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Abstract

We demonstrate that a small transformer can
learn to execute programs in MicroPy, a sim-
plified yet computationally universal program-
ming language. Given procedure definitions
together with an expression to evaluate, the
transformer predicts small-step execution using
PENCIL scaffolding for space-efficient execu-
tion within a bounded context window. After
training on randomly generated, semantically
arbitrary MicroPy programs, the learned trans-
former generalizes to held-out human-written
programs including bit copying and flipping,
binary addition and multiplication, and SAT
verification and solving. The trained model
exhibits out-of-distribution generalization: it
correctly evaluates programs drawn from a sub-
stantially different distribution than the one
used to generate its training data. Since Mi-
croPy can express any computation, our re-
sults provide empirical evidence that a standard
transformer can be trained to act as a universal
computer when paired with PENCIL scaffold-
ing. Project page: micropy.org.

1 Introduction

Transformer-based language models have achieved
remarkable empirical success across a wide range
of tasks. Beyond empirical performance, recent the-
oretical work shows that transformers augmented
with Chain of Thought (CoT) (Wei et al., 2022; Nye
et al., 2021; Kojima et al., 2022) are computation-
ally universal: given sufficiently many intermediate
steps, a transformer of constant size and depth can
simulate Turing machines (Merrill and Sabharwal,
2023; Yang et al., 2025). In other words, in prin-
ciple, any computable problem can be solved by a
transformer with CoT.

However, there is a significant gap between what
transformers can represent in principle and what
they can learn to do through training. In particu-
lar, it is unclear whether gradient-based optimiza-
tion with next-token prediction can produce a trans-

former that actually exhibits universal computa-
tional behavior. This is a non-trivial challenge:
even on much narrower tasks, such as length gener-
alization in addition (Zhou et al., 2023, 2024) and
constraint-satisfaction problems like Sudoku and 3-
SAT (Seely et al., 2025; Hazra et al., 2024), current
language models with CoT still fall short. The ques-
tion is also interesting on its own terms: a positive
answer would mean there exists a programming
language and a task representation under which
expressiveness translates into learnability for trans-
formers, and that such a transformer-native combi-
nation of language and intermediate-step structure
is worth searching for. This motivates a central
question: can we train a transformer to be a uni-
versal computer? Recent work on Neural Com-
puters asks a related question of whether learned
systems can acquire computer-like primitives from
I/O traces (Zhuge et al., 2026). The closest prior
work falls short of answering our question. Reed
and de Freitas (2016) train a neural programmer-
interpreter using a seq2seq model, but only for
specific, pre-designed functions. Giannou et al.
(2023) show that a looped transformer can simulate
a universal computer (a random access machine),
but this is still an expressiveness result.

In this paper, we provide evidence that the an-
swer is yes. We design MicroPy, a simplified yet
Turing-complete programming language, and train
a small transformer to execute MicroPy programs
step by step, using PENCIL scaffolding (Yang
et al., 2025) for space-efficient execution within
a bounded context window. Since MicroPy can
express any computation, a model that learns to in-
terpret it acts as a universal computer. In particular:

MicroPy. MicroPy supports procedure calls, con-
ditionals, recursion, and mutable state over objects
with attributes. The input to the model is a set of
procedure definitions together with an expression
to evaluate; the model then generates, token by to-
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ken, a step-by-step execution trace. Each step in
the trace is either a retrieval (looking up a proce-
dure definition, variable binding, or attribute value
from the context) or a local rewrite (reducing a
primitive such as IF, SEQ, or LookupAttr to a sim-
pler expression). A key design principle is that
MicroPy’s semantics consists of a small, finite set
of such retrieval and rewrite rules, so a small sub-
set of training programs is sufficient to cover every
rule type at least once.

Beyond language design, a challenge is that
CoT’s universality comes with an important caveat:
intermediate computations accumulate indefinitely,
so a task with time complexity T requires context
length O(T ) (Merrill and Sabharwal, 2023). This
couples task difficulty directly to context length,
making both training and generalization difficult:
to handle harder tasks, the model must operate
correctly in contexts far longer than those seen dur-
ing training, i.e. a length generalization problem;
moreover, as context grows, the model’s ability to
retrieve relevant information degrades (Liu et al.,
2024). To address this, we adopt PENCIL scaffold-
ing (Yang et al., 2025).

PENCIL Scaffolding. PENCIL introduces a re-
duction rule that reclaims completed intermediate
computations from the context, so that the context
length is bounded by O(S), where S is the space
complexity of the simulated computation, rather
than its time complexity T . Specifically, when the
context has the form

α [call] β → γ [ret] (1)

where [call], →, and [ret] are special PENCIL to-
kens, PENCIL replaces the entire sequence with
α γ, erasing the intermediate reasoning β and keep-
ing only the conclusion γ. Intuitively, α[call]β can
be viewed as a stack where β is the top frame; γ is
the value returned when that frame is popped. This
implements a form of stack discipline analogous to
function calls in programming languages: once a
sub-computation completes, its intermediate steps
are discarded and only the result is kept. In prac-
tice, PENCIL enables the model to execute much
longer programs within a fixed context window.
Figure 2 gives a space-efficiency analysis on the
held-out tasks, comparing PENCIL against append-
only traces under the same 4096-token budget.

Experiments. We trained a 59.5M-parameter
decoder-only transformer with RoPE (Su et al.,

2024) on execution traces generated from random
MicroPy programs, capped at 128 trace lines per
program. We evaluated on held-out, human-written
MicroPy programs that are substantially longer and
semantically meaningful: bit copying and flipping,
binary addition and multiplication (with traces up
to 7,552 lines), and SAT verification and solving.
The model achieves 100% token-level accuracy on
all tasks within the tested context window. The
near-zero overlap between the training-program
distribution and the held-out evaluation suite (Fig-
ure 4a) provides direct evidence of both composi-
tional and length generalization.

To summarize, our main contributions are:

1. We design MicroPy, a computationally univer-
sal language.

2. We provide the first empirical evidence that a
standard transformer can be trained to simu-
late a universal computer by running a Turing-
complete language under PENCIL scaffold-
ing, up to the model’s context window.

3. We demonstrate strong generalization: 100%
token-level accuracy on held-out human-
written programs with traces up to 60× longer
than those seen during training, under PEN-
CIL scaffolding.

Broader Implication. It is well known that gen-
eralization requires inductive bias (the no free
lunch theorem; Wolpert 1996), and not all universal
priors are equally efficient. Our results suggest that
transformers with suitable scaffolding like PEN-
CIL may possess an inductive bias well-suited to
phrase structure and compositional semantics, the
core structures shared by all high-level program-
ming languages, each of which is computationally
universal. Since natural language exhibits analo-
gous compositional structure, this may shed light
on why transformers, with context management
scaffoldings, are so effective at natural language
tasks: the same implicit bias that enables learn-
ing a programming language interpreter may also
facilitate learning the compositional semantics of
natural language.

2 MicroPy and Program Execution

In this section, we describe the MicroPy language
and how programs are executed. We first present
the two execution primitives, retrieval and rewrit-
ing (Section 2.1), then describe the evaluation of
procedure calls and tail recursion (Section 2.2), and



Example evaluation of foo(bar(obj1))

FunDefs
FD foo=lambda(x) Exp3
FD bar=lambda(x) Exp4

ExpDefs
D.Exp1 = App(bar (O.obj1))
D.Exp2 = App(foo (Exp1))
D.Exp3 = LookupVar(x)
D.Exp4 = LookupVar(x)

State / Effects 
Assignments 
Assign(O,A,O’)

Env stack (frames)
Call frames: Env(Bind(...))

F E S Kread FunDefs read ExpDefs read/write State read Env frame

Step0  Initialize training context
Prompt includes FunDefs + ExpDefs + State + (empty) Env stack.
Begin: [call][call] Exp2

Step1  Expand Exp2, then apply pencil
Rewrite: [call][call] Exp2 => [call] App(foo(Exp1)) [ret]
After pencil: [call][call] App(foo(Exp1))

Step2  Begin evaluating App(foo ...): request argument, retrieve ExpDef
[call][call] App(foo(Exp1))  arg0 = [call][call] Exp1

Step3  Expand Exp1 (argument), then apply pencil
[call][call] App(foo(Exp1))  arg0 = [call][call] Exp1
=> [call] App(bar(O.obj1)) [ret]

Step4  Evaluate object constant O.obj1 (leaf)
[call][call] App(foo(Exp1))  arg0 = 
[call][call] App(bar(O.obj1)) arg0 = Eff(empty) O.obj1 [ret]

Step5  Evaluate App(bar(O.obj1)): retrieve definition + build Env frame
… (previous stack omitted)
[call] Env(Bind(x O.obj1)) [call] Exp4

Step6  Expand Exp4  LookupVar(x)
…(previous stack omitted)
[call] Env(Bind(x O.obj1)) [call] Exp4  =>  [call] LookupVar(x)

Step7  Evaluate LookupVar(x) reads x from Env(Bind(x O.obj1))
… (previous stack omitted)
[call] Env(Bind(x O.obj1)) [call] LookupVar(x) => Eff(empty) O.obj1 [ret]

Step8  Return from bar: PENCIL removes Env frame;
[call][call] App (foo (Exp 1)) arg0 = [call] Eff (empty)
[call] Env(Bind(x O.obj1)) Eff(empty) O.obj1 [ret]

Step9 Effects accumulate
[call][call] App(foo (Exp1)) arg=0 Eff(empty)  O.obj1
Then we repeat Step 5 to 9 for evaluating App(foo(O.ojb1)). 

Final result: Eff(empty) O.obj1
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Figure 1: Evaluation of a MicroPy expression. We define foo and bar to both be the identity function and evaluate
foo(bar(O)) where O is an object symbol. The general rules for evaluation are described in the text. More details
about what each step is doing and the exact definitions on this table can be found in Section C.

finally give the formal definition of the MicroPy
language (Section 2.3).

2.1 Retrieval and Rewriting

The evaluator relies on two conceptual primitives:
retrieval and rewriting.

We first focus on retrieval. Our evaluator uses
five kinds of symbols: function symbols, expres-
sion symbols, variable symbols, object symbols
and attribute symbols. The context contains defi-
nitions for function symbols, expression symbols,
and variable symbols. For example a function def-
inition is (some version of) f(x1, . . . , xn) = e
where f is a function symbol, each xi is a vari-
able symbol, and e is an expression symbol. An
expression definition has a form such as e0 =
IF(e1, e2, e3) where e0, e1, e2 and e3 are expres-
sion symbols. Each expression definition specifies
a primitive of the language and expression sym-
bol arguments for that primitive. The primitives
include looking up the value of a variable. Variable
values are held in stack frames. The value of a vari-
able must be retrieved from the most recent stack
frame. The context also contains a state consist-
ing of triples ⟨O1, A,O2⟩ stating that the value of
attribute A of object O1 is the object O2. The lan-
guage supports effects which can change the value
of an attribute. As with variables, we need the most

recent assignment of a value to a given attribute of
a given object. The transformer must be capable
of retrieving the values of function symbols, ex-
pression symbols, variable symbols and attribute
values. Each retrieval does a replacement. For
example LookupVar(x) at the end of the context
gets replaced by the value of x in the current stack
frame (using a PENCIL rewrite).

In addition to the required retrievals, we need to
be able to compute within an active stack frame.
This involves computing the value of expressions
under the variable values in the stack frame.1 We
can think of computation within a given stack frame
as a rewriting process. For example IF(e1, e2, e3)
gets rewritten to e2 if the value of e1 is the special
object true and rewritten to e3 if the value of e1 is
not true.

2.2 Procedure Calls and Tail Recursion

Figure 1 shows an example of evaluating an expres-
sion using the transformer context for the required
memory. Here we outline the general steps of eval-
uation. A call to a procedure is a context of the

1Variable symbols are analogous to registers and a def-
inition of an expression symbol is analogous to a machine
instruction in a RAM model of computation. Here there are
no primitive arithmetic operations. However, arithmetic can
be implemented as computation on bit strings.



form

α [call] e1 [call] Apply(f,E1, . . . , En) (2)

where e1 is a “state” specifying the values of at-
tributes of objects, f is a function symbol and
E1, . . . , En are expression symbols. This is even-
tually rewritten to

α [call] e2 [call] TailApply(f,O1, . . . , On) (3)

where O1, . . . , On are object symbols and e2 is
a new attribute-value state that combines e1 with
effects performed during the evaluation of the ar-
gument expressions.

In the normal case (where there is no tail
recursion optimization), and for f defined by
f(x1, . . . , xn) = E, we have that (3) gets rewritten
to

α [call] e2 [call] BIND((x1, O1), . . . , (xn, On)) [call]E (4)

Here BIND((x1, O1), . . . , (xn, On)) is a stack
frame holding the values for the “local variables”
x1, . . . , xn. It is possible that (4) gets rewritten to

α [call] e2 [call] BIND((x1, O1), . . . , (xn, On)) e3O (5)

where O is an object symbol. In this case (3) gets
rewritten to

α e4O (6)

where e4 is a combination of the effects e2 and e3.
However, an alternative possibility is that (3)

gets rewritten to

α [call] e2 [call] BIND((x1, O1), . . . , (xn, On)) e3 c (7)

where c = TailApply(g,O1, . . . , Om). In this
case (3) gets rewritten to

α [call] e4 [call] TailApply(g,O1, . . . , Om) (8)

Note that (8) has the same form as (3). If g = f
we get a form of iteration.

2.3 The MicroPy Language
As described above, MicroPy is a Turing-complete
language whose state is built from symbols; it can
be used as an object-oriented programming lan-
guage by treating these symbols as objects with
attributes. A state of the system is represented by
a sequence of triples ⟨O1, A,O2⟩ stating the value
of the attribute A of object O1 is the object O2. A
MicroPy procedure definition has the form

f(x1, . . . , xn) = E

where x1, . . . , xn are variable symbols and E
is a MicroPy expression symbol. An expres-
sion definition has one of the forms E0 =
App(f,E1, . . . , En) or LookupVar(x), or E0 =
op(E1, . . . , En) where op is a primitive operation
and each Ei is either an expression symbol or an
attribute symbol. The primitive operations are the
following.

• IF(E1, E2, E3): conditional expression.
• EQUAL(E1, E2): equality test.
• HasAttr(E,A): returns true if the value of
E has a value assigned for attribute A.

• Assert(E1, A,E2): updates the value of at-
tribute A of the value of E1 to the value of
E2.

• LookupAttr(E,A): returns the value of at-
tribute A of the value of E.

• SEQ(E1, E2): evaluates E1 for effect, then
evaluates and returns E2.

• Try(E1, E2): evaluates E1; if the result is the
special object fail, all effects of E1 are rolled
back and E2 is evaluated instead. Otherwise,
the result and effects of E1 are kept.

In all test data the state is initialized to con-
tain linked lists defined by the attribute "next".
For example a list of "bit objects" would be rep-
resented by a state with attribute values such
as Assign(BIT5,NEXT,BIT6). Bit strings can
be represented by assigning a value to each
bit in a list of bit objects. For example
Assign(BIT7,VALUE,TRUE). Bit strings can be in-
terpreted as binary numbers and arithmetic oper-
ations such as addition and multiplication can be
computed on bit strings.

It is also possible to initialize the state to a long
linked list of objects representing a heap memory.
We can have an object "freepit" whose value is one
of the objects in the heap. This allows one to im-
plement heap allocation of data structures. We can
then implement list operations such as appending
two lists.

Although not done in our current experiments, it
is possible to replace the assert primitive with a pair-
ing primitive Pair(e1, e2). The pairing primitive
would create a new object with "first" and "second"
attributes that are assigned the values of e1 and e2
respectively. With a pairing primitive one could
write purely functional (effect-free) programs. We
see no reason to believe that our experimental re-



sults would be any different in a purely functional
language.

Model input and prediction target. Figure 1
breaks the evaluation of foo(bar(obj1)) into lo-
cal transitions. For the first transition in that
example, the model receives the following flat
token sequence containing the procedure dictio-
nary (FunDefs), expression dictionary (ExpDefs),
accumulated pending state updates (Eff), active
variable-binding frames (Env), and execution stack.
Tokens through [EOP] form the input, and the con-
tinuation after [EOP] is the prediction target (line
breaks are added for readability):

MODEL INPUT:
FunDefs (
FD foo = lambda ( x ) Exp3 ;
FD bar = lambda ( x ) Exp4 ; )

********* ExpDefs (
D . Exp1 = App ( bar ( O . obj1 ) )
D . Exp2 = App ( foo ( Exp1 ) )
D . Exp3 = LookupVar ( x )
D . Exp4 = LookupVar ( x ) )

****** Eff ( empty )
********* Env ( ) [call] [call] Exp2 [EOP]
PREDICTION TARGET:
=> [call] App ( foo ( Exp1 ) ) [ret]

PENCIL applies the predicted transition to con-
struct the next model input, and evaluation pro-
ceeds one local transition at a time. The complete
walkthrough appears in Section C.

3 Training and Experiments

This section describes how we generate training
data (Section 3.1), the model and training setup
(Section 3.2), and the experimental results (Sec-
tion 3.3).

3.1 Data Generation
Every PENCIL step in a MicroPy execution (Equa-
tion (1)) is one of two things: a retrieval that reads a
definition or binding from one of the context blocks
(FunDefs, ExpDefs, Env, Eff/State), or a rewrite
that reduces a primitive (If, Seq, LookupAttr, and
so on) using values and effects already on the stack
(Figure 1). There are finitely many of each, so
a model that learns this fixed set of moves can
execute any MicroPy program up to the context
window. Training data should therefore cover these
moves directly, not particular programs.

Online trace generation. Training data is gen-
erated online: at each step we sample a MicroPy
expression, run it, and turn one of its PENCIL trace
lines into a (prompt, completion) pair. We call each
such pair, which implements one local retrieval or
rewrite before PENCIL reduction, a trace step. We

use two samplers. The first samples whole MicroPy
programs directly. The second samples a plan, a
target stack configuration, then compiles it into an
expression that hits that configuration and uses only
the matching trace line.

Program sampler. The first sampler Gprog is a
probabilistic context-free grammar (PCFG) over
MicroPy procedure definitions and expressions,
capped by global depth/size/effect/binding budgets.
We sample a program e ∼ Gprog, execute it in
the MicroPy interpreter, and turn each PENCIL
rewrite in the trace into a training example. This
gives wide syntactic coverage but no direct handle
on rare runtime configurations.

Plan sampler. The second sampler targets a spe-
cific shape directly. We first sample a plan π that
says what one trace step should look like at the
deepest call-stack tail. A plan consists of a stack
skeleton together with binding and effect require-
ments that the realized program must satisfy. The
skeleton is an ordered sequence of frame labels
printed after [call] along the deepest call-stack
tail; it ends in one leaf retrieval (LOOKUPVAR,
LOOKUPATTR, or TAILAPP) wrapped by some
number of continuation frames (SEQ, IF, TRY,
ENV, or EFF). The plan sampler Gplan draws the
skeleton recursively: start from a leaf and, with
each step, either stop or wrap the current skeleton
with one more continuation frame, until a depth
budget is reached. The binding and effect require-
ments are then turned into concrete Env(. . . )
bindings and Eff(. . . ) / State/Effects asser-
tions during compilation. When the skeleton is
compiled into an expression, we route the recursive
descent through the first child of SEQ, the condi-
tion of IF, or the second child of TRY, so that the
sampled labels land contiguously in the deepest tail
at runtime. Figure 3 shows an example plan with a
matched trace step.

From plan to training example. Compiling a
plan produces an executable expression eπ. Run-
ning eπ generates a trace whose deepest call-stack
tail matches the planned skeleton at exactly one
step, and we use that step’s prompt and completion
as the training example; other steps from the same
execution are discarded. To vary what surrounds
the planned step (the outer stack prefix, unrelated
bindings, distractor effects), we optionally drop eπ
into a larger expression sampled by Gctx and exe-
cute that instead. The remaining training budget is



filled with examples from Gprog.

Program sampler parameterization. The
program-level sampler Gprog is implemented via
two coupled samplers: (i) a surrounding-code
sampler Gctx that generates enclosing expression
templates with a designated insertion point, and
(ii) an expression sampler Gexpr that generates
the side expressions used by those templates.
Rule probabilities are renormalized under
depth/size/effect/binding budgets.

Surrounding-code sampler (general stack sec-
tion). Templates are drawn from a separate sam-
pler Gctx: starting from a hole 2 where the planned
expression will be inserted, Gctx recursively wraps
the hole with a compositional MicroPy operator
(SEQ, IF, TRY, APP, LET, LOOKUPATTR), fill-
ing the non-hole argument slots with side expres-
sions drawn from Gexpr. IF/TRY place the hole on
both branches so the planned expression is reached
under either sampled branch outcome. Wrapping
continues under depth/size budgets until the hole
becomes a complete enclosing context, at which
point the planned expression is substituted in. As
above, we retain only executions whose realized
trace contains the planned configuration in the in-
tended stack position.

Expression sampler (side expressions). Side ex-
pressions are drawn from a sampler Gexpr defined
recursively: given the planned bindings and effect
requirements, at each step Gexpr either places a
compositional MicroPy operator (SEQ, IF, TRY,
APP, LET, LOOKUPATTR) and recurses into its ar-
gument slots, or stops at a leaf that reads a planned
binding (LOOKUPVAR) or emits a Bool/object con-
stant. Probabilities over the operator and leaf cate-
gories give us per-op control over which MicroPy
primitives the sampled expression exercises.

3.2 Model and Training Setup
Vocabulary and tokenizer. We use a whitespace
tokenizer with a fixed vocabulary containing MI-
CROPY-specific syntax and formatting tokens (e.g.
“If " and the delimiter “[call] "). A fixed vo-
cabulary is appropriate here because the language
emits a small, finite set of syntactic forms; we trade
flexibility for unambiguous token boundaries dur-
ing step-wise prediction. The implications of this
choice are discussed in the Limitations section.

Model and optimization. We train a 59.5M-
parameter decoder-only transformer (depth 10)

with rotary position embeddings (Su et al., 2024)
on traces from the two samplers of Section 3.1. Fol-
lowing the NanoChat recipe (Karpathy, 2025), we
use AdamW for token embedding and unembed-
ding (Loshchilov and Hutter, 2019) and the Muon
optimizer for transformer-block matrices (Jordan
et al., 2024), with learning rates 0.2/0.004 (Adam)
and 0.02 (Muon). We train for 250,000 iterations at
maximum sequence length 4096 and global batch
size 1,966,080 tokens, with 5% linear warmup,
final-LR decay to 5% of peak, and no weight de-
cay. All reported numbers use greedy next-token
decoding under a single training seed; hyperpa-
rameters were not selected by sweep but follow
the NanoChat defaults. Training runs on a sin-
gle 8-GPU node of a university cluster in bfloat16
(about one node-week of wall-clock time). The
training-data generator, trained checkpoint, evalu-
ation programs, and program-execution code will
be released under a permissive open-source license
through the project page upon publication. Full
compute, data-volume, and dataset-statistics details
are reported in Section A.

Evaluation. We evaluate on actual human-
written MicroPy functions: COPY, FLIP, AD-
DITION, MULTIPLICATION, SAT-VERIFY, and
SAT-SOLVER. The function definitions are in
Section D and per-task statistics in Table 1 and Ta-
ble 2. We achieve 100% token-level accuracy on
each task within the tested context lengths.

3.3 Results
Compositional and length generalization. Fig-
ure 4a compares the program-length distribution
of generator-sampled training programs with the
held-out evaluation suite. In theory we do not
have to train on any concrete program. In prac-
tice, we cap generator-sampled training programs
at 128 trace lines. The held-out evaluation suite
(Table 1 and Table 2) contains much longer total
executions, with per-program traces reaching 7,552
lines (about 60× longer than the training cap on to-
tal trace length). PENCIL keeps the per-step input
bounded at 4096 tokens regardless of total trace
length, so the 60× figure refers to trace length,
not to the model’s per-step input. The near-zero
overlap between the training-generator distribution
and the test suite provides a direct visualization of
length generalization at the trace level.

Coverage of MicroPy primitives. Our plan-
based generator is designed to cover all proce-
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Figure 2: PENCIL bounds the live token length during long MicroPy executions. For each held-out human-written
task, we compare the median token length over normalized execution progress under PENCIL scaffolding and under
an append-only transcript that retains all previous completions. Shaded regions show the interquartile range across
programs, and the dashed line marks the 4096-token budget used by the model. Without PENCIL, many simple
programs require very long live contexts: append-only traces grow with execution progress and can exceed the
4096-token budget before completion, substantially increasing the difficulty of training on longer executions. This
analysis isolates the space-efficiency role of PENCIL: both curves use the same evaluated programs and next-step
completions, differing only in prior-text retention.

Task bit-len ctxmin ctxmax linesmin linesmax #programs #trace lines avg lines/program accuracy

copy_bits 2–10 215 725 78 422 9 2,250 250.0 100%
flip_bits 2–10 253 774 108 572 9 3,060 340.0 100%
RPC_add 2–10 722 1514 469 2365 9 12,753 1,417.0 100%
RPC_mult 2–10 971 2197 80 7552 9 24,379 2,708.8 100%

Total (bit-length tasks) 36 42,442 1,178.9 100%

Table 1: Test dataset statistics for bit-length tasks. Context length is tokens per step; linesmin /max are per-program
execution lengths; #trace lines is the total number of step-wise prompt/completion pairs. Accuracy is the token-level
success rate.

dure combinations: for any retrieval/rewrite pat-
tern permitted by MicroPy’s small-step semantics,
specified as a target call-stack skeleton with con-
crete Env/Eff binding shapes and retrieval chan-
nels, there exists a plan whose execution realizes
that runtime configuration. The pooled operation-
profile comparison and per-task breakdowns in Fig-
ure 5 show that the generator covers every opera-
tion type used by the test tasks. Without a budget
and subject only to the length constraint, this im-
plies a non-zero sampling probability for any finite
MicroPy program. The remaining gap to larger
programs is therefore an engineering constraint of
the context window, which we discuss next.

4 Related Work

Our work connects to several lines of research.
CoT and bounded context: Transformers with
CoT are theoretically universal but the context
grows linearly with computation time (Merrill and
Sabharwal, 2023; Li et al., 2024); PENCIL re-
claims intermediate steps to bound context by space
rather than time (Yang et al., 2025). Length gener-
alization: Prior work improves extrapolation via
task-specific representations such as position cou-
pling (Cho et al., 2024; McLeish et al., 2024) or
Turing-machine-style decomposition (Hou et al.,
2024; Abbe et al., 2024); MicroPy applies the de-
composition principle at the level of a program-
ming language, training one model for all tasks.



Task #vars #clauses ctxmin ctxmax linesmin linesmax #programs #trace lines avg lines/program accuracy

sat_solve 2–4 1–6 941 2091 188 5020 180 172,251 957.0 100%
sat_verify 2–4 1–6 476 1398 69 628 36 10,015 278.2 100%

Total (SAT tasks) 216 182,266 843.8 100%

Table 2: Test dataset statistics for SAT tasks. Context length is tokens per step; linesmin /max are per-program
execution lengths; #trace lines is the total number of step-wise prompt/completion pairs. Accuracy is the token-level
accuracy.

PLAN :
Eff -> Env -> Seq -> Eff -> Env -> Eff -> Eff -> If ->

Try -> Seq -> Eff -> TailApp↪→

MATCHED STEP (general stack):
********* Env ( )
[call] Eff ( Assertion ( O . env0 Att . value False )

Assertion ( O . env1 Att . value False )↪→
Assertion ( O . noise0 Att . k O . env1 )

Assertion ( O . noise1 Att . k O . env1
) )

↪→
↪→

[call] Env ( Bind ( p O . plan0 ) Bind ( b O . ljO5H0 )
Bind ( x0 O . env0 ) Bind ( x1 O . env1 ) ... )↪→

[call] Seq ( Exp22 , False ) x =
[call] Eff ( empty )
[call] Env ( ... Bind ( y0 O . env0 ) Bind ( y1 O . env2

) )↪→
[call] Eff ( Assertion ( O . env0 Att . value True ) )
[call] Eff ( Assertion ( O . env2 Att . value False ) )
[call] If ( Exp38 False False ) test =
[call] [call] Try ( Exp34 Exp37 ) second =
[call] [call] Seq ( Exp36 , Exp32 ) x =
[call] Eff ( empty )
[call] TailApp ( _tailapp_id Args ( O . env0 ) )

result:
=> [call] let ( z ) be ( O . env0 ) in Exp10 [ret]

Figure 3: Sampled plan and matched trace step (general
stack). Each [call] line is followed by the frame-label
sequence specified by the plan. Env frames contain
active variable bindings, and Eff frames contain accu-
mulated pending state updates. Some binding lists are
omitted for readability.

Neural interpreters and computers: NPI (Reed
and de Freitas, 2016; Cai et al., 2017) and learned
execution (Zaremba and Sutskever, 2014; Nye
et al., 2021; Liu et al., 2023) explore learned
program execution but rely on specialized archi-
tectures or task-specific training; we use a stan-
dard transformer with next-token prediction. Grau-
Moya et al. (2024) meta-train sequence models on
outputs of random BrainPhoque universal-machine
programs to approximate universal next-symbol
prediction. Their predictor observes emitted sym-
bols but not the generating program or internal
machine configuration; our model instead receives
explicit MicroPy definitions and execution state
and is supervised on the next local interpreter tran-
sition. Zhuge et al. (2026) propose Neural Com-
puters that learn interface and control primitives
from I/O traces in CLI and GUI settings; in con-

trast, we train a transformer to execute a formal,
Turing-complete programming language with ex-
plicit operational semantics. Compositional gen-
eralization: Classical benchmarks such as SCAN,
CFQ, and COGS test novel compositions of fa-
miliar primitives (Lake and Baroni, 2018; Keysers
et al., 2020; Kim and Linzen, 2020); in our setting
the composition rule is an operational semantics
(Drozdov et al., 2023; Dziri et al., 2023). External
memory: Retrieval augmentation and long-term
memory modules (Lewis et al., 2020; Wang et al.,
2023) address bounded context by storing informa-
tion externally; our focus is on which execution
state must stay in context for the next step to be
well-defined. See Section B for a detailed discus-
sion.

5 Conclusion

We showed that a standard decoder-only trans-
former, trained with next-token prediction on ran-
domly generated MicroPy traces, can learn to act
as a neural interpreter that generalizes to held-out
human-written programs with 100% token-level
accuracy. These results provide empirical evidence
that, within a finite context window, a Transformer
with PENCIL can learn the operational seman-
tics of a computationally universal language. We
view computational semantics as a useful lens for
language-model agents and long-horizon-task sys-
tems, which similarly rely on transformers to main-
tain structured state and execute step by step over
thousands of tokens. Limitations include restric-
tion to the MicroPy language and a fixed context
window; extending to richer languages, longer con-
texts, and reasoning about program behavior with-
out execution are promising directions for future
work.

Limitations

Finite execution regime. Our experiments use
a fixed 4096-token context window and evaluate a
finite suite of held-out programs. PENCIL reduces
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live context from computation time to computa-
tion space, but programs whose live state exceeds
the context window remain outside the evaluated
regime. The reported results are empirical and do
not establish arbitrary-length correctness.

Training and representation. The model is
trained on synthetic traces from one procedural
generator under a single training seed. Its behav-
ior on execution shapes not represented by that
generator remains unmeasured; Section F gives ex-
amples from ablated training distributions. The
model also assumes the fixed prompt and trace for-
mat used in training. Its whitespace tokenizer has
a finite vocabulary, including fixed pools of object
and attribute symbols, which bounds the number
of distinct names in one serialized program. We
leave alternative tokenizations and broader training
distributions to future work.

Language scope. MicroPy is a small language
designed to expose retrieval, rewriting, mutable
state, and stack management in a controlled setting.
Our experiments do not test transfer to production
languages or compare alternative computationally
universal languages. Extending the study to es-
tablished languages and additional execution inter-
faces is future work.

Ethical Considerations

Risks. Our contribution is a controlled study of
program execution by a small transformer trained

on synthetic traces of a designed language. The
trained model emits step-wise execution rewrites
for MicroPy programs only and has no capability
to access external systems, generate natural lan-
guage, or execute code in production languages
such as Python or C. We are not aware of dual-
use risks specific to this artifact beyond those gen-
eral to small language models trained on synthetic
data. Insofar as our results support the broader
claim that transformers can learn compositional,
universal computation under suitable scaffolding,
the same observation also applies to more capable
systems, where the standard concerns about mis-
use of learned program executors (e.g., automated
reasoning over untrusted inputs) apply.

Broader impact and intended use. The Mi-
croPy interpreter is intended as a research vehicle
for studying compositional and length generaliza-
tion in transformer language models. We do not
advocate using it as a substitute for verified inter-
preters in safety-critical settings. The released arti-
facts (training-data generator, model checkpoints,
and evaluation suite) are intended for academic
reproduction and follow-up research, and we en-
courage downstream users to preserve this scope.

Data and artifacts. All training data is syn-
thetically generated by a procedural sampler we
describe in Section 3.1 and contains no human-
subject data, no personally identifying information,
and no scraped web text. The held-out evaluation



programs (COPY, FLIP, ADDITION, MULTIPLI-
CATION, SAT-VERIFY, SAT-SOLVER) are author-
written MicroPy programs. We use the NanoChat
training stack of Karpathy (2025) (MIT-licensed
open source), the Muon optimizer of Jordan et al.
(2024), and the PENCIL scaffolding rule of Yang
et al. (2025); all are used consistent with their pub-
lished intended use. Our generated dataset, our
trained checkpoint, and the evaluation programs
will be released under a permissive license upon
publication.
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A Reproducibility, Compute, and Data
Statistics

Compute. Training was run on a single 8-
GPU node of an internal university cluster, us-
ing bfloat16 autocast and distributed data paral-
lelism via torchrun. The cluster contains a mix-
ture of NVIDIA RTX 6000 Ada, L40S, and H100
GPUs; the reported training run used whichever
8-GPU node was available at submission time. The
250,000-iteration run takes on the order of 300
GPU-hours of wall-clock time (about one node-
week). Inference and evaluation use a single GPU.

Hyperparameters and search. We did not per-
form a hyperparameter search. All values listed in
Section 3.2 are taken from the NanoChat defaults
for transformers of comparable depth; the only
project-specific choices are the maximum sequence
length (4096), the global batch size (1,966,080
tokens), and the number of iterations (250,000).
The trace generator’s own knobs (line cap, plan-
operation range, noise mixture) are listed in Sec-
tion 3.1.

Training-data volume. Training data is procedu-
rally generated on the fly by the two samplers of
Section 3.1, so no fixed training file is stored. Over
250,000 optimization steps the model observes on
the order of 5× 1011 training tokens drawn from
this distribution.

Validation and evaluation splits. The validation
set used for monitoring during training is a dis-
joint seed range of the same generator and con-
tains 1,024 programs; it is regenerated determinis-
tically from a fixed RNG state and is never used
for model selection (we report the final-iteration
checkpoint). The held-out evaluation suite consists
of 252 author-written MicroPy programs pooled
across six tasks (Table 1, Table 2); none of these
programs appears in the generator’s support up to
a probability lower bound of 10−6.

Statistics reporting. The headline accuracy num-
bers report token-level greedy-decoding accuracy
on a single training seed; we do not aggregate
across seeds because all reported numbers are
100% and have zero variance under determinis-
tic decoding. Figure 2 reports per-task max trace
lengths and is computed over the full 252-program
suite.

Software. We use PyTorch with the NanoChat
training stack of Karpathy (2025) (MIT-licensed

open source), which in turn uses the Muon opti-
mizer of Jordan et al. (2024). The PENCIL scaf-
folding rule is implemented in our trace generator
following Yang et al. (2025). Tokenization uses a
custom fixed-vocabulary whitespace tokenizer (de-
scribed in Section 3.2). All third-party packages
are used consistent with their published license and
intended use.



B Extended Related Work

Transformers, intermediate generation, and
bounded context. Transformers augmented with
intermediate generation can in principle carry out
inherently serial computation, but the generated
scratchpad itself becomes a memory bottleneck be-
cause it must remain accessible in context (Vaswani
et al., 2017; Wei et al., 2022; Merrill and Sabharwal,
2023; Li et al., 2024; Liu et al., 2024). PENCIL
is the closest scaffold to our setting: it reclaims
completed reasoning steps so longer computations
can proceed under a bounded context budget (Yang
et al., 2025). MicroPy builds on this idea, using
PENCIL to keep only the execution state needed
for the next small-step rewrite rather than an ever-
growing free-form scratchpad.

Length generalization by decomposition. A
central difficulty in algorithmic reasoning is length
generalization: models that fit short traces or short
arithmetic instances often fail to extrapolate system-
atically to longer ones (Zhou et al., 2023, 2024).
Structural recursion is another persistent failure
mode without explicit stack discipline (Zhang et al.,
2024). Recent work shows that progress is pos-
sible when the task is reformulated so that each
predicted step is more local: inductive scratchpads
reduce global dependencies (Abbe et al., 2024),
while arithmetic-specific positional schemes such
as position coupling and abacus-style embeddings
improve extrapolation by aligning digit structure
(Cho et al., 2024; McLeish et al., 2024). MicroPy
shares this decomposition principle, but applies it at
the level of a programming language: instead of de-
signing a better representation for one task such as
addition, we train a general interpreter whose prim-
itive predictions are reusable retrieval and rewrite
steps.

Turing Programs is especially close in spirit: it
shows that transformers can achieve robust length
generalization when an algorithm is decomposed
into Turing-machine-style updates that mostly copy
the previous state with small local changes (Hou
et al., 2024). The common principle is that out-
of-distribution computations become sequences
of simple in-distribution steps. The difference is
that Turing Programs trains one model per task,
whereas MicroPy trains one model to read prompt-
defined procedures and execute unseen programs
compositionally under a fixed language semantics.

Program-like analyses of transformers. A com-
plementary line writes, compiles, or recovers com-
putations in transformer-oriented program form.
RASP-style analyses study how transformer com-
putations can implement symbolic algorithms,
Tracr compiles such programs into transformer
weights, and the Learning Transformer Programs
work learns modified transformers that can be con-
verted into discrete human-readable programs, in-
cluding algorithmic tasks (Weiss et al., 2021; Lind-
ner et al., 2023; Friedman et al., 2023). These
works make useful comparisons because they ex-
pose program structure inside or as task-specific
transformer solutions, but they differ from MicroPy
in the direction of construction: they compile, ana-
lyze, or recover transformer programs, whereas Mi-
croPy trains a standard decoder-only transformer
from random MicroPy execution traces and asks
whether it learns reusable small-step interpreter
rules for prompt-defined procedures under a fixed
operational semantics.

Neural Programmer-Interpreters and learned
execution. Neural Programmer-Interpreters
(NPI) introduced learned execution with a re-
current controller, a learned program memory,
and domain-specific interfaces, and later work
showed gains from recursion and search in this
framework (Reed and de Freitas, 2016; Cai
et al., 2017; Pierrot et al., 2019). Architectural
precursors with explicit external memory (Graves
et al., 2014, 2016) likewise targeted learnable
universal computation, but routed control through
differentiable memory rather than a discrete
trace. Another line trains models more directly
on execution traces or intermediate computations,
from simple learned execution tasks to scratchpad
supervision and Python trace prediction (Zaremba
and Sutskever, 2014; Nye et al., 2021; Liu et al.,
2023). Our setting differs in that the model reads
explicit MicroPy definitions in context, represents
bindings, mutable state, and stack frames directly
in the prompt, and is supervised on small-step
retrieval and rewrite transitions compressed with
PENCIL. The goal is not unrestricted program
understanding, but a controlled test of whether a
standard transformer can learn reusable interpreter
rules for a small language.

Universal prediction from latent programs.
Grau-Moya et al. (2024) study a different use
of universal computation: BrainPhoque universal-
machine programs generate output sequences, and



sequence models are meta-trained to predict the
next emitted symbol as a finite approximation to
universal prediction. The source program and inter-
nal machine configuration remain latent to their pre-
dictor. In MicroPy, the procedure definitions, bind-
ings, mutable state, and active execution frames
are explicit model inputs, and the target is the next
interpreter transition rather than the next symbol
emitted by an unknown program. PENCIL then
repeatedly invokes the model and deterministically
reclaims completed context; it does not choose the
MicroPy semantic transition.

Algorithmic reasoning and in-context-learned
algorithms. Several lines of work train neural
models to execute structured procedures step by
step. Symbolic-mathematics datasets train se-
quence models to perform multi-step arithmetic or
symbolic computation (Saxton et al., 2019; Lample
and Charton, 2020). The Neural Algorithmic Rea-
soning programme trains a generalist model to imi-
tate a suite of classical algorithms in the CLRS-30
benchmark (Veličković and Blundell, 2021; Ibarz
et al., 2022). A complementary thread reverse-
engineers what algorithms are being learned in
context (Akyürek et al., 2023; Garg et al., 2022;
von Oswald et al., 2023). Architectural work
on adaptive control flow inside the transformer
(Csordás et al., 2022) addresses similar systematic-
generalization concerns. MicroPy differs from this
line on two axes: (i) we train one transformer
on random execution traces of a Turing-complete
language and evaluate on held-out human-written
programs rather than held-out instances of fixed
algorithms, and (ii) we supervise on small-step
retrieval/rewrite transitions rather than on input-
output pairs. A complementary recent direction
is to internalise procedural rules into the model
weights from declarative instructions rather than
execution examples (Cook et al., 2025); that ap-
proach trades context-trace verbosity for finetuning-
time compute, while MicroPy keeps the entire inter-
preter behaviour in-context and in-weights jointly.

Compositional generalization. MicroPy is also
a test of compositional generalization: can a model
execute novel combinations of familiar primitives
and control-flow patterns rather than merely extend
in-distribution traces? This theme is classically
studied with SCAN, CFQ, and COGS-style splits
that hold out compositions while keeping atoms fa-
miliar (Lake and Baroni, 2018; Keysers et al., 2020;
Kim and Linzen, 2020). Our setting differs in that

the composition rule is an operational semantics:
generalization means recombining learned evalu-
ation rules into correct executions on unseen pro-
grams, intersecting with broader limits of autore-
gressive transformers on multi-step compositional
problems (Drozdov et al., 2023; Dziri et al., 2023).

Retrieval augmentation, memory, and context.
External-memory approaches such as retrieval aug-
mentation and long-term memory modules address
bounded context by storing information outside
the immediate prompt (Lewis et al., 2020; Wang
et al., 2023). These approaches are complementary
to MicroPy: our focus is not how to retrieve ex-
ternal knowledge, but which execution state must
stay in context so that the next interpreter step is
well-defined.



C Example Function Walkthrough

The training data generator is fairly complex.
Rather than giving a full specification for all the
language features we give an example of evaluation
and leave it to the reader to imagine a generaliza-
tion to the full language. Consider two definitions
of the identity function.

@MicroPy
def foo(x): return x

@MicroPy
def bar(x): return x

We will generate training data by evaluating
the expression foo(bar(obj1)). This generates a
training context that includes the definitions of foo
and bar as

FD foo = lambda(x) Exp3;
FD bar = lambda(x) Exp4;

The training sequence also includes the follow-
ing expression definitions.

D.Exp1 = App(bar (O.obj1))
D.Exp2 = App(foo (Exp1))
D.Exp3 = LookupVar(x)
D.Exp4 = LookupVar(x)

The first training sequence starts with a call to
an expression

[call] [call] Exp2

As will become clear, the two occurrences of
[call] are used to combine effects. In this ex-
ample there are no effects but the evaluation rules
handle the general case.

This initial context is followed by token gener-
ation resulting in a PENCIL rewrite of Exp2 to its
definition. 2

[call] [call] Exp2
=> [call] App(foo (Exp1)) [ret]

PENCIL rewriting then gives:

[call] [call] App(foo (Exp1))

Continuing with token generation we get.

[call] [call] App(foo (Exp1))
arg0= [call] [call] Exp1

Token generation then yields a rewriting of Exp1
to its definition.

2The examples of token sequences are formatted here to
improve reading. In the actual context there are no newlines
or tabs.

[call] [call] App(foo (Exp1))
arg0= [call] [call] Exp1
=> [call] App(bar (O.obj1)) [ret]

Which yields:

[call] [call] App(foo (Exp1))
arg0= [call] [call] App(bar (O.obj1))

Continued token generation yields:

[call] [call] App(foo (Exp1))
arg0= [call] [call] App(bar (O.obj1))
arg0 = [call] O.obj1

Only single [call] occurs when evaluating an
object constant (no effect is involved). The inner-
most call is then replaced by an effect and a value.

[call] [call] App(foo (Exp1))
arg0= [call] [call] App(bar (O.obj1))
arg0 = Eff(empty) O.obj1

The next step is to retrieve the definition of the
procedure bar and replace the call to bar with a
stack frame in which to evaluate the body expres-
sion. This is done in three steps: the procedure
definition is retrieved; the effect of the argument
evaluation is separated from the evaluation of the
procedure body; and a stack frame is constructed
for the evaluation of the body. Here we show the
context after the construction of the stack frame.

[call] [call] App(foo (Exp1))
arg0= [call] Eff(empty)
[call] Env(Bind(x O.obj1))
[call] Exp4

From here Exp4 is rewritten to its definition.

[call] [call] App(foo (Exp1))
arg0= [call] Eff(empty)
[call] Env(Bind(x O.obj1))
[call] LookupVar(x)

Then the Lookup is evaluated.

[call] [call] App(foo (Exp1))
arg0= [call] Eff(empty)
[call] Env(Bind(x O.obj1))
Eff(empty) O.obj1

Next, the innermost call (the stack frame) is re-
placed by its effect and value.

[call] [call] App(foo (Exp1))
arg0= [call] Eff(empty)

Eff(empty)
O.obj1

Next the two effects are combined.



[call] [call] App(foo (Exp1))
arg0= Eff(empty) O.obj1

From here the computation proceeds similarly
to the computation of the application of bar.



D MicroPy Function Definitions
@MicroPy
def copy_bits(b1,b2):

return Seq(Assert(b2,Attr("value"),LookupAttr(b1,Attr("va ⌋
lue"))),↪→

If(HasAttr(b1,Attr("next")),
copy_bits(LookupAttr(b1,Attr("next")),

LookupAttr(b2,Attr("next"))),
unit_))

@MicroPy
def not_(p):

return If(p,false_,true_)

@MicroPy
def flip_bits(b1,b2):

return Seq(Assert(b2,Attr("value"),not_(LookupAttr(b1,Att ⌋
r("value")))),↪→

If(HasAttr(b1,Attr("next")),
flip_bits(LookupAttr(b1,Attr("next")),

LookupAttr(b2,Attr("next"))),
unit_))

@MicroPy
def exor_(p,q):

return If(p,If(q,false_,true_),If(q,true_,false_))

@MicroPy
def and_(p,q):

return If(p,q,false_)

@MicroPy
def or_(p,q):

return If(p,true_,q)

@MicroPy
def rpc_sum_(a1,a2,c):

return exor_(a1,exor_(a2,c))

@MicroPy
def rpc_carry_(a1,a2,c):

return or_(and_(a1,a2),
and_(c,or_(a1,a2)))

@MicroPy
def RPC_add(b1,b2,b3,c):

return RPC_aux(b1,b2,b3,c,
rpc_carry_(LookupAttr(b1,Attr("value")),

LookupAttr(b2,Attr("value")),
c))

@MicroPy
def RPC_aux(b1,b2,b3,c,nc):

return Seq(Assert(b3,Attr("value"),
rpc_sum_(LookupAttr(b1,Attr("value")),

LookupAttr(b2,Attr("value")),
c)),

If(HasAttr(b1,Attr("next")),
RPC_add(LookupAttr(b1,Attr("next")),

LookupAttr(b2,Attr("next")),
LookupAttr(b3,Attr("next")),
nc),

Assert(LookupAttr(b3,Attr("next")),
Attr("value"),
nc)))

@MicroPy
def RPC_mult(b1,b2,b3):

return Seq(If(LookupAttr(b1,Attr("value")),
RPC_add(b2,b3,b3,false_),
unit_),

If(HasAttr(b1,Attr("next")),
RPC_mult(LookupAttr(b1,Attr("next")),

b2,
LookupAttr(b3,Attr("next"))),

unit_))

@MicroPy
def sat_assign(var, cnf_head_, out_):

return If(
HasAttr(var, Attr("next")),
Try(

Seq(Assert(var, Attr("value"), true_),
sat_assign(LookupAttr(var, Attr("next")),

cnf_head_,
out_)),

Seq(Assert(var, Attr("value"), false_),
sat_assign(LookupAttr(var, Attr("next")),

cnf_head_,

out_)),
),
Try(

Seq(
Assert(var, Attr("value"), true_),
If(eval_cnf(cnf_head_),

Assert(out_, Attr("value"), true_),
fail_),

),
Seq(

Assert(var, Attr("value"), false_),
If(eval_cnf(cnf_head_),

Assert(out_, Attr("value"), true_),
fail_),

),
),

)

@MicroPy
def sat_solve(var_head_, cnf_head_, out_):

return Try(sat_assign(var_head_, cnf_head_, out_),
Assert(out_, Attr("value"), false_))



E Frontier-LLM Probe on MicroPy
Traces

We gave Claude Opus 4.7 read access to the Mi-
croPy source code and asked it to predict step-
by-step completions on a balanced sample of 996
held-out trace steps (166 per task). The model
was free to use tools, and in this setup chose to
do so: it read the operational semantics from the
source, wrote its own Python re-implementation
of the MicroPy rewrite rules, and invoked that re-
implementation as a tool to produce predictions.
The probe therefore measures what a tool-using
frontier LLM achieves when it tries to simulate Mi-
croPy’s trace generator from the source documenta-
tion, rather than what an LLM does by next-token
reasoning alone. Gold completions are withheld
from the model’s input.

Task n Exact-match

RPC_add 166 0.777
RPC_mult 166 0.747
flip_bits 166 0.729
sat_solve 166 0.741
sat_verify 166 0.693
copy_bits 166 0.669

Overall 996 0.726

Table 3: Claude Opus 4.7 with source-code access
and self-authored tool use on MicroPy step-prediction
(n = 996, balanced across the six held-out tasks). The
remaining error stems from places where the model’s
hand-written Python simulator diverges from MicroPy’s
actual semantics, particularly on accumulated in-trace
effects.

We read this number two ways. First, MicroPy
step-prediction is not a string-pattern task a pre-
trained LLM incidentally solves: even with full lan-
guage documentation and a self-written Python re-
implementation invoked as a tool, a frontier LLM
does not match the trained interpreter’s 100%. Sec-
ond, this is not a task-performance comparison. A
tool-using LLM agent could trivially answer the
underlying bit-arithmetic and SAT questions by
invoking Python or Z3, and (as observed here) it
can even author the Python re-implementation used
in this probe. The relevant comparison is there-
fore not "LLM with tools" against our trained inter-
preter but "LLM without external solvers, forced
to perform extended arithmetic or SAT directly";
existing length-generalization work (Zhou et al.,
2023, 2024; Seely et al., 2025; Hazra et al., 2024)
reports that pretrained LLMs do not generalize in

this regime. Our contribution is specifically about
whether a transformer can be trained to internalize
a Turing-complete operational semantics from ex-
ecution traces, which is orthogonal to whether a
different system, given different affordances, could
solve the underlying tasks.



F Distribution-Shape Failure Examples

As MicroPy designers, we anticipated two axes
along which a held-out test program can exercise a
structural shape that a sparser training distribution
would miss: (i) long single-step writes inside an
effect-accumulation step, and (ii) zero-argument
call boundaries. The training generator used for
the model reported in Section 3.3 explicitly sam-
ples both axes. To illustrate what an OOD failure
on these axes looks like, we describe below two
examples produced by an ablated training distribu-
tion that under-samples each axis. These examples
are not the model that produces the headline num-
bers; they are case studies of the failure mode an
under-covered distribution induces.

Failure 1: Long Pre-TailApp Eff write
exceeding training write length

Setup. We constructed a held-out program whose
execution requires a tail-call [ret] step that
closes two adjacent Eff frames into a single
combined ∼52-entry Eff immediately preceding
a TailApp, after extended linked-list traversal
accumulates many Assertion(o, attr0, bool)
writes. At the token level this is a long copy-
with-merge: the model must reproduce dozens of
Assertion(. . . ) entries in order, drawn from
the two upstream Eff frames in the prompt tail,
then re-emit the TailApp payload unchanged.

The write length here exceeds the longest single-
step write the model saw during training. The im-
mediate prompt tail is:
general stack (prompt tail):

[call] Env ()
[call] Eff ( Assertion(obj2 attr0 False)

Assertion(obj51 attr0 False)
... 37 more Assertions ...
Assertion(obj34 attr0 False) )

Eff ( Assertion(obj45 attr0 False)
Assertion(obj44 attr0 True)
... 11 more Assertions ...
Assertion(obj33 attr0 True) )

TailApp(fun7 Args(obj6 obj1 obj44)) [EOP]

Gold vs. prediction. The gold completion
merges the two upstream Eff frames into one com-
bined 52-entry Eff and forwards the TailApp pay-
load to the parent step:
Gold: => [call] Eff (

Assertion(obj2 attr0 False)
... position 108: obj47 attr0 True ...
... 51 more Assertions ...
Assertion(obj33 attr0 True) )

TailApp(fun7 Args(obj6 obj1 obj44)) [ret]

Model: => [call] Eff (

Assertion(obj2 attr0 False)
... position 108: obj182 attr0 True ...
... 51 more Assertions ...
Assertion(obj33 attr0 True) )

TailApp(fun7 Args(obj6 obj1 obj44)) [ret]

The first 107 tokens match exactly; at token po-
sition 108 (inside the 18th Assertion slot of the
combined Eff) the gold token is obj47 but the
model emits obj182. The remaining ∼200 tokens
of the long completion are regenerated correctly.
The error is silent: structurally the output is a well-
formed Eff(. . . ) TailApp(. . . ) [ret] step,
but one object reference inside the accumulator has
been swapped to a different valid-looking object
name. obj47 appears explicitly in the immediate
prompt tail (the gold token is a direct copy), yet
obj47 is not in the top-10 predictions at this posi-
tion (gold_in_topk = False).

Interpretation. A 52-entry combined Eff write
is ∼300 tokens of structural copy, supervised only
by the end-to-end completion loss. When this
length exceeds the longest combined-Eff write
present in training data, per-slot error rate com-
pounds across the length: the model gets the struc-
tural skeleton, attribute names, and bool literals
right, but the obj-name slot, which has tens of
equally-typed candidates in the immediate context,
becomes weakly identified.

Curriculum coverage in the reported model.
Because long pre-TailApp Eff-merge writes are a
foreseeable failure axis given MicroPy’s stack dis-
cipline, the training generator used for the model
in Section 3.3 explicitly samples such long writes
with distractor object names sharing the same at-
tribute. On the same example the reported model
produces the gold token obj47 at position 108.

Failure 2: Zero-argument function calls
(dummy-arg coverage gap)
Setup. Several natural held-out programs include
helper procedures that, semantically, take no argu-
ments. For example, a top-level entry such as
@MicroPy
def helper():

...

compiles into MicroPy traces whose call sites are
App(funX ()) and TailApp(funX Args()): func-
tion tokens with an immediately closing empty ar-
gument list.

The training distribution did not exercise the
zero-argument shape: every procedure in the sam-
pled programs had at least one variable bound at



call time. The empty-argument-list token sequence
(Args ( ) adjacent in the trace) was therefore es-
sentially out-of-distribution at the structural level.

Observed failure. On a held-out program that
uses such a zero-argument helper, the original defi-
nition produced 7 token-level misses across 3544
trace rows at our reference checkpoint, all clus-
tered around the App(funX ()) / TailApp(funX
Args()) call boundaries. The whole-program suc-
cess rate was 0/1.

Curriculum coverage in the reported model.
The training generator used for the model in Sec-
tion 3.3 treats the zero-argument call boundary as
a first-class shape and samples App(funX ()) /
TailApp(funX Args()) explicitly. On the same
program, the reported model produces no misses at
the zero-argument call boundaries.

Combined takeaway. Both examples are con-
sistent with the same pattern. When the trained
model is presented with a structural shape its train-
ing distribution did not cover, the model degrades
gracefully into the relevant prior rather than fail-
ing structurally. The reported model in Section 3.3
covers both axes by design, but we include these
examples to make the under-coverage failure mode
concrete.



G Per-Task Evaluation Operation Profiles
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Figure 5: Per-task operation profiles for the held-out evaluation suite. Each subplot compares the training generator’s
last-op distribution (blue) against a single evaluation task (orange). Proportions are within-corpus. Copy and Flip
are dominated by App/LookupAttr/ExpRef patterns from linked-list traversal; Addition and Multiplication rely
more heavily on If/LookupVar; and the SAT tasks show the expected Try-heavy profile from backtracking search.
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