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ABSTRACT

Hard attention Chain-of-Thought (CoT) transformers are known to be Turing-
complete. However, it is an open problem whether softmax attention Chain-
of-Thought (CoT) transformers are Turing-complete. In this paper, we prove a
stronger result that length-generalizable softmax CoT transformers are Turing-
complete.
More precisely, our Turing-completeness proof goes via the CoT extension of the
Counting RASP (C-RASP), which correspond to softmax CoT transformers that
admit length generalization. We prove Turing-completeness for CoT C-RASP
with causal masking over a unary alphabet (more generally, for the letter-bounded
languages). While we show that this is actually not Turing-complete for arbitrary
languages, we prove that its extension with relative positional encoding is Turing-
complete for arbitrary languages. We empirically validate our theoretical results
by training transformers for various languages that require complex (non-linear)
arithmetic reasoning.

1 INTRODUCTION

Transformers (Vaswani et al., 2017) have enabled powerful Large Language Models (LLMs) with
Chain-of-Thought (CoT) steps, which are capable of complex reasoning (cf. (Wei et al., 2022; Ope-
nAI et al., 2024)). But what task can (and cannot) be done by CoT transformers? This fundamental
question lies at the heart of the recent effort in understanding the ability of transformers through
the lens of formal language theory (see the survey Strobl et al. (2024)). In particular, the question
whether CoT transformers is Turing-complete — that is, capable of solving any problems solvable
by Turing machines — is especially pertinent; see the work (cf. (Pérez et al., 2021; Bhattamishra
et al., 2020; Merrill & Sabharwal, 2024; Qiu et al., 2025; Li & Wang, 2025)).

Are CoT transformers Turing-complete? All existing proofs of Turing-completeness of CoT
transformers (cf. (Pérez et al., 2021; Bhattamishra et al., 2020; Merrill & Sabharwal, 2024; Qiu
et al., 2025; Li & Wang, 2025)) employ hardmax attention, which is a rather unrealistic assumption.
In particular, its use comes at the cost of a lack of a trainability guarantee. It is still an open question
to date whether CoT transformers that use softmax attention are Turing-complete, and whether one
can guarantee some sort of trainability.

Contributions. The main contributions of this paper are (i) to prove for the first time that softmax
CoT transformers are Turing-complete, and (ii) to provide a kind of guarantee of trainability.

More precisely, we use the framework from Huang et al. (2025) of length-generalizable softmax
transformers. In particular, the authors showed that a simple declarative language called C-RASP
(with causal masking) Yang & Chiang (2024) can be converted into their framework, thereby also
admitting length generalization. Our results use the extensions of these models with CoT steps.

We first show that CoT C-RASPs with causal masking are Turing-complete over a unary alphabet
Σ “ tau. More generally, we show that Turing-completeness holds for letter-bounded languages,
i.e., L Ď a˚1 ¨ ¨ ¨ a

˚
n, where a1, . . . , an are distinct letters in the alphabet. Such languages are espe-

cially interesting because of their ability to model complex number-theoretic concepts (e.g., prime
numbers, exponentiation, multiplication, etc.).

Interestingly, we can show that CoT C-RASPs with causal masking are not Turing-complete over ar-
bitrary languages. In fact, simple languages (e.g. palindromes) cannot be solved by CoT C-RASPs.
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To address this limitation, we extend CoT C-RASPs with Relative Positional Encodings (RPEs) (cf.
Shaw et al. (2018); Liutkus et al. (2021); Dufter et al. (2022)), which assigns a positional information
to any token relative to another token. We extend the framework of Huang et al. (2025) by adding
RPEs, and show that length-generalizability still holds. Finally, we show Turing-completeness for
CoT C-RASP[RPEs] over arbitrary languages.

We provide an experimental validation of our results for CoT C-RASP and CoT C-RASP[RPEs] by
showing length generalization of transformers for complex number-theoretic concepts with unary
representation (to be captured by CoT C-RASP) and with binary representation (to be captured
by CoT C-RASP[RPEs]). For example, the concept of prime numbers will be represented as the
language L “ tap : p is primeu with unary representation, and as the language L1 “ tbinppq :
p is primeuwith binary representation (where binppq denotes the binary representation of the number
p, e.g., 5 is written as 101).

Novelty in our proofs. Instead of simulating Turing machines (as in most of the previous proofs), our
Turing-completeness proofs provide a simulation of Minsky’s Turing-powerful counter machines
Minsky (1961) by CoT softmax transformers.

Organization. We start with the CoT models in Section 2. We then prove Turing-completeness
results for the unary and letter-bounded cases in Section 3. Turing-completeness for the general case
is proven in Section 4. We report our experiments in Section 5. Finally, we conclude in Section 6.

2 MODELS FOR TRAINABLE COT TRANSFORMERS

2.1 TRANSFORMERS AND C-RASP

Softmax Transformers. We assume transformer decoders with softmax attention and causal
masking (Softmax Attention Transformers, SMAT). Our formal definition of softmax transformers
follows that of Huang et al. (2025). Attention weights are defined as

w̄ “ softmaxplog n ¨ tvTj K
TQviuij“1q (1)

where vi denotes activations at position i, and K, Q transform these to keys and queries, respec-
tively. Here, scaling with log n is included, as it is needed to theoretically represent sparse functions
across unboundedly input strings and circumvent theoretical limitations of soft attention (Chiang &
Cholak, 2022; Edelman et al., 2022). For the feedforward networks, we assume one-layer networks,
where each hidden unit has either ReLU or Heaviside activation. Here, as in Huang et al. (2025),
Heaviside is needed to theoretically represent functions with sharp thresholds; at any finite input
length, it can be arbitrarily closely approximated using ReLU MLPs. As is standard, we encode an
input x P Σ˚ by applying a token embedding function em : Σ Ñ Rk for some dimension k.

To define the computation of CoT via SMAT, we need the transformer to be able to output a token.
We further define an output function o : Rd Ñ Σ, parameterized by applying a linear function
Rd Ñ R|Σ| followed by an argmax selecting the symbol receiving the highest score. Overall, we
view an SMAT as a length-preserving map T : Σ˚ Ñ Σ˚, where T pxqi indicates the symbol
predicted after reading the prefix x1 . . . xi.

We refer to Appendix A for a formal definition and further discussion of design choices.

C-RASPs. C-RASP is equivalent to the fragment Ktr#sYang & Chiang (2024); Yang et al. (2024)
of LTL[Count] Barceló et al. (2024) with only past operator:

ϕ ::“ Qa pa P Σq | ϕ^ ϕ |  ϕ | ϕ_ ϕ | t „ t pt P tă,“,ąuq

t ::“ c pc P Nq | ÐÝ#rϕs | t` t

We will now define the semantics of C-RASP by structural induction on the C-RASP expressions.
Suppose w “ w1 ¨ ¨ ¨wn P Σ`. [As a side remark, it is possible to also allow the empty string ε as
input, and for this we can use the “start-of-string” symbol $. We do not do this to avoid clutter.]
For syntactic category ϕ, we will define rrϕssw as a bitstring h1 ¨ ¨ ¨hn P t0, 1u

n. On the other hand,
for syntactic category t, we will define rrtssw as a sequence m1 ¨ ¨ ¨mn P Zn of integers. For each
sequence σ, we will write σpiq to denote the ith element in the sequence. We start with the two base
cases:
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• ϕ “ Qa. In this case, hi P t0, 1u is 1 iff wi “ a.

• t “ c. In this case, mi “ c for each i.

We now proceed to the inductive cases:

• ϕ “ ψ1 ^ ψ2. Then, hi “ mintrrψ1sswpiq, rrψ2sswpiqu.

• ϕ “ ψ1 _ ψ2. Then, hi “ maxtrrψ1sswpiq, rrψ2sswpiqu.

• ϕ “  ψ. Then, hi “ 1´ rrψsswpiq.

• ϕ “ t „ t1. Then, hi “ 1 iff rrtsswpiq „ rrt1sswpiq.

• t “ ÐÝ
#rϕs. Let m0 “ 0. Then, for each i ą 0, mi “ mi´1 ` 1 if rrϕsswpiq “ 1; else

mi “ mi´1.

Relative Positional Encodings. We also define an extension C-RASP[RPEs] (resp.
SMAT[RPEs]) of C-RASP (resp. SMAT) with Relative Positional Encodings (RPEs), which
are simply subsets R Ď N ˆ N. We start with C-RASP[RPEs]. In the sequel, the notation rrRss
refers to the function mapping each pi, jq P N ˆ N to t0, 1u such that rrRsspi, jq “ 1 iff pi, jq P R.
For the syntactic category t, we allow the counting term:

ÐÝ
#Rrϕs

which is to be interpreted at position j as the cardinality of:

ti P r1, js : pi, jq P R, i |ù ϕu.

That is, we include i depending on the positional encoding of each i relative to j. [Alternatively,
R can be construed as allowing positions at certain distances from each j.] This is a generalization
of the class C-RASP[periodic, local] defined by Huang et al. (2025), where R is either periodic or
local.

As for SMAT[RPEs], the definition is a simple modification of SMAT in that the formula in Equation
1 becomes

w̄ “ softmaxplog n ¨ txAvi, Bvjy ` λrrRsspi, jquij“1q. (2)

Here, we interpret λ as a bias term and rrRsspi, jq as 1 if pi, jq P rrRss; otherwise, it is 0.

Discussion of Relative Positional Encodings Relative positional encodings, which modify atten-
tion scores with positional information, are a popular approach for providing positional information
to transformers. Our formalization of RPEs is a simple formal abstraction of additive relative po-
sitional encodings, which add a position-dependent term to the attention logits (Shaw et al., 2018;
Dai et al., 2019; Xue et al., 2021; Press et al., 2022; He et al., 2021). Schemes in the literature differ
in whether they are parameter-free (e.g., Press et al. (2022)) or involve learnable parameters. We
consider the especially simple case whereR is determined a-priori, parameter-free, and independent
of the task at hand.

2.2 EXTENSIONS WITH CHAIN-OF-THOUGHT

Suppose Γ is the (finite) set of possible CoT tokens. CoT tokens in some ΓF Ď Γ are reserved
to indicate that the computation is to terminate and that the input string is to be “accepted”. Let
Γ F “ ΓzΓF .

We define a CoT to be a map F : Σ˚ Ñ Γ˚ Y Γω , where Γ is a finite set of CoT tokens, where
all non-final symbols are in Γ F Ď Γ. Here, note that we include both finite (terminating) CoTs in
Γ˚ and infinite (non-terminating) CoTs in Γω . Consideration of non-terminating CoTs is needed for
Turing completeness.

The language LpF q recognized by F is the set of all w P Σ˚ such that F pwq is finite and ends in an
element of ΓF Ď Γ.

3
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CoT C-RASPs. To extend C-RASP (resp. C-RASP[RPEs]) with CoTs, a simple solution is as
follows. A CoT C-RASP expression (over Γ) is a non-empty sequence S “ d1, . . . , dl of definitions
di of the form:

Oai Ð ϕai ,

where ai P Γ F and ϕai a normal C-RASP (resp. C-RASP[RPEs]) expression. The intuition of S is
a switch condition, which will tell the program which token to output. S outputs a token on an input
string w P pΣYSq` if rrϕaisswp|w|q “ 1 for some i. The output of S on a string w P pΣYΓ F q

` is
defined to be ai, where i is the smallest index such that rrϕaisswp|w|q “ 1 and that rrϕaj sswp|w|q “ 0
for each j ă i. In this case, we write Spwq “ ai. Note that a CoT transformer might terminate
without outputting a token if rrϕaj sswp|w|q “ 0 for each j; in this case, the input string w will be
immediately rejected. Here, we write Spwq “ K (i.e. undefined).

A CoT C-RASP S generates the string U “ U1 ¨ ¨ ¨Um P Γ˚ on the input w P Σ˚ if
SpwU1 ¨ ¨ ¨Uk´1q “ Uk for each k “ 1, . . . ,m. Intuitively, this means that S autoregressively
outputs the symbols in U . The language LpT q accepted by a CoT C-RASP S is defined to be the set
of all w P Σ˚ such that there exists a finite string U P Γ˚ ending in an element of ΓF such that T
generates U on w, and non-last symbols in U are in Γ F .

We remark that, in many cases, the order of the sequence S is not so important, especially if we can
ensure that at most Oai is going to be satisfied. We will use this in the sequel.

CoT SMATs. Recall that we view an SMAT T as a length-preserving map T : Σ˚ Ñ Σ˚, where
T pxqi indicates the symbol predicted after reading the prefix x1 . . . xi. An SMAT T : pΣY Γq˚ Ñ
pΣYΓq˚ generates the string U “ U1 ¨ ¨ ¨Um P Γ˚ on the input w if T autoregressively predicts the
string U – that is, if T pwU1 ¨ ¨ ¨Uk´1q “ Uk for each k “ 1, . . . ,m. The language LpT q accepted
by a CoT SMAT T is defined to be the set of all w P Σ˚ such that there exists a finite string U P Γ˚

ending in ΓF such that T generates U on w, and non-last symbols in U are in Γ F

Proposition 2.1. If a language is accepted by a CoT C-RASP (resp. C-RASP[RPEs]), then it is also
accepted by a CoT SMAT (resp. SMAT[RPEs]).

The proof is a simple extension of (Huang et al., 2025, Thm. 9); see Appendix A.2.

2.3 LEARNABILITY WITH COT

We now show that CoT C-RASP is learnable in the framework of Huang et al. (2025). Intuitively,
this framework considers the case where transformers are trained on data from some bounded length
and then deployed on data of larger lengths. We now make this formal. As before, we view SMATs
as defining length-preserving maps T : Σ˚ Ñ Σ˚. Define the hypothesis class Θ as the set of
SMATs T where each parameter vector and matrix of T is represented at p bits of precision, for
some p depending on T .
Definition 2.2. A language L is length-generalizably learnable with CoT if there is a CoT F with
LpF q “ L such that the following holds:

For each i “ 1, 2, 3, . . . , use the idealized learning procedure from Definition 6 in Huang et al.
(2025) to choose a sequence of SMATs Ti P Θ (i “ 1, 2, 3, . . . ) such that each Ti generates
F pwq1...i´|w| on all inputs w, |w| ď i.1 Then, there is some N0 depending on L such that for
all i ą N0, Ti will exactly recognize the language L with CoT.

We analogously define the same notions in the presence of RPEs. Given a set R Ď N ˆ N, define
the hypothesis class ΘrRs as the set of SMAT[RPEs] T with the RPE R, where each parameter
vector and matrix of T is represented at p bits of precision, for some p depending on T , and where
each λ in (2) is fixed to 1. We then define length-generalizably learnable with CoT with RPE R by
replacing Θ with ΘR in Definition 2.2.

The intuition of this definition is that we can learn a single SMAT that works for all input lengths,
even when training only on data from some bounded length, as long as the training length is suf-
ficiently large. We note that the definition of the learning setup is substantially simpler than in
Huang et al. (2025) since our transformers use no absolute positional encodings. Whereas Huang

1Such a sequence always exists, as there is just a finite number of inputs at each length i.
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et al. (2025) used separate hypothesis classes Θn at each context window size n, our learning setup
requires a single hypothesis class Θ that works for all input lengths.

We then obtain the following guarantee:
Proposition 2.3. Consider a language expressible in C-RASP[RPEs] CoT, using RPE R. Then it is
length-generalizably learnable with RPE R.

The proof is a straightforward adaptation of (Huang et al., 2025, Thm. 7); see Appendix A.2.

3 UNARY CASE

Theorem 3.1. Each recursively enumerable language over a unary alphabet Σ “ tau can be rec-
ognized by SMAT in the CoT setting.

This theorem follows from the following proposition.
Proposition 3.2. Each recursively enumerable language over a unary alphabet Σ “ tau can be
recognized by C-RASP in the CoT setting.

In turn, this follows directly from the following proposition; recall that a language L Ď Σ` is
letter-bounded if it is a subset of a˚1a

˚
2 ¨ ¨ ¨ a

˚
n for some distinct letters a1, . . . , an P Σ.

Proposition 3.3. Each recursively enumerable letter-bounded language over any alphabet Σ can
be recognized by C-RASP in the CoT setting.

We will deduce Proposition 3.3 from the following proposition, which will be most convenient for
our construction. Given an alphabet Σ with Σ “ ta1, . . . , anu, the corresponding Parikh map is the
map Ψ: Σ˚ Ñ Nn, where w P Σ˚ is mapped to p|w|a1 , . . . , |w|anq, where |w|ai is the number of
occurrences of ai in w. In other words, Ψpwq is the vector that contains all letter counts in w. Notice
that for u, v P Σ˚, we have Ψpuq “ Ψpvq if and only if v can be obtained from u by re-arranging
the letters, or by permuting u. We say that a language L Ď Σ˚ is permutation-invariant if for any
u, v P Σ˚ with Ψpuq “ Ψpvq, we have u P L if and only if v P L. In other words, membership in L
does not depend on the order in which letters appear in a word.
Proposition 3.4. Each recursively enumerable permutation-invariant language over any alphabet
Σ can be recognized by C-RASP in the CoT setting.

To prove this proposition, we give a reduction from counter machines. To define these, we define Φk
to the set of expressions ϕ of the following form: a conjunction of counter tests of the form xi „ 0,
where xi indicates the ith counter and „ P tą,“u. A k-counter machine (k-CM) is a tuple

pP,∆, q0, F q

where P is a set of states,
∆ Ď P ˆ Φk ˆ P ˆ t´1, 0, 1uk

is a set of transitions, q0 P P is the initial state, and F Ď P is the set of final states. We also
assume that the machine is deterministic, i.e., whenever there are two transitions pp, ϕ, q,uq and
pp, ϕ1, q1,u1q starting in the same state p, but with pq,uq ‰ pq1,u1q, then ϕ and ϕ1 cannot be true
at the same time (i.e. ϕ ^ ϕ1 is unsatisfiable). For a transition τ “ pp, ϕ, q,uq, we will employ the
notation srcpτq :“ p, tgtpτq :“ q, ϕτ :“ ϕ, and uτ :“ u.

A configuration of such a k-CM is a tuple pq,xq P P ˆ Zk, where q P P and x P Zk. For
configurations pp,xq, pq,yq P P ˆ Zk, we write pp,xq Ñ pq,yq if there is a transition τ P ∆ with
srcpτq “ p, tgtpτq “ q, ϕτ pxq is true, and y “ x ` uτ . By ˚

ÝÑ, we denote the reflexive transitive
closure of the relation Ñ on the configurations. A configuration pq,xq is initial if q “ q0. We say
that an initial configuration pq0,xq is accepted if pq0,xq

˚
ÝÑ pp,yq with p P F . In other words, if

there exists a run of the k-CM that eventually arrives in a final state.

We will employ the following variant of the fact that counter machines are Turing-complete. Note
that if one uses CM as language acceptors, with input-reading transitions, then just two counters are
sufficient for Turing-completeness. In our construction, it will be most convenient to provide the
input of the CM at its counters. In this setting, it is known that three additional counters (aside from
the input counters) are sufficient for Turing-completeness:
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Lemma 3.5. For every recursively enumerable set S Ď Nn, there is a pn` 3q-CM so that for every
x P Nn, the configuration pq0,x, 0, 0, 0q is accepted if and only if x P S.

This is a direct consequence of CM, as language acceptors are able to recognize all recursively
enumerable languages (this is implicit in (Minsky, 1961, Theorem Ia), and explicit in (Fischer et al.,
1968, Theorem 3.1)) and that k-CM accept the same languages as 3-CM (Greibach, 1976, Theorem
2.4). Moreover, if S Ď Nn is recursively enumerable, then the language L :“ tax1

1 ¨ ¨ ¨ axn
n |

px1, . . . , xnq P Su is a recursively enumerable language, and so there exists a three-counter machine
M that recognizes L. This three-counter machine can easily be turned into a pn`3q-CM as we need
it: whenever M reads a letter ai, our CM will decrement the i-th counter; and when M uses counter
j P t1, 2, 3u, then our CM will use counter n` j.

Corollary 3.6. For every recursively enumerable permutation-invariant language L Ď Σ`, there is
a pn`3q-CM so that for every w P Σ`, we have w P L if and only if pq0,Ψpwq, 0, 0, 0q is accepted.
Proof. Follows from Lemma 3.5: For a recursively enumerable L Ď Σ`, the Parikh image ΨpLq is
recursively enumerable; since L is permutation-invariant, we have w P L iff Ψpwq P ΨpLq.

Proof of Proposition 3.4. Let Σ “ ta1, . . . , anu and take a permutation-invariant recursively enu-
merable language L Ď Σ˚. From Corollary 3.6, we get a pn` 3q-CM such that from the configura-
tion C0 :“ pq0, x1, . . . , xn, 0, 0, 0q, the CM will reach F if and only if ax1

1 ¨ ¨ ¨ axn
n P L.

We define the set Γ of CoT tokens to be Σ unioned with the transition relation ∆. Note that the
C-RASP is going to be evaluated at the last position on input wv where v P Γ˚. The construction of
the C-RASP CoT transformer considers the following cases.

Initial step. At the beginning, the last symbol in the input to the C-RASP is in Σ. This indicates
that the CM is in the initial state q0. We add the following rules to our CoT C-RASP expression S

Oτ Ð ϕp
ÐÝ
#rQa1s, . . . ,

ÐÝ
#rQansq ^Qa,

for each a P Σ and each transition τ P ∆ with srcpτq “ q0. The order in which the rules are added
is not important since the counter machine is deterministic.

Non-initial step. After an initial step, the last symbol in the input is always a transition of the
CM, which indicates which state the CM is in. We add the following rules to our CoT C-RASP
expression S (in no particular order):

Oτ 1 Ð ϕτ 1pt1, . . . , tn`3q ^Qτ ,

for any τ, τ 1 P ∆ with tgtpτq “ srcpτ 1q. Here, t1, . . . , tn`3 are the count-valued C-RASP terms

ti “
ÐÝ
#rQais `

ÿ

ρP∆

uρpiq ¨
ÐÝ
#rQρs for i “ 1, . . . , n (3)

ti “
ÿ

ρP∆

uρpiq ¨
ÐÝ
#rQρs for i “ n` 1, n` 2, n` 3. (4)

Intuitively, each rrtissw will tell us the value of the ith counter. For i “ 1, . . . , n, we have the addi-
tional summandÐÝ#rQais because this is the initial value of the ith counter, according to Lemma 3.5.

Output symbols. The desired output symbols for acceptance are any τ P ∆ for which tgtpτq P F .

Correctness. The C-RASP directly simulates the CM, so correctness is immediate.

Finally, Proposition 3.3 follows easily from Proposition 3.4: We can modify our C-RASP to check
(e.g. in each step) that the (initial) input word belongs to a˚1 ¨ ¨ ¨ a

˚
n. See Appendix B for the proof.

4 GENERAL CASE

Given that Propositions 3.3 and 3.4 show that for letter-bounded or permutation-invariant languages,
CoT C-RASP are Turing-complete, this raises the question of whether they are even Turing-complete
for a general language L Ď Σ˚. The following shows that they are not:
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Proposition 4.1. C-RASP in the CoT setting is not Turing-complete over Σ “ ta, bu.

This follows from the following lemma (e.g. take PALINDROME).
Lemma 4.2. If a language L is recognized by CoT C-RASP, then for each n the restriction Ln Ď L
to all inputs of length ď n is recognized by an automaton of size polynomial in n.

This is an immediate corollary of the logarithmic communication complexity of Limit Transformers
and hence C-RASP (Theorem 12 in Huang et al. (2025)). See Appendix C for details.

However, we will show that in the presence of relative positional encodings, CoT C-RASP are in
fact fully Turing-complete:
Theorem 4.3. Every recursively enumerable language over an arbitrary alphabet Σ can be recog-
nized by C-RASP[RPEs] in the CoT setting.

The CoT C-RASP[RPEs] constructed in Theorem 4.3 is based on the following idea. Given an input
w P Σ˚ with say |Σ| “ n, our CoT C-RASP[RPEs] first computes an encoding of w P Σ˚ as a
vector in Nn. After this, it uses a construction similar to above to simulate a CM on this encoding.

To avoid confusion between multiplication of 0 and 1 on the one hand and concatenation of words,
we will use different symbols for the numbers 0, 1 P N and the letters 0 and 1. Then for a “ 0,
b “ 1, c “ 0, and d “ 1, we can distinguish between ab “ 0 and cd “ 01. To convert between
these objects, we use the notation 0 :“ 0, 0 “ 0, 1 “ 1, and 1 “ 1.

Encoding words over two letters We first describe how to encode two-letter words. Formally,
we have a partial function β : N Û t0, 1u˚, where Û means that β is partial, i.e. not every number
represents a word. However, if a number represents a word, then it is unique. A number x P N will
represent a word if and only if x ‰ 0. Hence, suppose x ‰ 0. Then we can write x “

řm
i“0 bi2

i,
where bm, . . . , b0 P t0, 1u, and bm “ 1. Let j “ maxti | bi “ 0u be the left-most position of a zero
when writing the most significant bit first. Then we set

βpxq :“ bj´1 bj´2 ¨ ¨ ¨ b0.

In other words, βpxq is the word consisting of all digits of x’s binary representation, when reading
from most significant bit first, and starting after the left-most zero. For example, we have

βp25 ` 23 ` 21q “ 1010, βp26q “ 00000, βp24 ` 23 ` 21q “ 10.

Encoding words over arbitrary alphabets Now suppose Σ is an arbitrary alphabet with Σ “

ta1, . . . , anu. Then we encode words in Σ˚ by vectors in Nn. Similar to above, we define a partial
function σ : Nn Û Σ˚. Let us first describe the domain of σ. We say that an n-tuple pw1, . . . , wnq
of words w1, . . . , wn P t0, 1u

˚ is consistent if (i) the words w1, . . . , wn have the same length, say
m P N and (ii) for every position i P r1,ms, there is exactly one j P r1, ns such that wj has the
letter 1 at position i. Intuitively, the consistent n-tuples correspond exactly to the words in Σ˚: A
word w P Σ˚ of length m corresponds to the n-tuple pw1, . . . , wnq where each wi has length n,
and the 1’s in wi are exactly at those positions that carry ai in w. This leads to an intermediate
partial function µ : pt0, 1u˚qn Û Σ˚, where µpw1, . . . , wnq is defined if and only if pw1, . . . , wnq
is consistent, and in that case, µpw1, . . . , wnq P Σ˚ is the word corresponding to w1, . . . , wn.

With this, we are ready to define σ. The domain of σ consists of those x “ px1, . . . , xnq P Nn
where (i) all entries are non-zero and (ii) the tuple pβpx1q, . . . , βpxnqq is consistent. Moreover, for
x “ px1, . . . , xnq P domσ, we set

σpxq :“ µpβpx1q, . . . , βpxnqq.

For example, for n “ 2, we have

σp24 ` 20, 24 ` 22 ` 21q “ µpβp24 ` 20, 24 ` 22 ` 21qq “ µp001, 110q “ a2a2a1.

An important property of σ is that if we change x “ px1, . . . , xnq by introducing further 1’s on the
left of some binary representation of xi, then σpxq remains the same. For example, we also have

σp25 ` 24 ` 20, 24 ` 22 ` 21q “ µpβp25 ` 24 ` 20, 24 ` 22 ` 21qq “ µp001, 110q “ a2a2a1.

even though we modified the left-most entry by introducing the term 25. This means, for every word
w P Σ˚ and every bound k P N, there is an x P Nn such that (i) all entries in x are ě k and
(ii) σpxq “ w. This will be important in the proof.
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The relative positional encoding A key ingredient in our proof is the relative positional encoding
(recall that we have shown that without RPE, Theorem 4.3 does not hold). Perhaps surprisingly,
the RPE we use in the proof does not depend on the language we are accepting: It is the same
relation for every Turing machine we want to simulate. Its definition is based on the partial function
β : NÛ t0, 1u˚ above. We define the relation R Ď Nˆ N as

pi, jq P R ðñ i ď j, i P r1, |βpjq|s, and the word βpjq P t0, 1u˚ has 1 at position i

for every pi, jq P N ˆ N. For example, if j “ 26 ` 25 ` 23 ` 21 ` 20, then we have βpjq “ 1011
and hence p1, jq, p3, jq, p4, jq P R, but p2, jq R R.

Overview Our C-RASP with CoT will work in two phases. During the first phase, it prolongs the
input so that subsequently, a σ-encoding of the original input word can be computed using Count-
Valued Operations. For this, it relies on the RPE R. In the second phase, our C-RASP simulates a
counter machine, similar to the permutation-invariant case.

Phase I: Constructing encoding of the input word In order to compute the σ-encoding x P

Nn of the input word w P Σ˚, our CoT C-RASP proceeds as follows. It compute the entries
xp1q, . . . ,xpnq of x in this order. Suppose pw1, . . . , wnq is the consistent tuple representing w, i.e.
µpw1, . . . , wnq “ w. To compute xp1q, our CoT C-RASP appends a dummy letter l1 until the
current word length ` satisfies βp`q “ w1. Note that this is possible since there are infinitely many
` with βp`q “ w1. Once this holds, we place a special letter ‘1. Then, the CoT C-RASP appends a
dummy letter l2 until the current word length satisfies βp`q “ w2, and then places ‘2, etc.

Initially, the last letter will be some a P Σ. Then, our CoT C-RASP simply outputs l1: We have

Ol1
Ð Qa

for every a P Σ. When we have a letter li at the end, our CoT C-RASP checks whether the current
length ` already satisfies βp`q “ wi:

O‘i
Ð Qli

^
ÐÝ
#RrQais “

ÐÝ
#rQais ^

ÐÝ
#RrJs “

ÐÝ
#rQais (5)

Oli
Ð Qli

^ p
ÐÝ
#RrQais ‰

ÐÝ
#rQais _

ÐÝ
#RrJs ‰

ÐÝ
#rQaisq (6)

for each i “ 1, . . . , n. If we evaluate rule 5 on a word of length `, we check that (i) the last letter is
li, (ii) the number of positions j with pj, `q P R that carry ai equals the total number of positions
that carry ai, and (iii) the number of positions j with pj, `q P R equals the number of positions that
carry ai. Thus, conditions (ii) and (iii) say that the positions j with pj, `q P R are precisely those
that carry an ai. In other words, βp`q “ wi. If these conditions are met, then the output letter is ‘i.

Moreover, if we evaluate rule 6, we check that βp`q does not equal wi yet. In this case, the output
letter is again li, and the whole check will be repeated with the next word length.

If the last letter is ‘i with i ď n´ 1, then we start computing xpi` 1q: We output li`1 in 7:

Oli`1
Ð Q‘i

for each i “ 1, . . . , n´ 1 (7)

Oτ Ð Q‘n
for each transition τ P ∆ with srcpτq “ q0 (8)

If the last letter is ‘n, we initiate the CM run by outputting some initial transition τ . This is rule 8.

After the above process, we have placed ‘1, . . . ,‘n. Thus, the current input word is then of the form
w1 “ wl

f1
1 ‘1l

f2
2 ‘2¨ ¨ ¨l

fn
n ‘n, where for the tuple x “ px1, . . . , xnqwith xi “ |w|`f1`¨ ¨ ¨`fi,

we have σpxq “ w. A count-valued operation can then access the encoding of w using the terms

Xi “
ÐÝ
#r
ÐÝ
#r‘is “ 0s for i “ 1, . . . , n (9)

Thus, Xi is the number of positions that have no occurrence of ‘i to their left (and do not carry ‘i

themselves). Since there is exactly one occurrence of ‘i, this means Xi is exactly the position of
‘i, minus one. Therefore, the term Xi evaluates to xpiq, meaning we have σpX1, . . . , Xnq “ w.

Phase II: Simulating the counter machine During the first phase, our CoT C-RASP appended
letters to make an encoding x P Nn of the input word available through C-RASP terms Eq. (9). We
now use a CM that starts with this encoding in its counters and then decides whether w P L. Such
a counter machine exists because of Lemma 3.5 and the fact that S “ tx P Nn | σpxq P Lu is
recursively enumerable (since σ is computable). The simulation of the CM on x works exactly like
in Section 3, except that in the terms defined in equation 3, instead of usingÐÝ#rQais for i “ 1, . . . , n,
we use the C-RASP term Xi defined in equation 9. See Appendix C for details.
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5 EMPIRICAL EXPERIMENTS

We empirically validate our Turing-completeness results on some complex arithmetical concepts.
Our theory predicts that CoT C-RASP with NoPE suffices for unary representation (of numbers),
while RPEs are needed for binary representation. Accordingly, we conduct three experiments: 1)
unary without R, 2) binary without R, and 3) binary with R, here R refers to Section 4 .

The arithmetic tasks include Prime, Exponential, Division, Greatest Common Divisor, and Multipli-
cation; see Appendix D for details. For each task, we construct two counter machines (CMs), one
for the unary representation and one for the binary representation. We then generate a training set
of 40k samples and a validation set val0 of 10k samples over the range [1–100]. In addition, we
generate two out-of-distribution validation sets, val1 and val2, each containing 10k samples over
the ranges [101–200] and [201–300], respectively. The SMATs are trained using AdamW (weight
decay 0.01), a batch size of 64, and up to 30k (60k for harder tasks) steps, with early stopping once
out-of-distribution accuracy reaches 100%. For unary, we use an embedding size of 128, 2 layers,
4 heads, and dropout 0.0. For binary, we use an embedding size of 384, 6 layers, 4 heads, an initial
scaling factor of λ “ 1, and dropout 0.0.

As shown in Table 1, SMAT achieves strong in-distribution performance over unary representa-
tions, with val0 accuracies exceeding 99.7%. Although generalization on val2 degrades slightly, it
still learns these tasks quite well. In contrast, the binary representation with R yields near-perfect
accuracy on val0 and val1, and outstanding performance on val2. Without R, however, SMAT
models achieve comparable accuracy only on val0, performance on val1 and val2 drops to nearly
zero. These results demonstrate that unary benefits from NoPE, whereas binary requires R for
length generalization.

Language Unary representation Binary representation
val0p%q val1p%q val2p%q val0p%q val1p%q val2p%q

Prime 100.00 100.00 100.00 100.00 100.00 99.69
Exponential 99.98 99.92 99.88 100.00 100.00 99.92
Division 99.92 99.03 99.51 100.00 100.00 84.20
Greatest Common Divisor 99.94 99.92 99.30 99.93 99.33 93.23
Multiplication 99.79 99.96 99.93 99.93 99.71 99.22

Table 1: Generalization Performance Across Validation Splits for Unary and Binary Representations

6 CONCLUDING REMARKS

Related work. Similar to our work, Hou et al. (2025) aims to provide length-generalizing con-
structions for Turing completeness. However, there are two key differences. First, we demonstrate
the existence of softmax transformer constructions, whereas Hou et al. (2025) only demonstrated
constructions in RASP (Weiss et al., 2021). Second, the approach of Hou et al. (2025) ensures length
generalization only if no n-grams are repeated, for some fixed n, which is likely to be unrealistic in
the limit of long inputs. In contrast, our approach theoretically ensures full-length generalizability.

Future work. Recent results have refined Turing-completeness for transformers (albeit with hard
attention) by relating the number of CoT steps and complexity classes. For example, in (Mer-
rill & Sabharwal, 2024), CoT transformers with polynomially number of CoT steps correspond to
classes solvable by polynomial-time algorithms. Similar results were also recently derived in (Li &
Wang, 2025), which relate to space complexity. We leave it for future work to refine our Turing-
completeness results with computational complexity.
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Pablo Barceló, Alexander Kozachinskiy, Anthony Widjaja Lin, and Vladimir V. Podolskii. Logical
languages accepted by transformer encoders with hard attention. In The Twelfth International
Conference on Learning Representations, ICLR 2024, Vienna, Austria, May 7-11, 2024. OpenRe-
view.net, 2024. URL https://openreview.net/forum?id=gbrHZq07mq.

9

https://openreview.net/forum?id=gbrHZq07mq


486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Satwik Bhattamishra, Arkil Patel, and Navin Goyal. On the computational power of transformers
and its implications in sequence modeling. In CoNLL, pp. 455–475. Association for Computa-
tional Linguistics, 2020.

David Chiang and Peter Cholak. Overcoming a theoretical limitation of self-attention. In Smaranda
Muresan, Preslav Nakov, and Aline Villavicencio (eds.), Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics (Volume 1: Long Papers), ACL 2022,
Dublin, Ireland, May 22-27, 2022, pp. 7654–7664. Association for Computational Linguistics,
2022. doi: 10.18653/V1/2022.ACL-LONG.527. URL https://doi.org/10.18653/v1/
2022.acl-long.527.

Zihang Dai, Zhilin Yang, Yiming Yang, Jaime G Carbonell, Quoc Le, and Ruslan Salakhutdinov.
Transformer-xl: Attentive language models beyond a fixed-length context. In Proceedings of the
57th Annual Meeting of the Association for Computational Linguistics, pp. 2978–2988, 2019.

Philipp Dufter, Martin Schmitt, and Hinrich Schütze. Position information in transformers: An
overview. Computational Linguistics, 48(3):733–763, 09 2022. ISSN 0891-2017. doi: 10.1162/
coli a 00445. URL https://doi.org/10.1162/coli_a_00445.

Benjamin L Edelman, Surbhi Goel, Sham Kakade, and Cyril Zhang. Inductive biases and variable
creation in self-attention mechanisms. In International Conference on Machine Learning, pp.
5793–5831. PMLR, 2022.

Patrick C Fischer, Albert R Meyer, and Arnold L Rosenberg. Counter machines and counter lan-
guages. Mathematical systems theory, 2(3):265–283, 1968. doi: 10.1007/BF01694011.

Sheila A. Greibach. Remarks on the complexity of nondeterministic counter languages. Theor.
Comput. Sci., 1(4):269–288, 1976. doi: 10.1016/0304-3975(76)90072-4.

Michael Hahn. Theoretical limitations of self-attention in neural sequence models. Transactions of
the Association for Computational Linguistics, 8:156–171, 2020.

Pengcheng He, Xiaodong Liu, Jianfeng Gao, and Weizhu Chen. Deberta: Decoding-enhanced bert
with disentangled attention. In International Conference on Learning Representations, 2021.

Kaiying Hou, Eran Malach, Samy Jelassi, David Brandfonbrener, and Sham M. Kakade. Universal
length generalization with turing programs. In Forty-second International Conference on Machine
Learning, 2025. URL https://openreview.net/forum?id=RNSd6G3lcD.

Xinting Huang, Andy Yang, Satwik Bhattamishra, Yash Raj Sarrof, Andreas Krebs, Hattie Zhou,
Preetum Nakkiran, and Michael Hahn. A formal framework for understanding length gen-
eralization in transformers. In The Thirteenth International Conference on Learning Repre-
sentations, ICLR 2025, Singapore, April 24-28, 2025. OpenReview.net, 2025. URL https:
//openreview.net/forum?id=U49N5V51rU.

Qian Li and Yuyi Wang. Constant bit-size transformers are turing complete. CoRR, abs/2506.12027,
2025. doi: 10.48550/ARXIV.2506.12027. URL https://doi.org/10.48550/arXiv.
2506.12027.

Antoine Liutkus, Ondrej Cı́fka, Shih-Lun Wu, Umut Simsekli, Yi-Hsuan Yang, and Gaël Richard.
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A ADDITIONAL MATERIAL ON SECTION 2

A.1 FORMAL DEFINITION OF SOFTMAX TRANSFORMERS.

Our definition of softmax transformers follows that of Huang et al. (2025), though we use a highly
simplified notation here for exposition. In a SoftMax Averaging Transformers (SMAT), each layer
consists of two affine transformations A,B and a feedforward network C. Given a sequence

v1, . . . , vn
the layer outputs

w1, . . . ,wn
where

wi :“ vi ` Cpv1iq

where v1i :“
ři
j“1 w̄pjqvj and

w̄ “ softmaxplog n ¨ tvTj K
TQviuij“1q (10)

where vi denotes activations at position i, and K, Q transform these to keys and queries, respec-
tively. Here, scaling with log n is included, as it is needed to theoretically represent sparse functions
across unboundedly input strings and circumvent theoretical limitations of soft attention (Chiang &
Cholak, 2022; Edelman et al., 2022). Here, we show the case of a single head, extension to multiple
heads is straightforward.
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We assumeC is a one-layer feedforward layer, where each hidden unit has either ReLU or Heaviside
activation. Here, as in Huang et al. (2025), Heaviside is needed to theoretically represent functions
with sharp thresholds; at any finite input length, it can be arbitrarily closely approximated using
ReLU MLPs.

Huang et al. (2025) also assume that attention logits are rounded to fixed precision; we do not
require this for our results here. Also, whereas Huang et al. (2025) consider Absolute Positional
Encodings (APE), which necessitated introducing fixed context windows and positional offsets, we
do not consider APE here, and so do not need to introduce offsets. Thus, SMATs considered in the
present paper are uniformly applicable to arbitrarily long inputs.

To interface SMAT with an input stringw P Σ`, we apply a token embedding function em : Σ Ñ Rk
for some dimension k; these are followed by some number of SMAT layers. To define a CoT SMAT,
we need the transformer to be able to output a token. To this end, we define an output function
o : Rd Ñ Σ, parameterized by applying a linear function Rd Ñ R|Σ| followed by an argmax
selecting the symbol receiving the highest score.

Overall, we view an SMAT as a length-preserving map T : Σ˚ Ñ Σ˚, where T pxqi indicates the
symbol predicted after reading the prefix x1 . . . xi.

Discussion Our formalization of SMAT follows the setting of Huang et al. (2025), which was
designed to study the learnability of transformers. We note two aspects, which are needed to enable
softmax transformers to represent functions across arbitrarily long inputs, and overcome well-known
theoretical limitations of softmax attention (Hahn, 2020; Chiang & Cholak, 2022). First, scaling
attention logits with log n is necessary to represent sparse attention to specific positions, which
otherwise would be impossible to achieve using softmax attention (Hahn, 2020; Chiang & Cholak,
2022; Edelman et al., 2022). Importantly, this scaling does not involve any new learnable parameters.
Second, using Heaviside activations is necessary to represent functions with sharp thresholds, as is
needed to perform exact comparison of counts across unboundedly long lengths. At any finite input
length, Heaviside can be arbitrarily closely approximated using ReLU MLPs. We view Heaviside
(which is not differentiable) as a theoretical proxy for steep ReLU network as is standardly trainable.

A.2 PROOFS FOR COT EXPRESSIVENESS AND LEARNABILITY

Proof of Proposition 2.1. This is a simple extension of Theorem 9 in Huang et al. (2025), as we now
explain.

We define a CoT as a map Σ˚ Ñ Σ˚ from an input string w P Σ˚ to the sequence w2 . . . , wN
generated by a CoT C-RASP or CoT SMAT on the input string w. Starting from a CoT generated
by a CoT C-RASP program, we aim to translate it to a CoT generated by a CoT SMAT.

We first explain the case without RPEs. We need to show that, if a CoT is generated in C-RASP
CoT, then there is an SMAT generating the same CoT. In the case of language acceptance by a single
binary label computed at the final token, Theorem 9 in Huang et al. (2025) shows that C-RASP can
be simulated by a limit transformer without positional information. Our first observation is that, in
the model of Huang et al. (2025), a limit transformer without positional information is equivalent
to a standard transformer without positional encodings and infinite context window, which in turn
is equivalent to an SMAT as defined in our paper here. The proof of Theorem 9 in Huang et al.
(2025) builds a transformer that computes the values of all boolean predicates computed in the C-
RASP program at each position in the string, with one dimension in the model’s activations fo each
boolean predicate. This means that the truth values of the expressions ϕai appearing in the switch
condition S can also be computed. In order to evaluate the switch condition, we add another layer
(whose attention heads have zero value matrices, i.e., don’t contribute), then linearly project the
relevant entries onto a binary vector of length |Γ|, and apply a piecewise linear function to convert
this into a one-hot vector selecting the lowest-index token ai such that ϕai is true. We now have
a limit transformer which at each position outputs a one-hot vector indicating which CoT token to
output. This means, whenever a CoT is expressible in C-RASP CoT, it is also expressible by SMAT
with CoT.

We now consider the case with RPEs. We again build on Theorem 9 in Huang et al. (2025). We first
note that the definition of attention logits with RPE exactly matches the definition of attention logits
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in Limit Transformers with functions φ in Huang et al. (2025), where φpi, jq is simply rrRsspi, jq.
Hence, for the purpose of expressivity, any SMAT[RPEs] transformer is equivalent to a limit trans-
former. Then, when translating from C-RASP to SMAT, implementing an RPE into an attention head
proceeds along exactly the same lines as the translation of the special case #rj ď i : ψpi, jqsP pjq
in the proof of that theorem.

Proof of 2.3. We first consider the case without RPEs. We build on Theorem 7 in Huang et al.
(2025) and its variant for transformers without positional encodings, Corollary 18 in Huang et al.
(2025). First, from Proposition 2.1, we know that if a language is expressible in C-RASP CoT, then
it is also expressible by SMAT with CoT. The proof of that proposition further notes that our model
of SMAT is equivalent to a limit transformer without positional information. Then, by Corollary 18
in Huang et al. (2025), any input-output map expressible by a limit transformer without positional
information is length-generalizably learnable. This proves the result for the case without RPEs.

We now consider the case with RPEs. The proof is similar to Proposition 2.3; however, we need
to (i) show that C-RASP[RPEs] can be simulated by SMATs with RPE, (ii) length generalization
for SMAT RPE transformers follows from expressibility by SMATs with RPE. First, regarding (i),
we again build on Theorem 9 in Huang et al. (2025), extending our argument from the proof of
Proposition 2.1. We first note that the definition of attention logits with RPE exactly matches the
definition of attention logits in Limit Transformers with functions φ in Huang et al. (2025), where
φpi, jq is simply rrRsspi, jq. Hence, for the purpose of expressivity, any SMAT[RPEs] transformer
is equivalent to a limit transformer. Then, when translating from C-RASP to SMAT, implementing
an RPE into an attention head proceeds along exactly the same lines as the translation of the special
case #rj ď i : ψpi, jqsP pjq in the proof of that theorem. Second, regarding (ii), we use Corollary
18 in Huang et al. (2025) and note that the addition of fixed (not learned) RPE to attention heads in
both the learned transformers and limit transformers has no impact on the argument.

B ADDITIONAL MATERIAL ON SECTION 3

In this subsection, we prove Proposition 3.3 from Proposition 3.4.

Suppose Σ “ ta1, . . . , anu. IfL Ď a˚1 ¨ ¨ ¨ a
˚
n is recursively enumerable, then so is the languageK “

tu P Σ˚ | Dv P L : Ψpuq “ Ψpvqu of all permutations of L. Moreover, K is permutation-invariant,
and thus recognized by a CoT C-RASP according to Proposition 3.4. Since L “ K X a˚1 ¨ ¨ ¨ a

˚
n, to

turn that CoT C-RASP into a CoT C-RASP for L, it remains to check that the input word belongs to
the set a˚1 ¨ ¨ ¨ a

˚
n. Therefore, for all rules Oa Ð P , where P is a C-RASP expression, we use

Oa Ð P ^
ľ

1ďiăjďn

ÐÝ
#rQai ^

ÐÝ
#rQaj s ą 0s “ 0,

where the second conjunct says that there are no positions carrying an ai that have at least one aj
with j ą i to their left. Then, the modified C-RASP clearly recognizes K X a˚1 ¨ ¨ ¨ a

˚
n “ L.

C ADDITIONAL MATERIAL ON SECTION 4

Details of Phase II In this section, we present the details of Phase II of the construction in Sec-
tion 4. For this, first observe that

S “ tx P Nn | σpxq P Lu

is recursively enumerable (since σ is computable). is recursively enumerable, since the partial func-
tion σ is computable. Therefore, by Lemma 3.5, there is a pn ` 3q-counter machine pP,∆, q0, F q
such that for any x P Nn, we have x P S if and only if from the configuration pq0,x, 0, 0, 0q, the
counter machine eventually reaches a control state in F .

We simulate a step of the counter machine using the following rule. If the CoT C-RASP finds the
letter τ as the last letter, then for each possible next transition τ 1, it checks whether its guard ϕτ 1 is
satisfied, and if so, executes τ 1 by outputting τ 1. Thus, we have

Oτ 1 Ð ϕτ 1pt1, . . . , tn`3q ^Qτ

14
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for any two transitions τ, τ 1 P ∆ for which tgtpτq “ srcpτ 1q. Here, t1, . . . , tn`3 are the following
terms:

ti “ Xi `
ÿ

ρP∆

uρpiq ¨
ÐÝ
#rQρs for i “ 1, . . . , n, and

ti “
ÿ

ρP∆

uρpiq ¨
ÐÝ
#rQρs for i “ n` 1, n` 2, n` 3,

where Xi is the count-valued C-RASP term from (9). For i P tn ` 1, n ` 2, n ` 3u, ti is just the
sum of counter effects on counter i. Equivalently, ti is the current value of counter i after executing
all these transitions. For i P r1, ns, ti we also add Xi, which has the effect that the counters 1, . . . , n
are initialized with Xi.

Finally, our CoT C-RASP accepts if the output symbol is any τ P ∆ with tgtpτq P F .

Other Proofs

Proof of Lemma 4.2. If L is recognized by a CoT C-RASP, then it is also recognized by an SMAT
C-RASP by Lemma 2.1. In fact, our model of SMAT is equivalent to the NoPE special case of
the Limit Transformers of Huang et al. (2025). Now Theorem 12 in Huang et al. (2025) shows the
following: Take any k. For each string w P Σ˚, let F pwq P Γ˚YΓω be the associated CoT by which
the language is recognized via an SMAT. Assume Alice has access to the prefix of wF pwq of length
k, and Bob has access to the remainder, then Alice needs to communicate just Oplog kq bits to allow
Bob to compute the output of the SMAT at all positions k ` 1, k ` 2, . . . . In fact, Theorem 12 in
Huang et al. (2025) is stated for the special case where k is half the input length, but the argument
is entirely general, as it only relies on the length of Alice’s part.

Note that, if the CoT terminates before k ´ |w| steps, Alice can just communicate that. Now given
the SMAT recognizes L via CoT, Bob can determine2 from Alice’s communication if a given string
is in the language or not.

Now we construct a family of NFAs accepting the language as follows.

For x, y P Σ˚, define x ”AB y if and only if, for all z P Σ˚, Alice communicates the same to
Bob on xz and yz. By definition, each equivalence class of this relation is a subclass of a Nerode
equivalence class of L (:).

Given any length bound n P N, let Qn be the set of all ”AB-classes represented by at least some
words of length ď n. By the result described above, |Qn| is bounded by ď

řn
k“1 2Oplog kq “

Oppolypnqq. Now, by definition of the congruence, Qn is the state set of an automaton computing
”AB-equivalence classes. By (:), it recognizes L.

D ADDITIONAL MATERIAL ON SECTION 5

Language Unary Representation Binary Representation

Prime t ap : p P P u t binppq : p P P u
Exponential t a2i

: i ě 0 u t binpiq#binpjq : j “ 2i u

Division t aibj : j | i u tbinpiq#binpjq : j | i u

Greatest Common Divisor t aibjck : k “ gcdpi, jq u tbinpiq#binpjq#binpkq : k “ gcdpi, jq u

Multiplication t aibjck : k “ i ¨ j u tbinpiq#binpjq#binpkq : k “ iˆ j u

Table 2: unary and binary representation of arithmetic languages. Here P is the set of prime num-
bers, j | i denotes divisibility, gcdpi, jq is the greatest common divisor, and iˆ j is multiplication.

2This is not decidable, but Bob in this model is a computationally unconstrained agent, with communication
between Alice and Bob as the only bottleneck.
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