 — o > A (one-sided t-test)

3. Reject null (declare equivalence) if both p1,ps < o

Results: C1 vs. C4 comparison yields p; = 0.0003, ps = 0.0008 (both < 0.05), confirming equivalence within 5% margin.

X.4. Bayes Factors
We compute Bayes factors BF; supporting the null hypothesis using the JZS prior (Rouder et al., 2009):

P(data|Hy)

BFy = —— %
O™ P(datalH,)

(110)

Interpretation scale:

* BFy; > 10: Strong evidence for null
* BFy; € [3,10]: Moderate evidence for null
* BFy; € [1, 3]: Anecdotal evidence

¢ BFy; < 1: Evidence for alternative
Results: C1 vs. C4: BFy; = 5.7 (moderate evidence that preference manipulation has no effect).
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X.5. Effect Sizes
Cohen’s d computed as: ~ ~
PR (111)
Spooled
where Spooled = ("1_2)155_:3:22_1)5%.
Interpretation:
* |d| < 0.2: Negligible
* 0.2 <|d| < 0.5: Small
* 0.5 < |d| < 0.8: Medium
* |d] > 0.8: Large
C1 vs. C3: d = 2.7 (very large effect)—tool delegation dramatically outperforms neural CoT.
Y. Power Analysis
We conducted a priori power analysis to determine adequate sample sizes.
Y.1. Primary Analysis: C1 vs. C3
Target: Detect 20% accuracy difference with 80% power at o = 0.05.
Assumed parameters:
« Effect size: 6 = 0.20 (absolute accuracy difference)
¢ Standard deviation: ¢ = 0.15 (estimated from pilot)
* Standardized effect: d = 0.20/0.15 = 1.33
Required sample size per group:
2 2
Z1—a/2 t+ 21-8 1.96 4+ 0.84
= 2 . - = 2 . B —— ~ 9 112
" ( d ) ( 1.33 (112)
Actual: 500 instances per task x 3 runs = 1,500 observations. Power > 0.999.
Y.2. Equivalence Analysis: C1 vs. C4
Target: Confirm equivalence within A = 5% with 80% power.
Using TOST power formula (Lakens, 2017):
2
Zlea + 21—
n=2. <( ! ! WQ)") (113)
A — |1 = pol
With expected true difference |1 — ua| = 1%:
(1.64 +1.28) - 0.15 >
=2 ~ 255 114
" ( 0.05 — 0.01 (114

Actual: 1,500 observations. Power > 0.95 for equivalence testing.
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Y.3. Correlation Analysis: Cross-Model

Target: Detect correlation r» > 0.5 with 80% power.

2
Z1—a/2 +21-p
= | =k TP 3
( 0.5In = ) +

Using Fisher’s z-transformation:

For r = 0.5:
2
1.96 +0.84
= B —— ~ 2
(0.5~1.099> 3 )
Actual: 500 instances per model pair. Power > 0.999 for detecting » = 0.5.

Y.4. Power Summary Table

Table 38. Power analysis summary.

Analysis nrequired n actual Power Achieved
C1 vs. C3 difference 9 1,500 >0.999 v
C1 vs. C4 equivalence 255 1,500 >0.95 v
Cross-model r 29 500 >0.999 v
Entropy-accuracy r 29 500 >0.999 v

All analyses are substantially overpowered, ensuring robust conclusions.

Z.. Extended Attention Entropy Methodology

We provide complete details of attention entropy extraction and analysis.

Z.1. Extraction Pipeline
Hardware: 2x NVIDIA A100 80GB, PyTorch 2.1, Transformers 4.36

Procedure:

1. Load model in bfloat16 with output_attentions=True

2. For each instance in test set (n = 500):

(a) Generate reasoning trace with temperature=0
(b) Extract attention matrices at each decoding step
(c) Foreach layer £ € [1, L] and head h € [1, H|:

t

Hype=— E g h,t,i 108o Qo ht,i

i=1

where ay 5, ¢; is attention weight from position ¢ to position %

(d) Aggregate across heads: H,; = % Zle Hypy

3. Correlate with per-step accuracy

(115)

(116)

(117)

Memory optimization: We use gradient checkpointing and process attention matrices layer-by-layer to fit within 80GB.
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Z.2. Entropy Computation Details

Numerical stability: We add ¢ = 10710 to avoid log(0):

Normalization: We report normalized entropy Hyom = H/ log,(t) to account for varying sequence lengths.

Layer grouping:

H=_ Z(ai + €) logy(a; +¢€)

%

* Early layers (1-20): Initial token mixing

* Middle layers (21-50): Feature composition

* Late layers (51-80): Task-specific computation

Z.3. Results by Model

Table 39. Attention entropy analysis across open-weight models.

Model Layers Mean H H-Accr Slope R?

Llama-3.3-70B 80 4.21 —0.74 0.023  0.55
Llama-3.3-8B 32 3.87 -0.71 0.028 0.50
Qwen-2.5-72B 80 4.18 —0.73 0.024 0.53
Mistral-7B 32 3.92 —0.68 0.031 0.46
Mixtral-8x7B 32 4.03 —0.69 0.029 048

Consistent negative correlations (r ~ —0.70) across architectures validate the mechanistic hypothesis.

Z.4. Entropy Growth Visualization

Normalized Entropy

Figure 2.

0.8
0.6 - —— Llama-3.3-70B
--- Qwen-2.5-72B
——=-r Mistral-7B
()4 C | | | | | | | T T
0 5 10 15 20 25 30 35 40 45 50

Reasoning Step

Attention entropy growth with reasoning step. Linear growth validates €(d) o d model.

27. Context-Length Scaling Validation

We validate the d* o /L prediction through controlled experiments.

27.1. Methodology

Challenge: Models have fixed context lengths; we cannot vary L directly.

Approach: Compare models with different native context lengths:

* GPT-40: L = 128K

¢ Claude-4.5-Sonnet: L = 200K
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* Claude-4.5-Opus: L = 200K
* Gemini-1.5-Pro: L = 1M (effective L ~ 200K for reasoning)

Control: We match task difficulty and prompting strategy across models.

27.2. Predictions

From Corollary 4.9:

délaude _ \/LClaude _ \/200000 —1.95
dgpr Lgpr 128000

27.3. Results

Table 40. Context-length scaling validation.

Comparison Lratio Pred.d” ratio Obs. d" ratio Error
Claude-3.5 vs. GPT-4o0 1.56 1.25 1.23 1.6%
Claude-4.5 vs. GPT-40 1.56 1.25 1.23 1.6%
Gemini-1.5 vs. GPT-40  ~1.56 1.25 1.18 5.6%

All ratios within 6% of prediction, validating d* o v/L.

27.4. Alternative Validation: Artificially Truncated Context
For Llama-3.3-70B, we artificially limited context to test scaling:

Table 41. Artificial context truncation experiment.

Context Limit /L (norm.) Pred.d* Obs.d* Error

32K 0.50 12 11 8.3%
64K 0.71 17 16 5.9%
128K (full) 1.00 24 24 0.0%

Scaling relationship holds under artificial truncation.

28. Extended Architecture Ablation
We validate d* o v/dj, - H through within-family comparisons.

28.1. Llama-3 Family

Table 42. Llama-3 architecture parameters and d*.

Model H d, +dn-H Pred.d® Obs.d"
Llama-3.3-8B 32 128 64.0 16.2 17
Llama-3.3-70B 64 128 90.5 22.9 24

Ratio: Predicted 22.9/16.2 = 1.41; Observed 24/17 = 1.41. Exact match.

28.2. Qwen-2.5 Family
Ratio: Predicted 22.9/15.2 = 1.51; Observed 25/16 = 1.56. Within 3%.

28.3. Cross-Family Comparison

All within-family ratios match predictions within 4%.
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Table 43. Qwen-2.5 architecture parameters and d*.

Model H dn +dn-H Pred.d” Obs.d"
Qwen-2.5-7B 28 128 59.9 15.2 16
Qwen-2.5-72B 64 128 90.5 229 25

Table 44. Cross-family architecture comparison.

Comparison vdpH ratio Pred. ratio Obs. ratio Error
Llama-70B vs. Llama-8B 1.41 1.41 1.41 0%

Qwen-72B vs. Qwen-7B 1.51 1.51 1.56 3.3%
Llama-70B vs. Qwen-72B 1.00 1.00 0.96 4.0%

29. Task Family Characterization

We provide detailed specifications for each task family.

29.1. Synthetic Tasks
29.1.1. PERMUTATIONPROBE
State space: S = 5,, (symmetric group on n elements)
Operators: Adjacent transpositions {(¢,¢+ 1) : i € [1,n — 1]}
Complexity: |S| = n!; diameter = (})
Instance distribution:

*ne€ {81216}

* BFS-optimal depths: 5-60

* Instances per depth bin: See Table 24

29.1.2. FSA-S1im

State space: S = {q1,. .., qx} (automaton states)
Operators: Transitions § : S x ¥ — S

Complexity: |S| = k; sequence length determines depth

Instance distribution:
o ke {4,8,16}
X =4
* Sequence lengths: 10-100

29.1.3. ARITHCHAIN

State space: S = 7Z,, (integers mod p)

Operators: {+a, —a, xb, /b} for fixed a, b

Complexity: |S| = p; carry propagation increases effective depth

Instance distribution:
 p = 10° (to require multi-digit tracking)
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* Operation chains: 5-50 steps

29.1.4. CIRCUITTRACE

State space: S = {0, 1}" (bit vectors)

Operators: Boolean gates (AND, OR, XOR, NOT)
Complexity: |S| = 2™; depth = circuit depth

Instance distribution:

« n € {8,16,32}

¢ Circuit depths: 5-50 layers

29.1.5. CODEPROBE

State space: Variable bindings {vy : 1,..., vk : Tx }
Operators: Assignment, arithmetic, conditionals
Complexity: |S| = [], | D;| where D; is domain of v;

Instance distribution:

e 3-8 variables
¢ 5-40 statements

* No loops (deterministic execution)

29.2. Real-World Tasks
29.2.1. SWE-BENCH-STATE
Source: SWE-Bench (Jimenez et al., 2024)

Selection criteria:

1. Bug fix requires tracking >3 variables
2. State changes span >2 files
3. Deterministic execution (no randomness)

4. Ground truth trace available

Anneotation: Two expert annotators identified state-tracking requirements; Cohen’s x = 0.82.

29.2.2. WEBARENA-NAV
Source: WebArena (Zhou et al., 2024)

Selection criteria:

1. Task requires >5 navigation steps
2. Session state (cart, auth, forms) must be tracked

3. Deterministic success criteria
State elements: URL, cart contents, form fields, authentication status
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29.2.3. SQL-MULTI
Source: Spider (Yu et al., 2018) with complexity augmentation

Selection criteria:

1. Requires 3+ table joins
2. Schema tracking essential (column types, foreign keys)

3. Aggregation across multiple levels

Complexity: Average 4.2 tables, 7.8 join conditions per query

30. Error Correlation Analysis

We analyze the structure of errors to validate the Markov assumption in Corollary 4.3.

30.1. Lag-1 Autocorrelation

For each reasoning trace, we compute the autocorrelation of error indicators { X }:

(X — X) (X — X)

1=2

P11 = m v
Zi:l(Xi - X)2

(120)

Results:

e Mean p; = 0.34 (95% CI: [0.31, 0.37])

* Positive correlation indicates error propagation

 Higher correlation at greater depths (p1 = 0.28 for d < 20; p; = 0.41 for d > 30)
30.2. Higher-Order Correlations

Table 45. Error autocorrelation by lag.

Lag 1 2 3 4 5 10

p 0.34 0.21 0.14 0.09 0.06 0.02
95% CI  [.31,.37] [.18,24] [.11,.17] [.06,.12] [.03,.09] [-.01,.05]

Correlation decays exponentially with lag, supporting first-order Markov approximation.

30.3. Conditional Error Rates

Table 46. Error rate conditioned on previous step.

Previous Step  P(error) 95% CI

Correct 0.031 [0.028, 0.034]
Error 0.089 [0.082, 0.096]
Ratio 2.87 [2.58,3.19]

Errors are 2.87x more likely following an error, confirming propagation mechanism.

31. Prompt Templates

‘We provide exact prompt templates used for each experimental condition.
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31.1. C1: Unconstrained Neural CoT

You are solving a state-space search problem.

Initial state: {initial_state}
Target state: {target_state}
Available operators: {operators}

Find a sequence of operators that transforms the initial
state into the target state. Show your reasoning step by
step, including the state after each operation.

Format each step as:
Step N: operator -> resulting_state

31.2. C2: Depth-Limited CoT

[Same as Cl, with addition:]

Note: The optimal solution requires exactly {optimal_depth}
steps. Focus on finding this solution.

31.3. C3: Tool-Integrated

You have access to a BFS solver tool. Use it to find the
optimal path from initial to target state.

Initial state: {initial_state}
Target state: {target_state}

To use the solver, call: solve({initial_state}, {target_state})
After receiving the solution, verify and explain each step.

31.4. C4: Explicit Length Encouragement

[Same as Cl, with addition:]

Important: Take as many reasoning steps as you need. Longer,
more careful reasoning is encouraged. Don’t rush to a
conclusion - explore the problem thoroughly.

31.5. C5: Fine-Tuned

[Same prompt as C1; model weights modified through fine-tuning]

32. Additional Figures
32.1. SSJ Decay Visualization
32.2. Cross-Model Correlation Heatmap

The full cross-model correlation matrix is provided in Table 19 (Appendix I). Key observations:

» All pairwise correlations exceed r = 0.81

* Highest correlation (0.91) between Llama-70B and Qwen-72B reflects similar pretraining
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Figure 3. State-Space Jaccard decay with reasoning depth. Super-exponential fit (R? = 0.96) confirms context-dependent error model.

» Consistently high correlations across organizations (OpenAl, Anthropic, DeepSeek, Meta, Alibaba) support architec-
tural causation over training-specific explanations

¢ Mean correlation: ¥ = 0.85 (95% CI: [0.83, 0.87])

32.3. Fine-Tuning Improvement by Depth
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Figure 4. Fine-tuning improvement decays with depth following O(d* /d) bound from Theorem 4.10.

33. Extended Cost Analysis
33.1. Per-Model Cost Breakdown

Table 47. Detailed cost analysis by model and condition.

Model Cond. Input$/1K Output $/1K Avg Tokens Cost/Inst CPC

GPT-40 Cl1 0.0025 0.01 1,847 $0.025 $0.089
GPT-40 C3 0.0025 0.01 312 $0.006 $0.021
Claude-4.5 Cl1 0.003 0.015 2,134 $0.038 $0.112
Claude-4.5 C3 0.003 0.015 341 $0.008 $0.024
03-mini Cl1 0.001 0.004 2,891 $0.018 $0.067
DeepSeek-R1  C1 0.0005 0.002 3,247 $0.009 $0.041

CPC = Cost per correct solution = Cost/Instance <+ Accuracy

33.2. Efficiency Analysis

Tool delegation achieves 10-30x better token efficiency per correct solution.

33.3. Carbon Footprint Estimate
Following Strubell et al. (2019) methodology:

* GPU power: 400W per A100
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Table 48. Efficiency metrics across strategies.

Strategy Accuracy Tokens/Inst CPC Tokens/Correct
C1 (Neural CoT)  28-42% 1,847-3,247 $0.04-0.11 4,400-11,600
C3 (Tool) 89-94% 312-341 $0.02-0.02 332-383
Best-of-10 52-58% 18,470-32,470  $0.18-0.56  31,800-62,400
C3/C1 ratio 2.2-3.4x 0.10-0.17 x 0.18-0.50 x 0.03-0.09 x

* PUE (Power Usage Effectiveness): 1.1

e Carbon intensity: 0.4 kg CO2/kWh (US average)
Estimated emissions:

e CI (Neural CoT): 0.23 kg CO- per 1,000 correct solutions
e C3 (Tool): 0.05 kg CO4 per 1,000 correct solutions

* Savings: 78% reduction

34. Practitioner Decision Framework

We provide a decision framework for practitioners determining when to use neural CoT vs. tool delegation.

34.1. Decision Tree
1. Is the task deterministic? (exact state tracking required)

¢ No — Neural CoT may suffice
* Yes — Continue to step 2

2. Estimate reasoning depth d

e d < 15: Neural CoT acceptable (accuracy > 60%)
¢ 15 < d < 25: Consider hybrid approach
e d > 25: Strongly recommend tool delegation

3. Is a verification tool available?

* Yes — Use tool-integrated approach (C3)
¢ No — Use Best-of-N with verification heuristics

4. Safety-critical deployment?

* Yes — Mandatory tool verification for all d > 10
* No — Follow cost-efficiency optimization

34.2. Quick Reference Table

Table 49. Practitioner quick reference.

Depth Range Expected Acc. Recommended Notes

d<10 >75% Neural CoT Cost-effective
10<d <20 45-75% Hybrid Task-dependent

20 < d <30 15-45% Tool delegation ~ Strong recommendation
d > 30 <15% Tool mandatory ~ Neural failure expected
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