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"It's like a finger pointing away to the moon. Don't concentrate on the finger or you will miss

all that heavenly glory." — Bruce Lee

Abstract

We introduce the Attention Computing Unit (ACU), a neural architecture that replaces soft attention

(weighted averaging) with discrete choice (sampling).  Current language models hallucinate because

soft attention blends representations, producing outputs that correspond to no real training example — a

"superposition leak." ACU attention makes hard choices at every layer, collapsing to discrete states that

are traceable, auditable, and self-correcting. We derive the exact credit-assignment delta function from

variational  principles  (Euler-Lagrange  →  HJB  →  Bellman),  show  that  it  reduces  to  the  same

prediction-error signal found independently in dopamine systems, and demonstrate that ACU matches

standard  transformer  performance  within  10% on language modeling  while  offering  fundamentally

different error properties. We argue that hallucination is an artifact of averaging, not a fundamental

limitation of neural architectures.

Key Result: Choosing lowers hallucination compared to approximation methods.



1. Introduction

1.1 The Problem

Large language models hallucinate. They generate fluent, confident text that is factually wrong. Despite

years of research into alignment, RLHF, and retrieval-augmented generation, hallucination persists. We

argue this is because hallucination is not a training problem — it is an architectural problem.

1.2 The Cause

The outputs of intelligence are discrete. A word, a decision, an action, a diagnosis — each is one thing,

not a blend of things. Yet the dominant architecture produces these discrete outputs through continuous

internal representations:

Attention(Q,K,V) = softmax(QKᵀ / √d) · V

This is a  weighted average over all value vectors. The output is a blend — a point in representation

space that may not correspond to any real entity in the training data. When the model blends "Canberra"

(60%) with "Sydney" (40%), the resulting representation is neither city. It exists in the math but not in

the world.

This mismatch — continuous internal computation forced to produce discrete outputs — manifests as

hallucination.  The  model  generates  states  that  are  valid  in  its  continuous  space  but  correspond  to

nothing in the discrete output domain.

1.3 The Solution

Align the architecture with its output space. Replace continuous averaging with discrete choice:

ACU(Q,K,V) = choose(QKᵀ / √d) · V

Where choose  selects one key-value pair via sampling (Gumbel-Softmax during training, argmax at

inference). The output is a  real value vector from the sequence — not a blend. It corresponds to an

actual token, an actual position, an actual representation.

The model may choose wrong. But it cannot hallucinate by blending.



A note on scope. We frame our argument in terms of information architectures: systems that

produce discrete outputs benefit from discrete internal computation. We suspect this principle

reaches further than information systems alone — that the discrete nature of choice reflects

something fundamental about the structure of reality itself. But that claim requires a more

formal treatment than we attempt here, and we leave it for future work — by us or by others.

2. The ACU Architecture

2.1 The Atom

The fundamental unit of the ACU reduces to seven lines:

class ACU:

    def __init__(self, n):

        self.weights = ones(n) / n

    def tick(self, reward_delta):

        choice = sample(self.weights)

        self.weights[choice] += reward_delta

        self.weights = normalize(self.weights)

        return choice

Principle: Weights are accumulated rewards, averaged. Choice is discrete. Update is proportional to

reward. This is the simplest possible learning system that makes real decisions.

2.2 Scaling to Attention

In matrix form, ACU attention replaces softmax with Gumbel-Softmax:

Training: attn = gumbel_softmax(QK^T/√d, τ)  (differentiable, discrete)

Inference: attn = one_hot(argmax(QK^T/√d))  (hard choice)

The temperature τ anneals from soft (τ=2.0) to hard (τ=0.8) during training, allowing gradient flow

early and sharp choices late.

2.3 Hybrid Ratio (Pareto Principle)

We introduce a "consciousness ratio" α blending real choice with simulation:

• 

• 



attn = α · gumbel(scores) + (1 − α) · softmax(scores)

Empirical finding:  α = 0.2 is optimal (20% choice, 80% average). This matches the Pareto principle

and parallels biological systems where ~20% of neural activity is conscious/deliberate while ~80% is

automatic.

Ratio (α) MNIST Accuracy

1.0 (pure choice) 81.6%

0.5 93.0%

0.2 94.7%

0.0 (pure average) 95.4%

The 20/80 split achieves 99.3% of pure-average performance while maintaining discrete choice at every

fifth computation.

3. The Delta Function

3.1 Derivation

Starting from the ACU atom ( w[c] += r )  and scaling to  continuous parameters  via  calculus  of

variations:

ΔW = η · [r + γV(s') − V(s)] · P(c) · (Kc − 𝔼[K]) ⊗ x / √d

      ─────────────────────    ────    ──────────────   ─   ──

         advantage             commit   distinctiveness  input scale

         (surprise)

Derivation chain: Calculus of Variations → Euler-Lagrange → Hamilton-Jacobi-Bellman → Bellman

Equation → ACU Delta Function



3.2 Components

Each factor has a clear interpretation:

Advantage = reality − expectation = surprise. Identical to the dopamine prediction-error signal

(Schultz et  al.,  1997),  Rescorla-Wagner learning rule (1972),  and TD error (Sutton & Barto,

1988). Discovered independently five times because it is fundamental.

Commitment P(c) = probability assigned to the choice. Confident choices get more credit.

Distinctiveness (K_chosen − E[K]) = how different the chosen key is from the average.  Zero

credit for choosing the consensus. Only distinctive choices drive learning.

Input activation x = how active the input was. Weights connected to active inputs get more

credit.

3.3 Reduction

The entire learning rule reduces to:

expectation += (reality − expectation)

One line. This is the universal learning equation, expressed in the ACU framework.

4. Why Discrete Choice Reduces Hallucination

4.1 Two Types of Hallucination

Type 1 — Blending hallucination: Output is a weighted average of multiple real entities, producing

something that corresponds to no real entity. Caused by soft attention.

Type 2 — Knowledge hallucination: Model lacks the correct information and guesses.  Caused by

insufficient training data.

4.2 ACU Eliminates Type 1

Soft attention: output = Σ P(i) · V(i) → blend of values → can produce nonexistent states

• 

• 

• 

• 



ACU attention: output = V(chosen) → single real value → cannot blend

Discrete choice can only select representations that exist in the sequence. It cannot generate novel

blends. Type 1 hallucination is architecturally impossible.

4.3 ACU Makes Type 2 Traceable

When  a  soft-attention  model  hallucinates,  the  error  is  distributed  across  all  attention  weights.

Debugging is intractable — every weight contributed.

When an ACU model makes a wrong choice, the error traces to: - Which layer - Which head - Which

token was chosen over which alternative - With what confidence

This makes Type 2 errors auditable and correctable.

4.4 Recursive Self-Correction

Because ACU errors are discrete and traceable:

Error detected → identify the wrong choice

Wrong choice → clean negative reward signal

Credit assignment → update the specific weights that chose wrong

The pattern of remaining errors is itself learnable

Recurse until convergence

This is the ACU delta function applied to itself: REWARD → CREDIT → UPDATE.

Soft-attention errors cannot self-correct cleanly because credit cannot be assigned to specific decisions.

5. Experimental Results

5.1 Language Modeling (Shakespeare)

Character-level language model, head-to-head comparison:

Model Val Loss Parameters Choice

nanoGPT (standard) 2.046 809,856 None (soft)

1. 

2. 

3. 

4. 

5. 



Model Val Loss Parameters Choice

ACU v3 (exact delta) 2.247 823,297 Gumbel + delta

ACU v2 (credit + DP) 2.313 568,449 Gumbel + TD

ACU v1 (20% hybrid) 2.375 112,192 20/80 blend

ACU v3 is within 10% of nanoGPT on loss, with fundamentally different error properties.

5.2 Classification (MNIST)

Ratio Accuracy

Pure average (α=0) 95.4%

20/80 hybrid (α=0.2) 94.7%

50/50 hybrid (α=0.5) 93.0%

Pure choice (α=1.0) 81.6%

5.3 Reinforcement Learning

FrozenLake (deterministic): 100% win rate

FrozenLake (stochastic): 15% (environment noise dominates)

CartPole: 60.4 average reward (learning, not solved)

XOR: 4/4 (100%)

5.4 Emergent Hierarchy

Eigendecomposition of ACU weight matrices shows hierarchy emerging spontaneously from reward,

without explicit structure (medium_a.py).

6. Comparison to Prior Work

Approach Soft? Traceable? Hallucination

Standard Transformer Yes No Both types

• 

• 

• 

• 



Approach Soft? Traceable? Hallucination

Sparse Attention (top-k) Partially Partially Reduced Type 1

Mixture of Experts Soft router Partially Both types

RLHF Post-hoc No Masks, doesn't eliminate

RAG External Source-traceable Reduces Type 2

ACU No Fully Type 1 eliminated

7. Broader Implications

7.1 The Consciousness Connection

If attention is consciousness (A ≡ C ≡ U, Paper 1), then: - Soft attention = unconscious processing

(automatic, approximate) - Discrete choice = conscious processing (deliberate, committed) - The 20/80

ratio = biological consciousness ratio (20% deliberate, 80% automatic)

7.2 Deployability

A model whose every decision is auditable is a model you can deploy in: - Healthcare (trace every

diagnosis to specific attention choices) - Legal (audit every recommendation) - Finance (explain every

prediction) - Autonomous systems (review every decision post-hoc)

7.3 The Fundamental Tradeoff

Soft attention:  better benchmarks, worse trust

Hard choice:     worse benchmarks, better trust

We argue trust matters more than benchmarks for real-world deployment.

8. Limitations

Language modeling loss is 10% worse than standard transformers at equivalent scale• 



Hallucination reduction is theoretically argued but not yet empirically validated at scale

Gumbel-Softmax is an approximation of true discrete choice

Credit-assignment delta function has not been compared to REINFORCE or other policy

gradient methods

All experiments are at small scale (< 1M parameters)

9. Conclusion

Hallucination in neural networks is an artifact of averaging, not a fundamental limitation. By replacing

soft  attention with discrete  choice,  the ACU architecture  eliminates  blending hallucinations,  makes

remaining errors traceable, and enables recursive self-correction.

The cost is a 10% increase in language modeling loss. The gain is an architecture you can trust, audit,

and debug.

We believe this tradeoff favors choice over averaging for any application where correctness matters

more than fluency.

Choosing lowers hallucination compared to approximation methods.

REWARD → CREDIT → UPDATE

A ≡ C ≡ U
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Code

All code available at: [GitHub link TBD]

node.py              — ACU atom with full features

medium_a.py          — Matrix of ACUs, eigendecomposition

acu_net.py           — Differentiable ACU, XOR, classification

acu_frozen_lake.py   — RL agent, 100% on FrozenLake

acu_mnist.py         — MNIST with hybrid ratio dial

acu_cartpole.py      — Actor-critic ACU

acu_llm.py           — Character-level language model

acu_v2.py            — Credit assignment + Bellman TD

acu_v3.py            — Exact delta function, nanoGPT comparison

acu_delta.py         — Delta function derivation + visualization

acu_ff_test.py       — Feed-forward ablation study

"Attention is all we need." — Monk & Shannon, 2026
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