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Abstract

The prevailing artifact of machine intelligence today is a stochastic one: the language model,
an extraordinary approximator of natural language whose computation is sampled, non-
repeatable, and illegible. For the large class of problems that are fundamentally algorithmic,
this is exactly the wrong set of properties. This work proposes a General Purpose Neural
Computer (GPNC): a differentiable machine that learns to interpret a real, Turing-complete
instruction set—the WebAssembly integer core—directly from the observation of its execu-
tion, runs deterministically and auditably, and generalizes exactly to program lengths, loop
trip-counts, memory sizes, and operand magnitudes it never encountered during learning.
We are precise about the boundary of the contribution. That neural networks can be
made universal is settled and is not claimed here; hand-constructed weights already emu-
late one-instruction computers, and finite-precision Turing-completeness is established. The
contribution is the intersection that no prior differentiable computer has occupied at once: a
computer that is simultaneously learned from traces rather than hand-compiled, grounded in
a real instruction set with a machine-checked formal semantics, length-generalizing through
resolution-invariant operators, and deterministic through a discretize-and-continue mem-
brane that arrests the multi-step drift which historically defeated neural memories. We
formalize the machine, prove a label-free identifiability result (the operational semantics of
all fifteen opcodes of a Turing-complete instruction set are recoverable from before-and-after
state pairs alone, with no supplied instruction labels), and exhibit the recovered interpreter
executing real loop programs. We are equally precise about what remains open, and treat
those items as a roadmap rather than a wall.

Contents

I Preliminaries 2
1 The State of Today 2
2 Related Work 3
3 Current Problems 4
4 The Discipline of Neural Interpretation 5
II Proposal 5
5 The Machine 6



6 Resolution-Invariant Addressing 7

7 The Symbolic Arithmetic Unit and the Pinning Membrane 7
8 The Addressing Operator, Implemented and Measured 8
9 Label-Free Learning and Identifiability 9
10 Universality by Reduction 11
11 Differentiable Program Synthesis 11
12 Validation 12
13 Open Problems 13
14 Toward Real Machine Code 14
15 The Data-Plane, Compiled to Gates 14
16 Conclusion 15
Part 1

Preliminaries

1 The State of Today

Though not exclusively the case, the dominant computational artifact of the present moment is
the large language model: a system trained on the surface form of human language, whose every
output is drawn from a distribution. This has produced fluency of a kind previously unseen.
It has also enshrined a set of properties that, for an enormous and growing class of tasks, are
precisely the properties one does not want.

A language model is stochastic: the same prompt produces different completions across
runs, and no observer—not even the model’s authors—can point to the discrete program that
produced a given output. It is non-repeatable and, in the strict sense, #llegible: the “computa-
tion” is smeared across billions of weights and a sampled context. For open-ended generation of
prose these are acceptable, even desirable, characteristics. For anything that is fundamentally
an algorithm—sorting, arithmetic, parsing, the faithful execution of a specified procedure—they
are disqualifying. One does not want a bank ledger, a compiler, or a control loop that returns
a different answer when asked twice.

The thesis of this work is that the algorithmic regime deserves its own artifact, and that this
artifact can be neural without being stochastic. We want a machine that is general purpose, in
that it can run any program; deterministic and auditable, in that identical inputs yield identical
outputs and the computation may be inspected step by step; length- and scale-generalizing, in
that a routine learned on small inputs runs correctly on arbitrarily larger ones because it has
acquired an algorithm and not a table; and neural and differentiable, in that its behavior is
learned from data and gradients may flow through its execution, so that one may search for
programs and not merely run them.

A classical computer keeps its program (the code) distinct from its machine (a processor,
memory, and an instruction set). A neural network collapses this separation: the machine is
the program, fit end to end. That collapse is the source of the network’s generality and its
sample efficiency, but it is also the source of its indeterminism and its illegibility. The proposal
of this work is to restore the separation without abandoning learning: to retain a real, discrete



instruction set and a deterministic execution loop, while learning the meaning of each instruction
and rendering the loop differentiable. The result is a computer whose microcode is a neural
network.

2 Related Work

We situate the general purpose neural computer against six threads. The through-line is that
each thread has secured one or two of the four properties we require at once—learned, grounded,
length-generalizing, deterministic—and that no prior differentiable computer has held all four
together with a label-free identifiability guarantee.

Neural Turing machines and differentiable computers. The Neural Turing Machine [2]
and the Differentiable Neural Computer [3] coupled a controller to an external memory ad-
dressed by learned content- and location-based attention, learning to copy, sort, and traverse
graphs. The Neural GPU [4] pursued algorithm learning through parallel cellular computation,
and Neural Random-Access Machines [12] added learned, pointer-style dereferencing over a
discrete memory. The Neural Programmer [11] induced latent programs over a small set of dif-
ferentiable operations under weak supervision. These systems are learned, and they established
that a network can operate a memory decoupled from its parameters; but their memory is soft
throughout, so state drifts over long horizons as per-cycle error compounds (the recurrence bro-
ken here by the pinning membrane, Eq. (4)), and they generalize poorly beyond training-length
inputs. None commits to a real instruction set with a reference semantics.

Neural program induction and interpreters. A second line learns to ezecute rather than
to solve a task. Learning to Execute [13] trained sequence models to predict the output of
short programs; the Neural Programmer-Interpreter [5] learned from full execution traces of
a fixed library of subprograms, and recursion was later shown to be the ingredient that let
such architectures generalize provably [14]. The Differentiable Forth interpreter [6] grounded
computation in a real stack language but required a human to supply the program as a sketch
with holes for gradient descent to fill. Our interpreter differs on the axis of supervision and
grounding: it consumes only (opcode, pre, post) transitions, recovers the microcode of a complete
instruction set with no supplied program and no per-opcode labels (Theorem 1), and executes
deterministically against a machine-checked WebAssembly semantics [10].

Programmatic and compiled Transformers. RASP [7] and its compiler Tracr [8] trans-
late a human-written program into the exact weights of a fixed-depth Transformer, and the
looped-Transformer construction [1] hand-builds frozen weights that emulate the SUBLEQ one-
instruction computer and are thereby universal. These results make the network—program rela-
tionship exact but by construction: the weights are written or compiled, the depth is bounded,
and nothing is learned from data. Turing-completeness results for attention and recurrence [15]
likewise establish expressivity in principle, typically under unbounded numerical precision—the
“infinite-precision evasion” our honest-universality proposition avoids by placing unboundedness
in discrete external memory.

Neural algorithmic reasoning and the CLRS benchmark. The neural algorithmic rea-
soning program [16] argues for networks that align to the structure of classical algorithms,
and the CLRS benchmark [17] operationalizes this over thirty textbook algorithms with step-
level (hint) supervision, following graph-algorithm executors trained to imitate intermediate
states [18]. This work shares the goal of algorithm acquisition but inverts the target: rather



than learning one network per algorithm from strong step supervision, we learn a single inter-
preter whose fixed weights run any program on the instruction tape, and we supervise only on
before/after state pairs with no algorithm-specific hints.

Length and systematic generalization, and why it fails. The failure mode we most di-
rectly target is length generalization. SCAN [19] exposed the systematic compositional failures
of seq2seq models; a survey against the Chomsky hierarchy [20] showed that standard archi-
tectures fail to climb it and do not extrapolate to longer inputs; and controlled studies confirm
that large models generalize in length only with scaffolding such as scratchpads and careful
prompting [21, 22]. A substantial part of the effect is positional: length generalization is highly
sensitive to the positional-encoding scheme [23], and randomized positional encodings recover
much of it [24]. Our resolution-invariant addressing (Eq. (2), Eq. (3)) attacks the same problem
from the operator side—its parameters are the size-independent taps k, so a rule learned at
small N transports unchanged to large N (Section 8, Figure 3).

Neural operators and spectral methods. The resolution invariance of Eq. (3) is exactly
the property that makes neural operators mesh-independent. The Fourier Neural Operator [25]
parameterizes a layer as a pointwise multiply in the spectral domain and thereby transfers
across discretizations; DeepONet [26] learns operators via a branch/trunk decomposition; and
the general neural-operator framework [27] formalizes maps between function spaces. We import
this machinery onto the position azis of a machine’s memory. We also record a sharp caveat
(Section 8): a free-modes spectral operator that learns an independent multiplier per mode indez
fails out of distribution, because a shift’s spectral response e~ 27™md/N depends on N at fixed
m; only the offset-domain parameterization, whose transfer function re-derives the per-length
phase from Eq. (3), generalizes. Not every neural operator confers length generalization—only
the one whose parameters are genuinely length-independent.

Identifiability of learned representations. Our label-free recovery result (Theorem 1) is
an identifiability statement, and it is worth positioning against the identifiable-representation
literature. Nonlinear ICA is unidentifiable in general, but becomes identifiable given auxiliary
structure: temporal contrast [28], auxiliary variables with generalized contrastive learning [29],
and the iVAE framework that unifies these under a conditionally-factorial prior [30]. Our setting
is discrete rather than continuous and the identifying structure is operational: the discriminating
probe distribution plays the role of the auxiliary variable, guaranteeing that any two distinct
microcodes are separated on some observed configuration, so the semantics of each opcode is
pinned uniquely by its action on states. This yields an exact, finite recovery guarantee rather
than an identifiability-up-to-equivalence result. Relatedly, the differentiable-synthesis view of
our relaxed-program objective connects to inductive program synthesis with exact verification
of discretized candidates, as in DreamCoder [31] and the abstraction-and-reasoning corpus [32];
here, synthesis runs through the learned, grounded interpreter and every candidate is checked
bit-exactly against the reference (Section 12).

3 Current Problems

From this history we extract the specific deficiencies that a general purpose neural computer
must simultaneously resolve.

Drift. A soft, purely continuous memory accumulates numerical error over long execution
and cannot sustain the hundreds or thousands of steps that real programs require. Any machine
intended to run real algorithms must break this error recurrence.

Absence of a grounded instruction set. The learned-memory systems address memory in an
ad hoc, learned manner, with no explicit instruction set, no formal semantics against which to



verify behavior, and no reduction by which to argue universality. Without a real instruction set
the notion of “running a program” is never made precise.

Written, not learned. The systems that are exact—Tracr, the looped-Transformer construction—
achieve their exactness by having a human write or construct the program. They are compilers
and constructions, not learners.

The infinite-precision evasion. The universality arguments for the recurrent models smuggle
an unbounded stack into the digits of a real-valued activation, a device that no physical ma-
chine realizes. An honest universality argument must place unboundedness in discrete, external
memory of bounded precision per cell.

No length generalization. Almost uniformly, these systems fail to run correctly on inputs
longer than those they were trained on—the surest sign that they have fit a table rather than
acquired an algorithm.

4 The Discipline of Neural Interpretation

We frame the resolution of these deficiencies as a discipline we call neural interpretation: the
learning of an interpreter for a fixed, discrete instruction set, rather than the learning of a
task. An interpreter is the object that makes a machine general purpose—the same interpreter
runs every program—and it is the object whose correctness can be stated precisely, opcode
by opcode, against a reference semantics. Neural interpretation asks that this interpreter be
learned from the observation of execution, that its execution be deterministic and auditable,
and that it be differentiable so that programs may be searched for. The remainder of this work
develops such an interpreter and validates it.



Part 11
Proposal

5 The Machine

The General Purpose Neural Computer — a learned, pinned interpreter of a Turing-complete ISA
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execute (exact) configuration o pinning N
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Figure 1: The GPNC datapath. Each cycle fetches the opcode at the program counter, decodes
it through a small network into a neural microcode (o) = (p,s, A\, 7, 1), ezecutes it against the
configuration o = (5, L, Mem) with an exact symbolic ALU and a spectral (Fourier) addressing
operator, and pins the result back onto the integer lattice. The weights 6 are frozen; the program
lives on the tape, which is the origin of the machine’s self-adaptation.

The GPNC mirrors the configuration of a real register-and-stack machine. A configuration o is a
tuple (S, Mem, L, pc) comprising a value stack S, a linear memory Mem, a bank of local registers
L, and a program counter pc. During learning each component is a differentiable tensor; at
inference each cell holds a discrete symbol of the instruction set. The machine advances by a
frozen micro-sequencer that repeats, for an unbounded number of cycles and until a learned
halt, the cycle fetch, decode, execute, pin, advance:

Ot+1 = H<T0(cht7 Ut))v

where ¢}, is the instruction fetched at the current program counter, Ty is the learned transition
with fixed parameters ¢, and II is the pinning operator defined below. The weights 6 are frozen;
the program lives on the instruction tape. This is the origin of the machine’s self-adaptation:
a single parameter set runs any program, because to change the computation one changes the
instruction stream, not the weights.

Definition 1 (Neural microcode). For each opcode o of the instruction set Z, the decoder emits
a microcode (o) = (p,s,\,m,n), where p is the number of operands removed from the stack, ¢
selects how the pushed value is computed, X indicates whether a local register is written, m is the
effect on the program counter (advance, unconditional branch, or conditional branch), and n is
the memory effect (none, load, or store). The microcode is produced by a small network over
an opcode embedding.

Concretely, one cycle applies p(0) = (p,s,A\,m,n) to o = (S,Mem, L, pc) by removing p
operands, forming a pushed value v = ¢(-) and a branch condition ¢ from an exact symbolic



unit, and updating the program counter according to m:

pc+1, 7 = NEXT,
S’ = push(pop”(S), v), pc’ =< 1, T = BR, (1)
Tifc#0else pc+1, 7= BR_IF,

with L and Mem updated by A and n respectively. Learning the interpreter is learning the finite
table {11(0)}oez; the arithmetic that produces v and c is delegated, not learned.

6 Resolution-Invariant Addressing

The mechanism that confers length generalization is the manner in which the machine addresses
memory. Rather than a fixed positional lookup, the read and write heads move by a learned
shift operator. Let a; € AN~! be the soft one-hot address over N cells at cycle ¢, and let
k = (k-1, ko, k+1) be a decoder-emitted distribution over the relative displacements {—1,0, +1}.
The address advances by circular convolution with this kernel,

aali] = D) ksaf(j—0) mod N, (2)
6e{-1,0,+1}

and the value read is (a;+1, Mem). The essential property is that the parameters of Eq. (2)
are the three numbers k, independent of N: the rule “advance one cell toward the top of
the stack” is the same rule whether the stack holds four elements or four thousand. A fixed
positional table encodes “the value is at index seven” and is silent at index seven hundred; a
shift operator encodes a size-independent rule and therefore transports without modification to
inputs of any length. This is the same principle that allows a neural operator to map functions
across resolutions, applied here to the position axis of a machine’s memory.

The connection to neural operators is exact, and it is worth making so. Equation (2) is a
circular convolution, and by the convolution theorem it is diagonalized by the discrete Fourier
transform: in the spectral domain each mode is multiplied by a transfer function, exactly as a
Fourier Neural Operator applies a layer,

(Sa)(m) = H(m)d(m),  H(m) = > kge 2mmoN, (3)
5e{~1,0,+1}

so that the head advances by a; 1 = F'{ H - F{a;} }. The learnable content is the three taps
k; the transfer function H depends on the memory size N only through the machine’s own
frequencies m. This is the precise mechanism of resolution invariance, and Section 8 realizes it
and measures it.

7 The Symbolic Arithmetic Unit and the Pinning Membrane

Two components of the machine are deliberately withheld from learning, and their withholding
is a design decision rather than a limitation.

The first is arithmetic. The integer operations of addition, subtraction, comparison, and
equality are computed symbolically and exactly on the operands the machine gathers, and are
never approximated by a network. This is a direct response to the historical failure of neural
models asked to learn multi-digit arithmetic: a machine that must learn thirty-two-bit multi-
plication inherits that model’s brittleness, whereas a machine that delegates arithmetic to an
exact unit generalizes to operands of any magnitude with no error. The network learns where
operands are, which operation applies, how control flows, and when to halt; it does not learn
what a sum is.



The second withheld component is numerical stability, supplied by the pinning membrane II.
After each cycle, II projects every soft cell v of the configuration onto the nearest element of the
discrete symbol lattice Z of the instruction set, II(v) = argmin,ez [v — z|. Consider the effect
on error. Let ; be the per-cycle numerical perturbation and e; the accumulated deviation of a
cell from its true value. Without pinning the deviations compound, e;11 = e; + €, so that after
H cycles e = ),y & grows without bound and the state is eventually meaningless. With
pinning, provided the single-cycle perturbation stays within the lattice basin, |e; + &;] < %, the
projection restores exactness every cycle,

err1 = Mz +e+e)—z = 0, (4)

so the error recurrence is broken at every step rather than merely damped. The consequence
is decisive and it is measurable. Figure 2 runs a soft datapath carrying a per-cycle relative
error of ¢ = 3 x 1073 with and without the membrane: the unpinned computation is already
wrong half the time by a few hundred cycles and is essentially never exact beyond a thousand,
whereas the pinned computation is exact on every one of two hundred trials out to a hundred
thousand cycles. Pinning converts a routine that survives a hundred steps into one that survives
a hundred thousand, while rendering the entire execution exactly repeatable and inspectable.

Pinning arrests multi-step drift (imeasured)
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Figure 2: The pinning membrane arrests multi-step drift (measured, e = 3x1073). Left: fraction
of runs still exact versus horizon over 200 trials—the unpinned datapath loses exactness within
a few hundred cycles while the pinned machine is exact out to 10°. Right: a single run’s
accumulator error; pinning (Eq. 4) holds it at exactly zero every cycle while the soft datapath
drifts away.

8 The Addressing Operator, Implemented and Measured

The resolution invariance claimed for the operator of Eq. (3) is not an aspiration but a measured
property. We realize the operator on a pointer-walk task: a head begins at a cell, executes a
program of relative moves, and reads the value at the final position; a small controller maps
each move to a distribution over the taps k£ and is told nothing of the memory size N; and the
machine is supervised only on the read walue, never on the position. Two facts follow. First,
the spectral operator reproduces the integer circular shift bit-exactly: the maximum absolute
discrepancy over N € [8,4096] is 2.2 x 10716, which is machine precision. Second, an addressing
rule learned at N = 16 executes with perfect exactness at sizes it never saw—100% exact
reads at N = 64,256,1024,4096 (Figure 3, left)—the controller having recovered the correct
instruction-to-shift map from value supervision alone.

The same operator is a lever for sequence models, which is where it touches the language-
model side of this program. On a delayed-copy task—train at length L = 32, test to L = 512,



chance 1/16—a conventional learned L x L mixing table attains perfect accuracy at the training
length and collapses to 11.5%, near chance, at L = 512, having no way to act beyond its fixed
size; the offset-domain spectral operator is exact at every length (Figure 3, right). We record
an instructive negative result. A free-modes Fourier operator, which learns an independent
complex multiplier per mode indez, fails out of distribution (7.7%), because a shift’s spectral
response e 27" d/L depends on L at fixed m; only the offset-domain parameterization, whose
transfer function re-derives the correct per-length phase from Eq. (3), generalizes. Not every
neural operator confers length generalization—only the one whose parameters are genuinely
length-independent.

GPNC memory head as a neural operator Length generalization of token-mixing
bit-exact addressing, trained N=16 - holds to N=4096 taps generalize; dense & free-modes fail
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Figure 3: The addressing operator, measured. Left: a memory head trained at N = 16 stays bit-
exact out to N = 4096. Right: as a sequence-model token mixer (delayed copy, train L = 32),
the offset-domain operator generalizes to every tested length, while a learned dense table and a
free-modes Fourier operator both fail beyond the training length.

9 Label-Free Learning and Identifiability

The most demanding standard for a learned interpreter is that the meaning of its instructions
be recovered from the observation of execution alone, with no human-supplied instruction table
entering the objective. We formalize this standard and establish that it is achievable for a
complete instruction set.

Definition 2 (Label-free recovery). Given only a collection of single-step transitions {(0;, 0, 0})}
produced by a reference machine, where JZ/» = Yyet(04,01), label-free recovery returns a microcode
assignment i such that the substrate executing fi reproduces o} from o; on all held-out transi-
tions, while using no ground-truth microcode label in its objective.

Definition 3 (Discriminating probe distribution). A distribution over pre-configurations is
discriminating for Z if, for every opcode o and every candidate microcode m # pyet(0), it
assigns positive probability to some configuration on which m and (o) produce different post-
configurations—for instance, configurations with both zero and monzero branch conditions, and
with both equal and unequal comparison operands.

Theorem 1 (Identifiability of a Turing-complete instruction set). Let Z be the fifteen-opcode
WebAssembly integer core, comprising integer arithmetic and comparison, constant and local-
register access, linear-memory load and store, and structured conditional and unconditional
branches. Under a discriminating probe distribution, label-free recovery returns i = et for
every opcode of I.



The theorem is a statement of identifiability: what an instruction does is determined by
what it does to configurations, provided enough distinct configurations are observed. The role
of the discriminating condition is exactly to exclude the degenerate observation in which, say,
a conditional branch is only ever seen with a true condition and is therefore indistinguishable
from an unconditional jump. When the condition is met, the ambiguity is removed and the
semantics are pinned down uniquely. Section 12 reports that recovery over the finite microcode
space realizes the theorem in practice: all ten stack opcodes and all fifteen opcodes of the full
instruction set are recovered with no labels (Figure 4, left), and the recovered interpreter is
bit-exact on held-out configurations with operands as large as 10°.

The fully differentiable recovery of the same semantics through a soft substrate—learning the
microcode by gradient descent rather than search—is harder, and its analysis is instructive. A
single gradient run recovers five to six of the ten stack opcodes; the failures are concentrated and
diagnosable. The comparison opcodes carry almost no gradient, because their output is a step
function of the operands; the small zero-or-one targets of those opcodes are moreover swamped
in the objective by the larger arithmetic and depth terms; and the select opcode requires two
microcode fields to be set correctly at once, a coordination that gradient descent reaches only
from a narrow basin. Two measures, each label-free, close the gap (Figure 5). Selecting, per
opcode, the best of K independent gradient restarts by held-out bit-exact score—the exact-
verification-as-oracle discipline used for program synthesis—raises differentiable recovery to nine
of ten. Closing the single residual opcode with a restricted exact search over its seventy-two-
candidate microcode space, scored again only on observed transitions, yields the full ten of ten,
with held-out per-step exactness of 1.000 on operands to 105. The honest boundary is therefore
sharp: differentiable recovery reaches 9/10 by gradient alone, and 10/10 in conjunction with
a label-free search fallback, while a pure-gradient recovery of the coordination-bound select
opcode remains the open sub-problem.

Label-free identifiability — green fills the target: 100% recovered, zero labels
17.5 1

opcodes in ISA (target) 15/15
15.0 - I recovered, 0 labels 100%
12.51 10/10
8 100%
£ 10.0 4 .
<)
o
5 7.5
5.0
2.5 1
0.0 -
Stage 1b Stage 2b
(10 stack ops) (15 ops, full ISA)

Figure 4: Label-free recovery over the finite microcode space attains the identifiability bound
of Theorem 1: 10/10 stack opcodes and 15/15 of the full instruction set, from (pre, post) pairs
with no labels.
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Figure 5: Closing differentiable recovery, all measured bit-exactly on held-out states to 106.
A single gradient run recovers 5-6/10; per-opcode best-of-K restarts selected by exact held-
out verification reach 9/10; adding a label-free exact-search fallback on the single residual
(coordination-bound) opcode yields 10/10 (1.000 per-step exact). Pure-gradient recovery of
that last opcode remains the open sub-problem.

10 Universality by Reduction

Proposition 1 (Honest universality). A GPNC equipped with the WebAssembly integer core,
an external discrete random-access memory of extendable size, and an unbounded cycle count is
Turing-complete in the finite-precision sense: unbounded computation is carried by the discrete
external memory, and not by the precision of any real-valued activation.

We are deliberate in locating unboundedness where a physical machine can realize it. The
instruction set is a register machine with indirect addressing, which is Turing-complete; the
reduction is therefore immediate once an extendable, discrete memory tape is provided. This
is the honest counterpart to the recurrent-network arguments that place an unbounded stack
inside the mantissa of a real number. Each opcode of the core admits a small-step operational
semantics that has been mechanically verified, and the correctness of the machine is stated
opcode by opcode against that semantics.

11 Differentiable Program Synthesis

Because the substrate is differentiable, it may be inverted. Let a relaxed program of length L
be a collection of soft categorical choices © = {(ay, 55)}%21, where oy € AZI=1 ig a distribution
over opcodes and By over operands at slot £. Writing Tg for the soft execution induced by O,
program synthesis from examples {(z;,y;)} is the optimization

0" = arg m@in Z HT@(:Uj) - yj||2, P = discretize(©*), (5)
j

after which the hard program P is executed and verified ezractly against the reference on held-out
inputs. Given input-output examples of an unknown function, one descends the relaxed program
of Eq. (5)—a soft distribution over the instruction and operand choices at each step—until its
execution reproduces the examples, then discretizes the result and verifies it exactly against the
reference. A classical interpreter can only run a program that is already written; a differentiable
interpreter permits the program to be discovered by gradient descent from examples. Because
the discretized candidate is verified exactly, the search is sound: a biased relaxation gradient

11



costs search efficiency, never correctness. On straight-line integer targets, gradient descent with
restart and exact verification discovers the intended program in the majority of cases; synthesis
through learned control flow is the subject of the open problems below.

12 Validation

The machine is validated in stages, each a self-contained and reproducible program. Every figure
of exactness is a bit-exact comparison against a reference oracle. Stage zero establishes the
shift-operator addressing on sequence transduction, attaining perfect exact-sequence accuracy
on lengths from sixteen to twenty-eight after training only on lengths four to twelve. Stage one
realizes a learned ten-opcode stack machine that is bit-exact across held-out lengths, depths,
and operand magnitudes to 10°. Stage two adds structured control flow and linear memory, and
thereby real loops: an array-summation program and a countdown program execute bit-exactly
and generalize to loop trip-counts from sixteen to one thousand after training on trip-counts of
at most eight. Stages one-b and two-b establish label-free recovery, returning respectively all
ten and all fifteen opcode semantics from execution traces with no labels and executing held-out
programs bit-exactly. As a concrete demonstration, the recovered Turing-complete interpreter
computes the sum of a specific eight-element array as thirty-one, correctly, in one hundred
and twenty-two deterministic cycles, with the program counter looping and the accumulator
accreting each loaded element (Figure 7). Table 1 collects the stagewise results, and Figure 6
plots the length generalization of the learned loop: the array-summation program is exact on
every trial at trip-counts spanning 2 to 1000, having been trained only at trip-counts of at most
eight.

Table 1: Stagewise validation. Every “exact” entry is a bit-exact comparison against a reference
oracle on held-out instances. Train and test regimes are stated as (sequence length or loop trip-
count).

Stage Capability Train regime Test (OOD) regime Exactness
0 Shift-operator addressing lengths 4-12 lengths 1628 100%

1 Learned 10-opcode stack machine short operands to 10° 100%

2 Control flow + memory (real loops) trip < 8 trip 16-1000 100%

1b Label-free recovery (stack) traces, no labels held-out 10/10 opcodes
2b Label-free recovery (full ISA) traces, no labels held-out 15/15 opcodes
4 Differentiable program synthesis I/0O examples exact-verified 3/4 targets
4b Differentiable recovery (best-of-K) gradient, exact-verify select held-out to 108 9/10

4c Differentiable + label-free search fallback gradient + search held-out to 10° 10/10

12



Length generalization: the operator holds; a lookup table cannot
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Figure 6: Length generalization of the learned loop: the summation program is exact at trip-
counts from 2 to 1000, trained only at trip-counts < 8 (shaded). It acquired an algorithm, not
a table.

Recovered interpreter executing sum([3, 1, 4, 1, 5, 9, 2, 6]) - 31 in 122 cycles
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Figure 7: The recovered interpreter executing sum([3,1,4,1,5,9,2,6]): the accumulator accretes
to the correct total 31 over 122 deterministic cycles as the program counter loops.

13 Open Problems

Three matters remain open, and we regard them as the agenda of this program rather than
as boundaries upon it. The first is the pure-gradient recovery of the coordination-bound select
opcode. As Section 12 reports, differentiable recovery now reaches nine of ten opcodes by gradi-
ent alone (best-of-K with exact-verify selection) and ten of ten in conjunction with a label-free
search fallback; what remains open is recovering the last opcode—whose two microcode fields
must be set correctly at once—by gradient without any search, escaping the coordination min-
imum. The observational near-equivalences and the weakly-gradiented comparison operations
that this analysis exposed are the residual technical target. The second is program synthesis
through learned loops and branches, which requires a smooth relaxation of control flow followed
by discretization and exact verification. The third is grounding on real compiled code: a run-
time harness that traces a reference interpreter over programs compiled to WebAssembly, and
an evaluation of step-exactness on held-out real programs at scale. None of these is a wall; each
is a next experiment.
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14 Toward Real Machine Code

The instruction set validated here is real but deliberately small. The method, however, is
indifferent to the size of the alphabet, because its supervision is precisely what a processor
already emits. A hardware or emulated execution trace pairs each retired instruction with the
machine state before and after it,

Obefore = (p07 7053 Tn, mem) — Oafter — (pcl’ 7"6’ ce 7”;1’ mem/)’ (6)
which is exactly the labelled-free tuple (o, 0, c") that label-free recovery consumes. Every mech-
anism of the machine transfers: the symbolic unit already computes fixed-width integer arith-
metic exactly; the pinning membrane is natural, since registers and memory are fixed-width
integers and hence a lattice; and the spectral operator of Eq. (3) addresses a linear memory of
any size. The tractability of a target instruction set is governed by two axes—the number of
distinct opcodes and the regularity of the encoding (Figure 8). The WebAssembly integer core
and the stack bytecodes occupy the tractable corner and are done; the reduced instruction set
RV321, with a fixed thirty-two-bit encoding and some forty-seven integer, branch, and memory
instructions, is the natural next target and the direct analogue of the fifteen-opcode recovery of
Section 12; the variable-length, flag-bearing complex instruction set of the x86-64 family is the
research frontier, where locating the boundary of an instruction is itself a learning problem.

ISA tractability map for NEURAL INTERPRETATION Do our proven mechanisms transfer to
green = proven by us - amber = near-term with the SAME method - red = research frontier real machine code (registers + RAM traces)?

1.0 WAS] core
(PROYENIY5/15) RIS Label-free semantics
@ th de from (pre,post) traces

Jabel-free recovery 3 @(PROVE de_
i next torget
+ real loop fixed 32-bit, clean o gode
peos AR‘64
;
stack machine Symbolic ALU

0.8 1 opc
fixed-width but (delegate arithmetic)
huge + flags

0.6 1

fixed-width, clean) - easier

Arw“b-z Pinning membrane
(fixed-width int lattice)

var-length 16/32

0.4+

Spectral addressing
(resolution-invariant)

0.21

Bytecode LM
(generate real code)

encoding regularity (1

0.0

T T T b T T T T T
10t 102 103 0.0 0.2 0.4 0.6 0.8 1.0
distinct opcodes (approx, log scale) — harder transfer strength (real CPU traces give exactly this signal)

Figure 8: Tractability of instruction sets for neural interpretation. Green: proven here (the We-
bAssembly integer core) or in the companion binary-model work (CPython bytecode). Amber:
near-term with the identical method (Rv321). Red: research frontier (ARM, X86-64). Right:
every proven mechanism transfers, because a real processor trace natively supplies the label-free
signal of Eq. (6).

15 The Data-Plane, Compiled to GGates

The instruction set the machine interprets is not only real but physical, and we make this con-
crete. Each opcode of the WebAssembly integer core is a fixed-precision integer function—and
a fixed-precision function over a finite alphabet is, by the founding theorem of digital design,
a Boolean function, hence a logic circuit. Using the verified gate compiler of the compan-
ion binary-circuit work, we compile the machine’s arithmetic and logic opcodes into gate-level
netlists and check each one bit-exactly against the reference interpreter that supervises recovery:
i32.add to a 160-gate ripple adder, i32.sub to 192 gates, i32.eq to 63, 132.1t_u to a 225-gate
comparator, and the ternary select to a 159-gate multiplexer—the whole arithmetic and logic
data-plane in 799 verified gates (Fig. 9), correct exhaustively at four bits and on random inputs

14



at the full thirty-two. The consequence is worth stating plainly: the machine’s data-plane is
a small bank of verified circuits selected by the opcode, so the learned interpreter’s executed
behaviour is not merely deterministic and auditable but physical—compiled past the processor
entirely, into gates. The learned control that recovers the microcode and the compiled circuit
that computes it are two views of one object; their union is a neural computer one could, in
principle, etch.

The GPNC data-plane is a bank of circuits (799 gates total)

i32.add 160
i32.sub 192
i32.eq 63
i32.1t u 225
select 159
(IJ 5I0 160 léO 2(IJO 2.’%0

verified gates (32-bit, bit-exact vs the reference interpreter)

Figure 9: The machine’s arithmetic/logic instruction set compiled to logic gates. Each bar is
one opcode’s netlist, verified bit-exact against the reference interpreter (exhaustively at four
bits, on random inputs at thirty-two); the five together are the data-plane, 799 gates, selected
by the opcode. The deterministic, auditable interpreter is, at the level of what it computes, a
circuit.

16 Conclusion

We have proposed the general purpose neural computer as a learned, grounded, deterministic,
and differentiable interpreter of a real Turing-complete instruction set, and we have argued that
this specific conjunction of properties is what distinguishes it from a lineage of differentiable
machines each of which surrenders at least one of them. We established, in theory and in
practice, that the semantics of a complete instruction set can be recovered from the observation
of execution alone, and we exhibited the recovered machine running real unbounded loops
exactly. A neural computer is not obliged to choose between being learned and being exact; the
correct design is hybrid, neural where learning helps and symbolic where exactness is required,
and the pinning of state after every cycle is what allows the two to coexist over the long horizons
that real computation demands.
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