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Abstract

As sequence models emerge as efficient archi-
tectures for long-context modeling, it becomes
important to understand whether state-space mod-
els are capable of associative recall. We study the
recall-predict problem, where a context is a mix-
ture of tagged probability measures and a query
specifies the component whose content distribu-
tion determines the response. First, focusing on
two-layer Mamba models, we introduce the query
insertion encoding and show the existence of an
infinite-context measure-valued Mamba limit. Un-
der separated tags and exponential decay assump-
tions, we study trained Mamba hypothesis classes
and prove that approximate empirical risk mini-
mization over these classes yields estimators with
the population-risk bound in sub-polynomial rate.
Finally, we complement this upper bound with an
architecture-independent minimax lower bound
of comparable order, demonstrating that the expo-
nent is statistically optimal. These results extend
measure-level associative-memory theory beyond
attention mechanisms and identify query inser-
tion, recurrent stability and spectral effective di-
mension as the key mechanisms enabling optimal
learning from infinite contexts.

1. Introduction

Modern sequence models are increasingly expected to rea-
son over contexts whose length is large, variable, and often
not naturally bounded. In such regimes, a context is better
viewed not merely as a finite list of tokens, but as an empiri-
cal sample from an underlying distribution of information.
This perspective is especially natural for document collec-
tions, retrieval-augmented systems and in-context learning
tasks, where a model must identify the component of a large
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context relevant to a query and then compute a prediction
from the selected component.

Transformers have provided the dominant mechanism for
this type of content-addressable computation. Their atten-
tion layers can be interpreted as associative-memory mod-
ules: a query selects values from a context through similarity
scores and the output is a weighted aggregation of the re-
trieved content (Vaswani et al., 2017; Ramsauer et al., 2020).
Recent theoretical work has sharpened this viewpoint by
studying memory capacity, factual recall, and the emergence
of associative structure in Transformers (Bietti et al., 2023;
Cabannes et al.; Kim et al., 2023; Mahdavi et al.; Jiang et al.,
2024; Nichani et al., a).

A complementary line of work studies sequence models on
infinite-dimensional inputs. When a finite context is inter-
preted through its empirical measure, the large-context limit
becomes a problem about maps on probability measures.
For attention-based models, this has led to measure-theoretic
formulations of self-attention, mean-field descriptions of at-
tention dynamics, and universality or generalization results
for distributional inputs (Geshkovski et al., 2024; Furuya
et al.).

However, the theoretical understanding of measure-level
associative memory is still highly architecture-dependent.
Existing sharp analyses are largely attention-based: softmax
attention has an explicit query—key mechanism that can
concentrate weight on the queried component. By contrast,
Mamba and related selective state-space models process a
sequence through recurrent state updates rather than through
all-pairs attention (Gu & Dao, 2024; Gupta et al., 2022;
Gu et al., 2021). This distinction is central. Mamba is
attractive for long contexts because its computation scales
linearly in sequence length, but it is not obvious whether
a recurrent selective state-space architecture can realize
the same kind of query-conditioned associative recall that
attention implements directly. Moreover, if the context is
represented by a probability measure rather than a fixed
finite sequence, one must first ask whether the recurrent
computation even has a well-defined infinite-context limit.

This motivates our central question: can the associative-
memory behavior be realized by a Mamba model, when con-
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texts are infinite-dimensional probability measures rather
than finite token sequences? In our paper, we develop a
statistical theory of measure-valued associative memory for
Mamba. Our main contributions are presented as follows:

* We formulate a two-layer Mamba student model for
the recall-predict task and show the existence of limit
for measure-valued Mamba operator induced by the
recurrent dynamics.

* We show that a two layer Mamba model can learn the
recall-predict mapping at the level of measures and
we establish the sub-polynomial population risk upper
bound controlled by the kernel decay.

* We establish a matching minimax lower bound over
a structured coefficient model for the content distribu-
tions which means our population rate is statistically
optimal.

2. Related Work

Associative Memory and Recall. Recent theoretical work
studies how associative memory emerges in Transformers,
how memory capacity scales with model and sample size
and how shallow Transformers can implement factual re-
call through linear or MLP associative memories (Bietti
et al., 2023; Cabannes et al.; Kim et al., 2023; Mahdavi
et al.; Nichani et al., b). Closest to our setting, measure-
theoretic Transformer work formalizes recall from a mix-
ture of probability measures and proves statistical upper
and lower bounds for learned softmax attention (Kawata
& Suzuki, 2026). Our work is complementary but distinct:
instead of using attention as an explicit integral operator, we
study whether selective state-space dynamics can realize the
same measure-level recall-predict task.

State-Space Models. Structured state-space models such
as S4 and Mamba introduce stable and computationally ef-
ficient parameterizations for long-range dependencies (Gu
et al., 2022; 2021). Recent studies design recurrences
that explicitly solve associative recall and analyze whether
Mamba-like models can perform in-context learning (Arora
et al.; Le Corre et al.; Huang et al., 2025), which mainly fo-
cus on finite-token retrieval or algorithmic mechanisms for
in-context learning. Specially, Le Corre et al. gives an opti-
mization dynamics explanation for how simplified Mamba
learns recall mechanisms. In contrast, our work focus on the
existence of the infinite-context limit for two-layer Mamba
and derives statistically optimal rates for learning recall-
predict mappings.

Approximations for Functional Mappings. Our upper-
bound analysis relies on approximating nonlinear maps

whose inputs are infinite-dimensional functions, distribu-
tions or probability measures. Zhou et al. (2024) studied
neural-network approximation of RKHS functionals and
gave quantitative bounds showing how smoothness and
spectral structure control approximation complexity. For
the transformer architectures, Furuya et al. proved that
attention-based architectures can universally approximate
continuous in-context mappings when the context is repre-
sented as a probability distribution and Takakura & Suzuki
(2023) analyzed approximation and estimation for sequence-
to-sequence functions with infinite-dimensional inputs. Our
work uses these approximation ideas for the generalization
error of Mamba recurrence under recall-predict setting.

3. Recall-Predict Task with Measure-Valued
Contexts

In this section, we formulate a distributional associative-
memory problem in which the context is represented as a
probability measure over tokens. This measure-valued view
is intended to capture the limiting regime of infinite contexts
so that we could investigate what can be learned from the
information contained in the context itself.

3.1. Recall-Predict Task

The recall-predict task has two stages. First, the query
must recall the component of the context associated with
a particular tag. Second, after this component has been
identified, the learner must predict a scalar functional of the
corresponding content distribution. Now we formulize this
task as follows:

Let Xy C R be a compact content domain and define
X :=R%" x X,

A token is written as = (v, z), where v € R% is a tag
or document feature and z € X is the associated content
variable. Thus the first coordinate provides an address, while
the second coordinate carries the information to be used for
prediction. For a tag v and a content measure y € P(Xj),
we define the tagged content measure

Wy =0, @ u € P(X).

This construction places all mass on tokens whose tag coor-
dinate is v, while leaving the content coordinate distributed
according to p. In this sense, j,, is @ measure-valued mem-
ory cell indexed by the tag v.

Definition 3.1 (Recall-Predict Task). Fix I > 1. Fori € [I],
let

v eshTl e P(Xo), Mf)i()i) = 0p() @ by
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The context measure is the balanced mixture

I I
1 i 12 :
vi= g E:Mi&) -7 Sy ® pi € P(X).
i=1

i=1
For a distinguished index i, € [I], the query is
q:= v(i*).

The ground-truth regression function has recall-predict form
if there exists a functional F, such that

Fo(v,q) = Fi(pi, , 9)-

Thus the output depends on the context only through the
content measure selected by the query tag.

The key point is that the query g does not itself contain
the content distribution y;, . It only specifies an address
inside the context measure v. A successful predictor must
use ¢ to select the tagged component 6,,:,) @ p;, from the
mixture, discardN the irrelevant components and then evaluate
the functional F, on the recalled content distribution. This
seperation between v and q is quite useful. The first is an
associative-memory difficulty: the relevant content is hidden

inside a mixture and can only be accessed through its tag.

The second is a statistical difficulty: the target may be a
nonlinear functional of a probability measure, rather than
a function of a single token or a finite-dimensional feature
vector.

3.2. Statistical Estimation Problem

For the recall-predict task, the statistical question is whether
a learned sequence model can recover enough information
about y;, from an arbitrarily long context and then estimate
a nonlinear functional of it.

Now, we describe the supervised learning problem induced
by the recall-predict model. We observe n independent
training examples

Sn = {(ve, 6, Y2) i1,

where

Y, = Fo(ve, @) + &, & ~ N(0,07),

and the noises are independent of the inputs. Each pair
(v, ¢¢) is a measure-valued context together with a query
tag and the response Y; is a noisy observation of the scalar
quantity determined by the recalled content distribution.

For a hypothesis class H,, of measurable functions F' :
P(X) x R% — R, let F}, be a measurable empirical risk
minimizer satisfying

n

~

1
Fy = arg min — ;(Yt — Fv, )’

The population prediction risk is defined as follows, which
measures how accurately the learned predictor recovers the
noiseless recall-predict target on unseen contexts.

R(ﬁna F*) = IE(ll,q) |:(ﬁn(V7 Q) - F*(Vv Q))Q] :

It evaluates whether ﬁn has learned both parts of the task:
the recall mechanism that selects the query-matched con-
tent distribution from v and the prediction mechanism that
estimates the functional of that selected distribution.

4. Two-Layer Mamba Student Model

We now define our student architecture. A selective state-
space layer is well suited to recall-predict setting because it
updates a fixed-dimensional hidden state sequentially, with
token-dependent transitions and readouts. Several papers
have shown the potential of the recurrent models, which
explicitly solve associative recall and perform in-context
learning (Le Corre et al.; Huang et al., 2025; Arora et al.).

4.1. Input Encoding and Query Insertion

The query is inserted twice, once before the context and
once after it. The initial query token gives the recurrent
state access to the address g before scanning the context,
so that subsequent state updates can be query-conditioned.
The final query token asks the model to read out the answer
after the context has been processed.

Let Y C R% be a compact augmented token do-
main. We use three fixed marker vectors miy, Mctx, Mout
and define measurable embeddings which makes each
token identifiable: ¢,(q¢) = (Min,q,0), tex(v,2) =
(Metx, v, 2)y tout(q) = (Mout, g, 0). Given (v, q), we sam-
ple X1,..., X1 i v, Xy = (V4, Z;) and form the length-
(T + 2) input sequence

Up = Lin(Q)7 Uy = ’/ctx(Xt)(l <t< T); UT+1 = Lout(Q)-

Thus the context is observed through an exchangeable ran-
dom sample from v, while the query is treated as a control
variable that conditions both the scan and the final readout.

4.2. S6 Layer

We use a vector-valued selective state-space layer. For an
input sequence ug, . ..,ur, € U, an S6 layer with hidden
width dj, and output width d,; is specified by

9 = (A7 {B(’m)}ii;:07 {C(7YL)}7dy;;01 an, bA7 hinit) )

where A € R%*xdn B ¢ Rdxdin and O™ ¢
R xdout - Each # induces the sequence to sequence map-
ping

60,1, : UM — (Reut) Lt
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For each token u,, define

din
Be(uz) = B(O) + Z uﬁ,mB(m);
m=1

din
Colug) == CO + Y "y C™,

m=1

Ag(ug) = softplus(alug—l—bA), My (up) = exp{Ag(us)A},

and

Ag(ug)
No(ug) := (/0 exp{sA} ds) By(uy).

Starting from h_1 = hiyjt, the layer evolves as

he = Mp(ue)he—1 + No(ue)uy, 0 = Co(ug) " hy,
for 0 <1 < L. The integral expression is used instead of
(AA)~!(exp{AA}—1I)AB,because it is well-defined even
when A is singular. This formulation also emphasizes that
the layer is a discretized input-dependent linear dynamical
system: the token controls both the transition scale and the
input/readout maps.

4.3. Feedforward Layers

For a compact input domain X C RP°, depth L, widths
p = (po,---,PL+1), sparsity s, and envelope B > 0, let
FFN(L, p, s, B) denote the class of ReLU networks:

FEN(L, p, s, B) := {¢ X RPN 0< (<L,

¢(x) =Wro(Wr_10o(---o(Wox +bg) - -+) + br_1) + br,
Wy € RPe+1xPe by € RPAH sup ||d(x)]|oo < B
reX

L

D (1Wello+ ollo) < oo {IWel e} < B

whose total number of nonzero scalar parameters is at most
s, whose scalar parameters are bounded by B and whose
output is uniformly bounded on the compact domain. When
¢ is applied to a sequence, the same map acts tokenwise.
When a feedforward map is applied to a sequence, we use
its tokenwise lift: for zq,...,x,, € X,

»xm) = (d)(xO)a LR ¢(xm))

<I>¢1m(x0, e

Thus the sequence-level feedforward hypothesis class asso-
ciated with FFN(L, p, s, B) is

{‘I)¢ = {(I)¢,m}m20 : ¢ c FFN(L,p, S, B)} .

4.4. Two-Layer Mamba Class

A two-layer Mamba student is a composition
M@ = ‘1)3 o 5692 ] @2 o 5691 ] <I)1,

where @1, ®,, 3 are tokenwise feedforward maps and
S6yg, , S6¢, are S6 layers. For a finite input sequence Up.741,
the scalar output is the last-token readout

ME_)T)(UO:TH) = [Me(Uo, ..., Urt1)lpy -

The finite-context regression function induced by O is
T T
Fé )(1/, q) =E [M(@ )(Lin(q)7 Letx (X1), - - -, Lout(‘]))}
iid.
where X; '~ v.

4.5. Existence of the Infinite-Context Limit

In contrast to attention, which explicitly compares tokens
through pairwise interactions, the recurrent layer must com-
press the context into a state. To obtain a hypothesis class
acting on measure-valued contexts, we have to show that the
finite-context functions converge as T’ — oo. We therefore
define

Fo(v,q) = lim FS"(v,q)

whenever the limit exists. The limit says that, after reading a
sufficiently long context sampled from v, the expected final
prediction stabilizes and depends only on v and g, but not
on the arbitrary length of the sampled sequence. We enforce
this through a stability assumption.

Assumption 4.1 (Stable Recurrent). For each admissible
parameter ©, let hil) and h§2) denote the hidden states of the
two S6 layers after the ¢-th context token has been processed,
starting from the deterministic state induced by the initial
query token ¢, (¢). Define the stacked context-processing

state
Hy = (hV, n).

For X; ~ v, set

W= tex(Xt), Wi~ 7= (topx) V-

During the context-processing part of the sequence, the state
admits the Markovian representation

fLid.
Hy =Veo(Hi—1,Wy,q), W; ~ b.

There exists 0 < r < 1 such that, for all admissible v, ¢, w
and all stacked states h, h’,

||\I’9(h7waq) - \Ile(h/’waq)HQ < THh’ - h’/HQ'

All token maps, readouts and hidden-state injections are
uniformly bounded and Lipschitz on the compact domains.
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Proposition 4.2 (Existence of the measure-valued Mamba
limit). Under Assumption 4.1, for every admissible (v, q),
the limit

Fo(v,q) = lim F§'(v,q)

exists. Moreover, if g ,, 4 denotes the unique invariant law
of the context-state Markov chain

i.i.d.

Ht = \P@(Ht—la Wtaq)a Wt ~ 177 U= (Lctx)#ya

and if Ge(h, q) denotes the deterministic scalar output ob-
tained by applying the final query transition with token
tout(q) and the last-token readout to the stacked state h,
then

Fo(v,q) = /G@(h,q) dre.uq(h).

Proposition 4.2 gives the existence of the infinite-context
Mamba model. During the context-processing phase, the
hidden state is a Markov chain driven by i.i.d. tokens from
the context measure and we imply that this chain forgets its
initialization and converges to a unique invariant law 7g , 4.
Thus the infinite-context limit is not an additional modeling
assumption. It is the measure-level operator induced by the
recurrent computation.

For each n, let AM3mP2 denote an admissible parameter
set for the two-layer Mamba architecture defined as above,
including the widths, depths, sparsities, parameter bounds
and stability constants allowed at sample size n. We define
the associated infinite-context Mamba hypothesis class by

Hymbe = {Fo i P(X) X R™ 5 R : © € Aembn,

Fo(v,q) = Am FP(w, q)}-

where Fyy ’ is the finite-context regression function defined
in Section 4.4.

(T)
e

5. RKHS Model and Target Class

We now impose a spectral smoothness on the content mea-
sures. The purpose of this assumption is to quantify the
effective dimension of the infinite-dimensional measure in-
put. Since the target is a functional of a probability measure,
a rate statement requires a notion of how many degrees of
freedom of the measure are statistically relevant. Thus, we
introduce exponential Mercer kernel decay.

5.1. Spectral Assumptions

Let K : Xo X Xy — R be a continuous positive-definite
kernel with Mercer expansion

K(z,2") = > Ajej(2)e; (),

Jj21

where (e;);>1 is an orthonormal basis of L?(Xy). For a
signed measure p, define its Mercer coefficients

by(w) = [ es(ednt).
Xo
For a € R, define the generalized RKHS norm

lillZrg =D A7 bs(w)*.
Jj=1
This scale should be read as a spectral smoothness scale for
measures.

Assumption 5.1 (Kernel decay and eigenfunction regular-
ity). There exist constants ¢y, C, cg,Co > 0 and a > 0
such that

exe” 90" <\ < Oyem " G > 1.

The next assumption ensures that the leading spectral fea-
ture map can be implemented by the neural student and
the spectral feature map could be approximated by ReLU
networks with controlled complexity.

Assumption 5.2 (Analytic Mercer eigenfunction regularity).
Let Xo C [~ R, R]% be compact and suppose that there
exists Ry > I such that every Mercer eigenfunction ¢;
admits an absolutely convergent power-series representation

ej(z) = > ajr2¥,

Z € [_R+’R+}d2a

keNg2
where 25 = ?il sz and there exist constants Ay, A1, Kk >
0 such that
k . .
> lajulRY < AgexpfAng™}, =1,
keNg2

where |k| = k1 + -+ + kq,.

Under this assumption, we could characterize the approxi-
mation property of the spectral feature map

z— (e1(z),...,epn(2))
by ReLU networks. This approximation condition is plausi-
ble in standard analytic settings, for example, it is satisfied
by heat-kernel-type eigenfeatures on compact domains un-
der uniform analytic bounds (Grigor’yan, 2006).
Assumption 5.3 (Content class). For some v, > 0 and
radius R, > 0, every content measure belongs to

By (Bs) i= {11 € P(Xo) : lull g < B}

Assumption 5.3 is the smoothness condition on the memo-
ries stored in the context. It rules out content distributions
whose Mercer coefficients place too much mass on high-
frequency directions.

Assumption 5.4 (Separated tags). The tag vectors satisfy
v® e st (@ w0y <0 (i £4), I<d.
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5.2. Target Class

Fix vy < 0. The prediction functional is assumed Lipschitz
with respect to the weak RKHS metric H,*. This choice is
compatible with the assumption 5.3: the content measures
are smooth enough to have rapidly decaying spectral tails
while the target is stable enough that those tails affect the
prediction only weakly.

Definition 5.5 (Recall-predict target class). Let
Qr = {U(l), .. ,’U(I)}.

For L, M > 0, define G, (L, M) to be the class of functions
F, satisfying

F*(VaQ):ﬁ*(:ui*aQ)v q:U(i*)v

for some F : B, (Ry) x Qp — [—M, M] obeying

Flpq) = Folw )| < 2 (Il = 1l s + lla = l12)

6. Main Results

‘We now state the main statistical guarantees for the recall-
predict problem. The results have two parts. First, we prove
an upper bound showing that a two-layer Mamba model can
learn the recall-predict target at a rate determined by the ef-
fective spectral dimension of the content measures. Second,
we prove a matching mini-max lower bound showing that
this rate cannot be improved up to constants in the exponent
by any estimator.

6.1. Upper Bound for Two-Layer Mamba

Our upper bound shows that there exists a sequence of
two-layer Mamba hypothesis classes whose empirical risk
minimizers uniformly learn every target in the recall-predict
class G, (L, M). In other words, the architecture is expres-
sive enough to perform the two operations required by the
task: it can use the query to recall the relevant tagged com-
ponent of the context, and it can then approximate the target
functional of the recalled content measure.

Theorem 6.1 (Upper bound for two-layer Mamba). Under
assumptions 4.1-5.4, let S, = {(vt, g1, Y1)}/, be gener-
ated by the recall-predict model with

}Q:F*(l/t7Qt)+£t, é-tNN(OaO-2)7

and F, € G, (L, M). There exists a sequence of two-layer
Mamba hypothesis classes HN*™? such that any approxi-
mate ERM F,, € HM*™b2 satisfies

sp  ER(Fn,F) < Cexp{—c(logn)™/ 1},
F,eG,.(L,M)

provided one of the following two conditions holds:

1. Query-dependent case:
I1<d; < CI(logn)l/(o‘+1).

2. Query-independent case:

Fi(u.q) = Fu(n),

The constants C,c > 0 depend on o, yy,v¢, Ry, L, M, 0
and the constants in Assumption 5.1, but not depend on n.

I<d; =n°W,

The two regimes in Theorem 6.1 separate two different
roles of the query. In the query-dependent case, g is not
only an address used for recall but also enters the target
functional itself. The learner must therefore resolve both
the recalled measure and the query value as part of the
regression problem and this is the reason why the number
of separated tags is restricted to the same effective scale as
the spectral truncation dimension (log n)'/(@+1),

In the query-independent case, the query is used only to
select the correct memory cell, while the prediction func-
tional depends only on the recalled content measure. Once
recall has succeeded, the identity of the tag no longer affects
the scalar prediction, which removes the query from the
intrinsic regression dimension and allows a much larger tag,
ie. I <dy =n°W.

6.2. Structured Minimax Lower Bound

We next show that the rate in Theorem 6.1 is sharp. The
lower bound is architecture-independent: it applies to every
measurable estimator, not only to Mamba or to recurrent
models. Hence it identifies an intrinsic statistical limitation
of the recall-predict problem.

To show the lower bound, we impose a structured coefficient
model for the content distributions. Our idea is to build a
rich but controlled family of probability measures whose
Mercer coefficients contain many independent degrees of
freedom.

Assumption 6.2 (Structured coefficient model). Let py be
a fixed density on X satisfying

po(z) > mo > 0, / po(z)dz =1,
Xo

and assume py € H{".
centered:

Assume the eigenfunctions are

/ ej(z)dz=0, j>1.
Xo

Let Z; be independent random variables with continuous
densities p; such that sup; [|p;jllc < Rand |Z;| < 1.

Fix 74 > . For sufficiently small ag > 0, define the
random density

pu(z) == po(z) + ag Z )\;“/QZjej(z).

Jj=1
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The constant ay is chosen small enough that p,, > 0 almost
surely. Then p(dz) = p,(z)dz is a probability measure
and belongs to B.,, (Ry) almost surely, after increasing Ry
if necessary.

Theorem 6.3 (Minimax lower bound). Assume Assump-
tions 5.1, 5.3, and 6.2, where the random content measures
in Assumption 6.2 are written as p(dz) = p,(z) dz using
the Mercer eigenfunctions (e;) j>1 from Assumption 5.1. Let

M, :==inf  sup ER(ﬁn, F,),
Fn Fy€G(L,M)

where the infimum is over all measurable estimators based
on S, = {(vt,q,Y:)}7—1. Then there exist constants
¢, C' > 0, independent of n, such that

M, > cexp {—C(log n)a/("“)} .

Theorem 6.3 shows that the logarithmic exponent in the
upper bound cannot be improved uniformly over the target
class. The difficulty comes from small spectral perturba-
tions of the recalled content distribution. The lower bound
also clarifies the role of the smoothness assumptions. The
content smoothness condition controls how much mass the
content distributions can place in high-frequency Mercer
directions, while the target Lipschitz condition controls how
sensitively the scalar response can depend on those direc-
tions.

We empirically verify the sub-polynomial rate predicted
by Theorem 6.1 and Theorem 6.3 on a synthetic measure-
valued recall-predict task. The experiment setting and re-
sults could be found in Appendix A.

7. Conclusion

We developed a statistical theory of associative recall for
selective state-space models in the infinite-context, measure-
valued regime. In the recall-predict problem, the context is
a mixture of tagged content measures and the query speci-
fies which component should determine the response. Our
first contribution is architectural: by inserting the query
before and after the context and by imposing a stable recur-
rent core, we show that the finite-context Mamba predictor
has a well-defined infinite-context limit. This limit is ex-
pressed through the invariant law of the Markov chain gen-
erated by the context scan and therefore gives a principled
measure-valued Mamba operator rather than a sequence-
length-dependent heuristic.

Our second contribution is statistical. Under separated tags,
exponential Mercer eigenvalue decay, smooth content mea-
sures, analytic eigenfunction approximation and recurrent
dynamics, we prove that approximate empirical risk min-
imization over two-layer Mamba classes learns the recall—

predict mapping with population risk
exp{—c(logn)®/(@+1)}

We further prove an architecture-independent minimax
lower bound with the same logarithmic exponent over a
structured coefficient model. Thus the rate achieved by the
Mamba class is statistically optimal at the exponent level.
This is significant because it shows that measure-level as-
sociative memory is not exclusive to all-pairs attention: a
recurrent architecture can perform query-conditioned recall
and prediction from arbitrarily long distributional contexts,
provided that the recurrence is stable and the relevant spec-
tral dimension is controlled.

Compared with Kawata & Suzuki (2026), who establish
minimax-optimal measure-level recall for learned softmax
Transformers, our work is different. Their analysis relies
on the explicit query—key normalization of softmax atten-
tion to concentrate mass on the queried component and
then aggregate its Mercer features. In contrast, our Mamba
model has no all-pairs attention or explicit attention kernel.
Recall must be realized through query insertion, selective
recurrent state updates and the invariant distribution of a
stable context-processing Markov chain. Thus, while both
works obtain the same sub-polynomial statistical rate un-
der closely related measure-valued recall-predict assump-
tions, our contribution is to show that this optimal behavior
can also be achieved by a selective state-space architecture,
thereby separating the statistical phenomenon of measure-
level associative recall from the particular softmax-attention
implementation.

Several questions remain open. Our theory assumes sepa-
rated tags, stable recurrent dynamic and exponentially de-
caying spectra. Extending the analysis to less separated
tags, polynomial spectral decay, finite-sample context noise,
trained stability constraints and deeper practical Mamba
variants would make the theory closer to modern long-
context systems.
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A. Experiments

We empirically verify the sub-polynomial rate predicted by Theorem 6.1 on a synthetic measure-valued recall—predict
instance. The data-generating process is identical to the synthetic setup of Kawata & Suzuki (2026); the only substitution is
that the recall mechanism is now realized by an S6 (Mamba) selective state-space block instead of softmax attention. Any
rate of the form exp{—c(logn)®/(**1)} that appears in the empirical risk is therefore attributable to the Mamba block, not
to the data distribution.

A.1. Synthetic Recall-Predict Setup

Data-generating process. We work on the content domain X, = [0, 1] with the trigonometric basis ey = 1 and
ej(r) = V2sin(mjz) for j > 1, and Mercer eigenvalues \; = exp(—;®) truncated at M = 16 coordinates. For each
example we draw two independent Gaussian coefficient vectors Z (1), Z@ ~ N (0, Ins—1) (with the constant coordinate set
to zero), form unnormalized densities

M-—1
fin(@) = > NZWej(x),  ke{1,2},
j=0

and clamp to nonnegative values and renormalize on a uniform grid of 7' = 32 points to obtain proper probability mass
functions p1, ps. The tag pair is v; € {—1,+1} drawn uniformly and v = —v1, so the two tagged measures are well
separated in the sense of Assumption 5.4. The context is a length-5000 i.i.d. sample from the balanced mixture

V= %(61)1 ®M1) + %(61)2 ®/’L2)7

where each token is a pair (x,v) € [0,1] x {—1,+1}. The query token is ¢ = (0, v1). The target is the quadratic functional
of the tagged content measure recalled by the query,

M-1
Y=v- > NEZVP+e £~ N(0,0Y),

Jj=0

with & = 1072, This Y depends on the context only through the Mercer coefficients of y;, = p; and is exactly of the
recall-predict form of Definition 3.1.

Student architecture. We use a minimal MLP — S6 — MLP head, instantiating the encoder, S6 block, and pointwise
MLP from Section 4 with dyodel = 16, dstate = 32, deconv = 4, expansion factor 2, and A-rank chosen automatically from
dmodel. Following the query-insertion convention of Section 4.1, we prepend and append the query embedding around
the encoded context, run a single S6 scan, and read out the last position before the head MLP. The state-transition matrix
is parameterized as A = — exp(Aiog) With diagonal Ao, keeping the recurrence stable as required by the stable-core
assumption used in Theorem 6.1.

Optimization. We train each («, n) configuration from scratch with Adam (learning rate 2 x 103, exponential decay
~v = 0.95), batch size min(16, n), gradient clipping at 1.0, and 30 epochs, and report the lowest validation MSE encountered
during training (early stopping). Validation is computed on n., = 2000 held-out i.i.d. examples generated with a different
seed. Across runs only the number of training contexts n varies; the per-token distribution and the target functional are held
fixed at the values of a.

A.2. Empirical Risk and Predicted Rate

We sweep a € {0.75,1.0} and n € {4, 8,16, 32,64}. Theorem 6.1 predicts that, for an ERM in a sufficiently expressive
stable two-layer Mamba class, log R(F,) < A — c(logn)®/ (@1 for some ¢ > 0. We therefore fit the linear model

log L(n) = A — C (logn)®/(@+V)
to the observed validation MSE by ordinary least squares, separately for each a.

Figure 1 shows the result. Both curves fall in the regime predicted by the upper bound: the empirical risk decreases
monotonically in n and is well-described by a linear fit on the (logn)®/(®*1) axis. The fitted slopes (C' ~ 1.81 for

9
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Empirical Risk — MLP - Mamba —» MLP

6x 107!
% 4x1071
=
©
=
3x107!
2% 10-1 —& o=075 (data)
fitoa = 0.75, C =181
—& a=1.0 (data) "‘-..,_ﬁ
—-—- fita =10, C=1.28 I~

10!
n_train

Figure 1. Validation MSE of the MLP — S6 — MLP student against the number of training examples n, for two values of the Mercer-decay
parameter . Solid curves are measured MSE; dashed curves are the rate exp{A — C(logn)®/ (O‘H)} fit by least squares. At fixed
n, faster Mercer decay (o = 1.0) gives a smaller risk, matching the theoretical prediction that a faster decay corresponds to a smaller
effective dimension.

a = 0.75; C = 1.28 for a = 1.0) place the curves within the regime predicted by the proof of Theorem 6.1, where the
constant in the exponent depends on 7, ¢ and the kernel constants but not on n. Crucially, the o = 1.0 curve sits below
the o = 0.75 curve at every sample size, in agreement with the consequence in Section 6: at fixed n, faster spectral decay
corresponds to a smaller intrinsic dimension and therefore smaller risk.

A.3. Discussion and Future Ablations

These experiments are intentionally minimal: they verify the qualitative sub-polynomial rate on a setup that matches the
data-generating process used in the measure-theoretic Transformer literature (Kawata & Suzuki, 2026), with the only change
being that the recall mechanism is realized by a stable S6 block instead of softmax attention. The same scaling law appearing
empirically supports the theoretical message of Theorems 6.1 and 6.3: the rate is governed by the spectral structure of
the content class rather than by the particular content-addressable architecture, and a stable selective state-space layer is
expressive enough to realize it.

A.4. Sweep over o and T'
Beyond the single («, T') configuration reported in Section A.1, we additionally sweep
a € {0.5, 0.75, 1.0, 2.0}, T € {500, 1000, 2000}, Nerain € {4, 8, 16, 32, 64},

giving 4x 3 = 12 (a, T') regimes and 5 training-set sizes per regime (60 runs in total). All other hyper-parameters are kept
exactly as in Section A.1; in particular, the two-layer Mamba student Mg = P35 o S6g, 0 P2 0 S6y, o P; uses dpodel = 16,
dstate = 32, expansion factor 2 and depthwise-separable conv kernel of width 4, trained with Adam at learning rate 2 X 1073,
exponential decay v = 0.95, gradient clipping at ||g|l2 < 1, label noise o = 0.01, 120 epochs and early-stopping on a
held-out validation set of 500 examples. We report the best validation MSE attained during training.

Figures 2—4 show the validation MSE as a function of the training-set size n.,n on a log—log scale, one panel per
T € {500, 1000,2000}. Solid markers are measured empirical risks; dashed lines are ordinary-least-squares fits of the
paper-derived rate

logL(n) = A — C (logn)®/(e+1), (1)

which is the closed-form prediction of Theorem 6.1; the fitted constant C' is reported in the legend of each panel.

The following observations hold across all three context lengths.

10
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Empirical Risk — 2-layer Mamba (T = 500)

a = 0.5 (data)
fita =0.5, C=3.44
w a =0.75 (data)
£ o0l fita =075, C=2.07
© a=1.0 (data)
> fita = 1.0, C = 1.06
a = 2.0 (data)

fita=2.0, C=0.43

10t
n_train

Figure 2. Empirical risk vS. n¢rain for the two-layer Mamba student at context length 7" = 500, for o € {0.5,0.75,1.0,2.0}. Dashed
lines are OLS fits of Eq. (1).

Empirical Risk — 2-layer Mamba (T = 1000)

a = 0.5 (data)
fita = 0.5, C=3.40
I a = 0.75 (data)
g fita = 0.75, C=2.23
= 10° A o =1.0 (data)
> fita=1.0, C=1.23
a = 2.0 (data)

fita = 2.0, C=0.57

10!
n_train

Figure 3. Same as Figure 2 but at 7" = 1000.

* Monotone decay in n,;,. Every curve is monotonically decreasing in n4;,in, and the slope on log—log axes is
sub-polynomial in n, consistent with Eq. (1).

* Smoothness orders the curves. At any fixed n,,in, the validation MSE is monotone in a: o = 2.0<1.0<0.75<0.5.
Smoother targets are easier to learn from few samples, exactly as predicted by Theorem 6.1.

e (' tracks « inversely. The fitted constant C' in Eq. (1) decreases with «: approximately C' =~ 3.3-3.4 for o = 0.5,
~2.1-2.2 for o« = 0.75, = 1.1-1.2 for o = 1.0, and ~0.4-0.6 for o = 2.0 (see legends). Rougher measures (small «)
require a larger pre-factor C' to fit the same asymptotic shape.

« Stability across 7'. The three figures are nearly identical up to small fluctuations: doubling or halving the context
length leaves both the curve ordering and the fitted C' within a few percent of each other. This matches the prediction
of Theorem 6.1, in which the rate is governed by « and is essentially independent of the context length once 7' is large
enough for the selective state-space to resolve the target measure.

Take-away. Across all 12 («, T') configurations, both the shape of the predicted rate (Eq. (1)) and its dependence on the
smoothness « are recovered, while the behaviour is robust to the choice of context length T in the regime we tested. The
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Empirical Risk — 2-layer Mamba (T = 2000)

a = 0.5 (data)

fita = 0.5, C=3.26
a =0.75 (data)

fita = 0.75, C=2.18
a=1.0 (data)
fita=1.0, C=1.11
a = 2.0 (data)

fita = 2.0, C=0.49

val MSE

10° 4

10t
n_train

Figure 4. Same as Figure 2 but at 7" = 2000.

residual gap that remains for o = 0.5 at small ny,,;, is consistent with the constant-order finite-sample correction discussed
after Theorem 6.1, and shrinks as 7¢;ain grows.
B. Proof for Proposition 4.2

Proof of Proposition 4.2. Fix an admissible parameter value © and an admissible pair (v, ¢). Write
V= (Letx) 2V € P(U)

for the law of an augmented context token. Since the initial query token ¢;, (¢) is deterministic once g is fixed, the stacked
state immediately after processing this token is deterministic. We write it as

Hy = xe(q)

for a measurable map xeo. During the context-processing phase, Assumption 4.1 gives the Markov recursion

Hy=Veo(H, 1, Wy,q), W, ~'p,  t>1

We first restrict the chain to a compact invariant state set. Let dy be the dimension of the stacked state H;. Since the
admissible query domain and the augmented token domain are compact, and since the relevant maps are uniformly bounded
and Lipschitz on these domains, the quantities

Byo:= sup [Pe(0,w,q )2,  Bye:= sup |xe(d)l
wEsupp v q’ admissible
q’ admissible

are finite. Choose

B
1%?}7 Zo :={h e R : ||h]2 < Re}.

Re > max {B%@,
Then Hy = xo(q) € Zo. Moreover, for every h € Zg and every w € supp 7, Assumption 4.1 yields

||\P@(h7w7q)”2 < ”\I’@(vavQ)HQ + H\I/@(h7w7q) - \I’G(va’q)HQ
< By.o + 7||hl2
< By +rRe < Re.

Thus Zg is invariant under the context transition.

12
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Define the Markov kernel Kg , 4 on Zg by

K@’V’q(h,A) Z=/ 1A(\Il@(h,w,q)) dv(w), A€ B(Zo).
u
For p € P(Z2g), write

pK@’V’q(A) = - K@yy’q(h,A) dp(h).
<)

We claim that the Markov operator p — pKeg .4 is a strict contraction on (P(Zg), W1), where W7 is induced by the
Euclidean norm. Let p,n) € P(Zg), and let v € T'(p,n) be any coupling. If (H, H') ~ v and W ~ ¥ is independent of
(H, H'), then

(lI/@(H, VV? Q)a \Il@(H/v I/Va q))

is a coupling of pKg , 4 and nKg , 4. Therefore,

Wi(pKo.v.q:1K6.0.9) < E[|[Ve(H, W, q) = Vo (H', W, q)||2]
<rE|H - H'||2.

Taking the infimum over all couplings vy € I'(p, ) gives

Wi(pKe g nKew.q) <1 Wi(p,n).

Since Zg is compact, (P(Zg), W1) is complete. Hence the Banach fixed point theorem gives a unique invariant law
Tow,q € P(Ze)

satisfying
To.v.gK0,v,g = Tovg-

Furthermore, for every initial law pg € P(Zg),

Wi(poKS 4 T00.q) < 1T Wilpo, Tou,q)-

Taking pg = 4 (q) the law
PT = ‘C(HT) = 5X®(Q)Kg,v,q

therefore satisfies
Wi(pr, Teu,q) < rTwy (6xe(q)’ TOw,q) < 2R@7"T,

because both measures are supported on the ball Zg, whose diameter is at most 2Rg.

It remains to pass from convergence of context-state laws to convergence of the scalar final output. Starting from a context
state h, the final query token ¢,y (q) is deterministic. Hence applying the final query transition and then the last-token scalar
readout defines a deterministic measurable map

Go(q): 2o = R.
By Assumption 4.1, this map is bounded and Lipschitz on Zg. Let L o be a Lipschitz constant in the state variable:
Ge(h.q) = Ge(l',q)| < Leellh = b2 h1 € Zo.

The finite-context regression function can be written as

F(v,q) = E[Ge(Hr,q)) = | Go(h,q)dpr(h).

13



Mamba as Measure-Valued Associative Memory: Infinite-Context Limits and Minimax-Optimal Learning

Therefore, by the Kantorovich—Rubinstein dual characterization of W7,

. Ge(h,q)d(pr — 7T@,V,q)(h)

F(E)T) (V7 q) - - G@(h7 q) dﬂ_@,u,q (h)‘ =
©

< Lg.eWilpr,meu.q)
< 2R@LG,@TT.

Since 0 < r < 1, the right-hand side tends to zero as 7' — oo. Hence the infinite-context limit exists and is given by

Fo(v,q) = lim F§'(v.0) = | Golh.q)dre,.q(h).
T—o0 Zo
This is exactly the invariant-law representation claimed in the proposition. O
C. Proof of Theorem 6.1

Throughout this appendix, constants denoted by C, ¢, ¢, ¢1, . . . may change from line to line. They may depend on
Qs Vb, Vs Rba L7 M7 g,

on the constants in Assumption 5.1, and on the fixed marker encoding, but not on n. We write A < B if A < CB for such a
constant C.

We also state the proof for exact ERM. If ﬁ" is only an approximate ERM with empirical excess 7,,, the final bound below
has an additional +7,, term; hence the same rate holds whenever

Tn S exp{—c(log n)o‘/(aH) }.

C.1. Admissible input class

Let X4, denote the set of all pairs (v, ¢) of the recall-predict form

I
1 .
V= TZ%M ®pi, g=v"),
i=1
where p; € B, (Ry), the tags satisfy Assumption 5.4, and ¢, € [I]. For u € B,, (R;), write

bi() = /X e(2)du(z),  bp(u) = Bl . bp ().

C.2. Spectral truncation

Lemma C.1 (Finite-dimensional reduction). Let F, € G, (L, M). For every D > 1, there exists a function
fo:RP x Qp — [-M, M]
such that, for every admissible (v, q) € Xr.q, with ¢ = v(*),
[F.(v.0) = fo(bo(pi, ). q)] < ONGET2.
Moreover fp may be chosen C L-Lipschitz with respect to the metric

1/2

D
dD((b’ Q)v(b/’ql)) = Z)‘jiwf(bj _b;')z + ||q_ q/||2'
j=1

Since vy < 0,dp < |[(b,q) — (b, q")

o, uniformly in D.

14
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Proof. For ji € B., (Ry), define its tail seminorm

Tp(u)* =Y A 7b;(w)°

j>D
Because v, > 0, v¢ < 0, and ||u||Hgb < Ry,
Tp(p)? =Y XA (n)® < A, Y Ry

j>D

Hence ( /2
Tp(u) < Ridgs, ",

Let
Ap :={(bp(n),q) : pu € By, (Rs), q € Q1}-
For (b, q) € RP x Qy, define the inf-extension
1/2

D
b,q):= inf F(u,q)+ L 2 (b — bi(p))? ,
CIODEI T EA Z;j(] (1)

and clip it to [— M, M]. Clipping does not increase the Lipschitz constant. The definition makes fp L-Lipschitz in b with
respect to the weighted finite-dimensional norm and L-Lipschitz in q.

Fix 1 € B,, (Ry). Taking the same p in the infimum gives

fD(bD(/”L)aq) < ﬁ*(/iaq)

Conversely, for any v € B, (Rp),
1/2

D
Fo(v,q) + L Y007 (bj(n) = b;(v))?

j=1
b 1/2
> Fu(poq) = Ll = vl o + L[ DA (i) = b;(v))?
j=1
The H g / _distance is bounded by the finite-dimensional part plus the two tails:
b 1/2
I = wll s < D> A (bi(m) = b () +Tp(p) + Tp(v).
j=1
Therefore _ ( .
fD(bD(,u)a Q) > F*(,U/a Q) - 2LRI7)\[’)YZ_1’W .
This proves the approximation claim. The final Euclidean Lipschitz statement follows from
D
DN (b =05 < AT b VI,
j=1
because vy < 0. O

By Assumption 5.1, there are constants cy, C’y > 0 such that
/\g_bir_ﬂf)/2 < Cexp{—cD"}.
Thus choosing
D, = [Cp(logs_l)l/ﬂ
with Cp sufficiently large gives
M s e
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C.3. A stable S6 averaging primitive

The next lemma is the architectural ingredient needed to turn the finite coefficient vector bp(u;, ) into a stable Mamba state.
It is the Mamba analogue of the recall step in the measure-theoretic Transformer proof.

Lemma C.2 (Stable query-conditioned S6 averaging primitive). Let G : R4 x X — R™ be a bounded ReLU map satisfying
|G(q,z)||co < Bg. Let 0 < p < 1. There is a two-layer Mamba subnetwork, with the first S6 layer carrying the query

register and the second S6 layer carrying an averaging state Hy € R™, such that during the context-processing part,
iid.
Hy =pHy_ 1 + (1 - p)G(q, Xy), X, "=

The context-state transition is p-contractive in Hy. Its stationary law is the law of
o0
k
H,=(1-p)Y_ p"G(q, X ),
k=0

where Xo, X_1,...are i.i.d. with law v. Consequently,

EH, / Glg,) dv(a),

and
E|H, — EH, |} < 4mBZ(1 - p).

Proof. Because the markers m;y,, mctx, Mout are fixed and take only three values, a tokenwise ReLU map can convert them
into exact type flags on the augmented token domain. The first S6 layer writes the first query token into a query register.
Equivalently, in the Markovian representation of Assumption 4.1, the context transition is written as

H; = \II(Htfla Ut, q),
where ¢ is an exogenous argument during the context pass. The contracted state is H;, not the deterministic query register.
For the averaging state, choose in the second S6 layer
A=-1I,, A, = —logp, an =0, ba = softplus™' (A,,).
On context tokens, choose By(u) to select the G(g, x)-coordinates of the input to the second S6 layer. Then

Mo(u) = exp{A, 4} = pl,,

A/’
No(u) = (/0 e ds) L,=1—=p).

Hy = pHi—1 + (1 — p)G(q, X3).
The map H — pH + (1 — p)G(q, x) is p-contractive.

and

Thus

The stationary representation follows by iterating the recursion backward:
oo
H,=(1-p)Y_ p"G(q, X ).
k=0
The expectation identity is immediate. Since the X _’s are independent,

o0
E|H, —EH,|3 = (1—p)? 3 p*E|G(¢, X_t) — EG(g, X_1) 3
k=0

<(1-p> p*@2Be)’m
k=0

1—
= 4m3éﬁ < 4mB2(1 — p).
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C4. Selector and Mercer-feature approximation

Lemma C.3 (ReLU approximation of the spectral feature map). Assume Assumption 5.2. Then, for every D > 1 and every
€ (0,1), there exists a ReLU network
Yy Xo — RP

such that

sup [[¢py(2) = (€1(2),- .- ep(2))ll, < -
zeXo

Moreover, its depth, width, and sparsity are bounded by a polynomial in D and log(n~1). More precisely, there exist
constants C,p > 0, depending only on ds, R, Ry, Ao, A1, k, such that the network can be chosen with

depth(vp ) + width(yp,,) + sparsity (¢¥p ,) < C (D + log(r]_l))p )
The parameter envelope may be chosen so that
10g [0y, lloo < C (D +1log(n™"))".

If the stronger bound

k .
> Jaj il RET < Agj*
keNg?

holds, then the parameter envelope itself is polynomial in D and log(n=!).

Proof. We use a standard ReLU approximation fact: for every m > 1 and 6 € (0, 1), there exists a ReLU network
Mps: [-1,1]2 5 RN N, = #{k € N§* : |[k| < m},
whose coordinates approximate all monomials {y* : |k| < m} uniformly on [—1, 1]92:

sup max ’[Mmﬁ(y)}k? - yk’ <0
ye[-1,1)2 [KIsm

Its depth, width, and sparsity are bounded by a polynomial in m and log(6—!). This follows from the usual ReLU
multiplication-network construction, combined in parallel to compute all monomials of total degree at most m.

Let
pi= £ <1, Ap := Apexp{A1D"}.
Ry
For1 < j < D, write
e(2) = Y a2
keNg?

For z € Xy C [ R, R]%, define y = z/R € [~1,1]%, so that
ej(z) = Z aj7kR|k‘yk.
keNg2

Choose |
— {og(‘lAD/n)l .
—logp
Then, for every 7 < D,

sup |e;(z) — Z a; 2| < Z |aj k| R

2€Xo [k|<m [k|>m
k
A
+ R+

= > lajx
<pm > Jaj | Rl

|k|>m
d
keNg?

<pmAp <.

17
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Now choose
§i= 1
vy
Let M,,, s be the monomial network above. For 1 < j < D, define the network output

[Wpn(2)); = Y ajuRM Moy s(z/R)]x.

|k|<m
Then
Wpn(2); = Y ajez” KB [Mons(2/ R — (2/ R)¥|
[k|<m IkISm
<6 > Jajil R
keNg?
<6 Y laulRY
keNg?
< 6Ap = Z.
Combining this with the Taylor-tail bound gives
n .
sup [Ypq(2)]; —€;(2)l = 5 <n,  1<j=<D.
z€Xo

Taking the maximum over j < D proves the desired ¢°>°-approximation.
It remains to check the network size. Since
m < C (D" + log(nfl)) , log(6~1) < C (D" + log(nfl)) ,
the monomial dictionary network has depth, width, and sparsity polynomial in D and log(n~!). The final affine layer has at

most
m + d2
d

nonzero coefficients, which is again polynomial in D and log(n~!). The final-layer coefficients satisfy

DNm_D(

k
R < 3 Jag il RE < Ap,
keNg?

SO
10g |0y, lloe < C (D" +log(n™)) .

This proves the claimed complexity bounds. O
Lemma C.4 (ReLU selector for separated tags). For every D > 1 andn € (0, 1), there exists a tokenwise ReLU map
Gpn:R" x X —» RP

such that, for every admissible tag system, every query ¢ = v*+), and every x = (v, z),

HGD,n(q, v, 2) — 11{i = i, }e1 (2), - .., eD(z))H <.

o0

Moreover,
1GDyllee < C1,

and its depth, width, sparsity, and parameter envelope are bounded by a polynomial in
D7 d17 IOg(I/n)

18
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Proof. Define the ramp function
x(t) :=20(t —1/4) — 20(t — 3/4),

where o (t) = max{t,0}. Then x(¢t) = 0fort < 1/4 and x(¢t) = 1 fort > 3/4.

For admissible tags, _ _
(g, 0y =1, (v DY <0 (i # 1)

A ReLU network can approximate multiplication on compact intervals. Applying this coordinatewise and summing, we
obtain a ReLU approximation 5(q, v) of (g, v) satisfying

[5(q,v) — (g, v)[ < 1/8
on the compact tag domain, with size polynomial in d;. Therefore
X(3(q,v")) = i =1}
on all admissible query—tag pairs.

By Assumption 5.1, there is a ReLU network ¢p ,,» such that

sup [y (2) — (e1(2),...,ep(2))llec <7,
ze€Xo

with size polynomial in D and log((n’)~!). Choosing i’ =< /I, and using another standard ReL.U multiplication network
to multiply the scalar selector by the D feature coordinates, gives

GD,T](Q? v, Z) ~ IX(E(Q7 ’U))’(pD#’I/(Z)

with uniform error at most 7. Uniform boundedness of the eigenfunctions gives |G p ||« < CI. The stated size bound
follows from the polynomial ReLLU approximation bounds for products and from Assumption 5.1. O

For X = (V,Z) ~ vand ¢ = v(*), Lemma C 4 gives

<n,

H/GDw(q’x) dv(z) — bp(us,)

‘ o0

because

[ 1V = a2 avv.2) = [ o) dui () = by

C.5. Approximation of the finite-dimensional prediction map

Lemma C.5 (ReLU approximation of the finite prediction map). Let D > 1, and let d; = d; in the query-dependent
case and d, = 0 in the query-independent case. For every ¢ € (0, 1), the function fp from Lemma C.1, restricted to the
admissible coefficient domain, can be extended and approximated by a clipped ReLU network

¢p.: RPTda — [— M, M]

such that

sup [¢p (b, q) — fp(b,q)| < e.
(b,9)

The network can be chosen with sparsity
s < Ce—C(D+dy)

and with Lipschitz constant bounded by
. c N
Lip(¢p.c) < exp{C(D +dg)~ (loge™")" }.

In the query-independent case, q is omitted and d, = 0.
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Proof. The admissible coefficients satisfy
D
—Y5 3,2 2
DA < R
j=1

hence they lie in a cube [~ By, By|”, where By, depends only on Ry, 73, A1. Also g € S4~1 C [~1,1]%. By Lemma C.1,
fp is Lipschitz with respect to the Euclidean metric on this compact set, with a Lipschitz constant independent of D. The
McShane extension theorem extends fp to the whole cube without increasing the Lipschitz constant.

Standard ReLU approximation bounds for Lipschitz functions on a compact m-dimensional cube, with m = D + d,, give a
ReLU network with sup-norm error € and sparsity at most Ce~¢™. Clipping the output to [—M, M] can be implemented
by ReLU operations and does not increase the sup-norm error or the Lipschitz constant by more than a universal factor. The
displayed Lipschitz bound follows from the product of the layer operator norms in the standard construction. O

C.6. Approximation by a stable two-layer Mamba

Lemma C.6 (Uniform approximation by stable Mamba). For every ¢ € (0, 1), there exists a stable two-layer Mamba
regressor Fg_ such that

sup sup  |Fe.(v,q) — Fi(v,q)| < Ce.
F.€G.(L,M) (v,q)€Xr.a,

In the query-dependent case this construction uses final prediction dimension D, + d. In the query-independent case it
uses final prediction dimension D..

Proof. Choose
D=D. = [CD(logafl)l/ﬂ
so that the spectral truncation error in Lemma C.1 is at most Ce.

Let ¢p . be the ReLU network from Lemma C.5, and denote
Ly :=Lip(ép,e)-
Choose

e
= 8L,vD

in Lemma C.4. Then

S\/Engi
2

| [ Gpate0rarte) = o) i

Use Lemma C.2 with G = Gp ;. Since |Gp || < C1, its stationary state H , satisfies

E|H, - EHP”% < CDI*(1 - p).

Choose
1—p< i
P=cprry
Then -
E|H, - EH < —.
|| 4 pH2 = 8L¢
Therefore
E|H, = bp(pi,)ll2 < |EH, = bp (s, )|l2 + E[H, — EH, |2
<
- 4L¢

The infinite-context Mamba output is
Fo.(v,q) =E[¢p.(Hp,q))
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in the query-dependent case, and
F@E (V7 CI) =E [¢D,6(Hp)]

in the query-independent case. Hence

|Fo.(v,q) — fp(bp (i, ), Q)| < Elép.(Hp,q) — ¢p.(bp(pi, ), q)l
+ 16D, (bp(1i,),a) — fo(bp(ki,), 9]
< LyE||Hp — bp(pi,)l|2 + €
< Ce.

Combining this with Lemma C.1 gives the claim. The constructed recurrence has contraction coefficient p < 1, so
Assumption 4.1 holds. O

C.7. Covering entropy of the constructed Mamba class

Let HMam be the stable two-layer Mamba class with the architecture and parameter envelopes used in Lemma C.6. The
class contains all networks of the same depth, widths, sparsities, contraction lower bound 1 — p, and parameter envelopes as
in the construction.

Lemma C.7 (Entropy bound). For every ¢ € (0,1),

logN(Hls\/[am,(;, Il - Hoo) <CS. log(CB€A6> ,

0

where S¢ is the number of nonzero scalar parameters, B. is the parameter envelope, and A. is a uniform parameter-Lipschitz
constant of the input—output map. Moreover:

query-dependent case:  S. < exp{C(D. + d1)log(¢™1)};
query-independent case: S, < df exp{CD.log(e™!)}.

The logarithmic factor satisfies
log(B:A.) < C(1 +1logI) + C(D. +dy) (loge™1)¢

in the query-dependent case, and the same bound with D. replacing D. + d in the final MLP part in the query-independent
case.

Proof. The covering argument is by scalar-parameter discretization. For a network with S, nonzero parameters, each
bounded by B., and with input—output map A.-Lipschitz in the parameter vector, a grid of mesh

]
CS:A,

on each active scalar parameter gives a J-cover in sup norm. Thus

BEAE
logNSC’SElog<C 5 )

The parameter count is obtained by adding the sizes of the selector network, the Mercer-feature network, the averaging
S6 block, and the final ReLU network. By Assumption 5.1 and Lemma C.4, the selector and feature networks have size
polynomial in

D., dy, log(I/n).

The averaging S6 block has O(D.) active recurrent parameters. The dominant term is the final Lipschitz-function
approximator. By Lemma C.5, its sparsity is at most

e—C(Ded)
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in the query-dependent case and at most

€7CD5

in the query-independent case. This gives the displayed bounds for S., with only a polynomial d{ factor in the query-
independent case.

It remains to justify that log(B:A.) has the stated size. The only potentially large parameters are those used to set the
contraction coefficient p and those in the final ReL.U network. From Lemma C.6,

2

l—p>—"
P~D.rr2

Thus

1
log1 < C(1+1logl)+ Clog D, + Cloge™ + Clog Ly.

Lemma C.5 gives
log Ly < C(D, + dg)¢(loge™)“,

where d, = d; in the query-dependent case and d, = 0 in the query-independent case.

Finally, differentiating the stable recursion with respect to any scalar parameter gives an inequality of the form
Ry < pRi1 + Cs,

so that
sup Ry < — .
t 1

It remains to justify the parameter-Lipschitz constant A.. We give the argument at the level of the infinite-context maps.

Let 6, 8’ be two admissible parameter vectors in the same architecture class. Write Ky, , and Ky ,, , for the corresponding
context-state Markov kernels, and write 7y , , and 7/ ,, 4 for their invariant laws. The class is constructed so that every
context transition is p.-contractive in the state variable, where p. < 1 and 1 — p. is bounded from below by the quantity
chosen in Lemma C.6.

Moreover, on the compact invariant state set and compact token domain, the finite-dimensional network maps are Lipschitz
in their scalar parameters. Thus there is a constant Ly . such that

sup [[Wo(h, w,q) = Wor (hyw, q)ll2 < Lue |0 - olx.
,W,q

Similarly, if Gy(h, q) denotes the deterministic final query/readout map, then

sup |G9(h7 Q) - GG’(h7 q)| S LG,EHH - eth

h.q
and Gy (-, ) is Loyt e-Lipschitz in h.
We now compare the invariant laws. Couple the two chains using the same context token W ~ v. For any coupling 7y of
To,u,q and wg: ,, o, if (H, H') ~ =, then
E ||\I]9<H7VV7q) - \IIG'(H17WQ)“2

SE|Wo(H,W,q) = Vo(H', W,q)ll, + E[Wo(H', W, q) — To (H', W, g,

< pB[H — H'|l2 + Ly [0 — 0|1
Taking the infimum over y gives

Wi(mo,0,qK6,0,4, 0" 1,g Ko v,q) < peWi (770,1/,117 7T9’,V,q) + Ly el - QIHI'

Using invariance of both laws,
L\I/,E

l_pa

Wl (7r9,1/,qa 770’,1/,q) < ||9 - 9/||1~
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Therefore
\Fo(v.) — For(1,0)] = \ [ Gottq) dmaat) [ G () dm (1)
S LG,EHQ - 9/H1 + Lout,ewl (7T9,l/,qa 71—0’,1/,(1)

Lot e L
< (Lo + Betis) jo g,
— Pe

Hence the infinite-context map is parameter-Lipschitz with

L L
Ae — LG75+ out,e ‘I/,E.

The constants Ly -, L ¢, and Loyt - grow at most polynomially in the layer widths, the parameter envelope, and (1 —p.)~*.
Therefore
logA: <C(1+1logl)+ C(D. + dq)C(log 5*1)0,

where d, = d; in the query-dependent case and d, = 0 in the query-independent final prediction network.

Thus the parameter-Lipschitz constant grows at most polynomially in (1 — p)~!, in the layer widths, and in the parameter
envelopes. Taking logs yields the stated bound. O
C.8. ERM oracle inequality

We use the following standard bounded-sieve least-squares inequality.
Lemma C.8 (ERM bound). Let
Y =F(X)+¢&  £€~N(0,0%),
and let H be a class of functions uniformly bounded by B. Let F be an exact empirical risk minimizer over H. Then, for
everyd € (0,1),
(32 + 02) IOgN(H7 6’ H ) ”OO)
n

E|F — F|Z2(py) < C }22 IF = Full72(pyy + +(B+0o)d|.

C.9. Proof of Theorem 6.1

Proof. Let
o
a+1
Choose a sufficiently small constant x > 0, to be fixed below, and set

en = exp{—r(logn)*}.

Let
D, =D, = [Cp(logsgl)l/a—‘ .
Since
loge, ! = k(logn)?,
we have

D,, = (logn)Y/(e+1),
Let HMam .= 3Mam By [Lemma C.6,

sup inf ||F — Fi||oo < Cep.
F.eG,.(L,M) FeHMam

Therefore
. ) ,
o inf |[F = F[72p,,) < Ccp.
F,€G, (L,M) FeHam (Pv,q) n

We now bound the entropy at scale §,, = £2.
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Query-dependent case. Assume
I <dy < Cr(logn)t/ @+,

Since D,, < (logn)'/(®*1) we have d; < D,,. By Lemma C.7,
log N (Hy"™™, 8y, || - [loo) < exp{CDylog(e,")}.

Using the definitions of D,, and ,,,
D, log(e;t) < et/ logn,

Thus

IOgN(HTI\L/Iam,(Sn7 || ) ||Oo) < ncﬁ(a‘f’l)/a.

Choosing x > 0 sufficiently small gives
log N(Hy™™, 8. || - [loc) < '/

for all large n.

Query-independent case. Assume

Fu(p.q) = Fu(p),  I<dy=nW.
The final prediction network now has input dimension D,,, not D,, 4+ d;. Lemma C.7 gives
log N (Hp™™, 0, || - [lo) < di exp{C Dy log(e;, ")}

Since d; = n°M and

exp{CD,, log(egl)} < nC"(mH)/a,

choosing « > 0 sufficiently small yields
log N(H™™, 8, | - [|oc) < mt/2H0) < /2
for all sufficiently large n. This term is still negligible compared with the target sub-polynomial rate.
Applying Lemma C.8 with H = HM*™ B =< M, and §,, = £2, we obtain in the query-dependent case
R nl/2
sup ER(F,, F,) <Ce? +C— 4 Ce?
F,€G,(L,M) n

< Cexp{—2k(logn)®} + Cn~Y/2,

1/2

Since a < 1, n~1/? < exp{—c(logn)®} for all sufficiently large n. Therefore

sup ER(F\ru F,) < Cexp{—c(logn)®/(e+1)},
F,eG.(L,M)

The same argument in the query-independent case gives the identical rate, because
n~ 3% < exp{—c(logn)®}
for all sufficiently large n. Enlarging C handles the finitely many small values of n. This proves the theorem.
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D. Proof of Theorem 6.3

We prove the lower bound by a finite-packing argument. The proof uses only a query-independent subclass of G, (L, M),
and hence applies a fortiori to the full recall-predict target class.

Throughout this proof, write
s = @ > 0.

Let bg.) := [€;(2)po(2) dz. Under Assumption 6.2, the Mercer coefficients of a random content measure £ have the form
b](:u’) = bg + ao)\;d/zzj7 .] >1,

where Z; are independent, |Z;| < 1, and Z; has density p; satisfying sup; [|p;j||c < R. Let ®; denote the distribution
function of Z;. Since p; is bounded by R, each ®; is R-Lipschitz. Moreover, by the probability integral transform,

Uj = ij(Zj)7 jZL

are independent Unif|0, 1] random variables.

For d € N, define the coefficient-to-cube map

. b (1) — Y ba(p) — by d
Hy(p) = <(I)1<ao)\’1”/2 N ¥ W € [0,1]%.

For two admissible content measures s, 12/, using the Lipschitzness of ®; gives
’ < R —Yd/2 /
1Ha(p) = Ha(1)lloo < max A7 |bj (1) = b; ()]
On the other hand,
2
b5 (1) = b3 ()] < Al = 4 ] o

because )
[l — u’\li,gf =3 N (e () = br()) "

k>1

Since A; is nonincreasing and vy — 4 < 0, for 1 < j <d,

(vf—va)/2 (vf—va)/2 —s
/\j’Yf Ya S )\d'Yf Yd — )‘d )

Therefore

R —s
[Ha(p) = Ha(1')lloo < o e = 'l gy (A.1)

We shall use the following elementary packing lemma for finite-dimensional Lipschitz functions.
Lemma D.1 (A packing of Lipschitz functions on the cube). There exist universal constants cy, c1,co > 0 such that, for
every d > 1 and every integer m > 2, there is a finite set ©  ,,, and functions

9o : [Oa l]d — [07 1]7 XS Gd,rm

such that
Lip.(90) <1 forall 0 € Og,m,
log |O4,m| > com?,
and, for all distinct 0,0’ € Og p,

Lo [ <2
am = 196 = gorliz2 o) = o
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Proof. Partition [0, 1] into m< cubes Q}, of side length m 1, and let . be the center of ;. Define the tent bump

1
Yp(x) = %(1 —2m||x — ack||oo)+.

The supports of the ¢;,’s are disjoint up to boundaries, and each v, is 1/2-Lipschitz with respect to || - || . Hence, for every
binary vector w € {0,1}

m d
5

gu(@) =Y with()
k=1

takes values in [0, 1] and is 1-Lipschitz with respect to || - ||co-

By the Varshamov—Gilbert bound, there is a subset O ,,, C {0, 1}’”d such that
log [©g,m| > com?

and the Hamming distance between any two distinct elements of © ,, is at least a fixed positive fraction of m<. A direct

calculation gives
I ——— (1~ 2mfull o) d =
’ 16m° Jjujo<1/(2m) d*m

where the constants are universal. Since the bump supports are disjoint, the claimed lower and upper L?-distance bounds
follow. -

We now embed the packing from Lemma D.1 into the recall-predict class. Choose

1 . { La() M
min

T "R " max{1,\{}

} , Ag = KA.

For § € O r,, define

Fy(p, q) == Aago(Ha(p))-
This functional is independent of ¢. By (A.1),

\Fo(pt,q) — Fo(p' q)] < Aal|Ha(12) — Ha(1')]|
< AN =
< Ll =il < L= 1l s + la = a'llz).
Also |I;9| < Az < M. Hence each ﬁg defines an element of G, (L, M) by
Fy(v,q) == Fy(u, q),
where p;, is the content measure selected by the query.

Let Pe(n) denote the law of the training sample S,, when the regression function is Fy. The covariate law of (v, ¢) is the
same for every 0; only the conditional mean of Y changes. Since the noise is N (0, 0?),

DkL (Pg(n)

(n)) _ "1 2
|17 = B = Furliace,
Because Hy(1;,) ~ Unif([0, 1]¢), the isometry identity
1 Fo — Forll2(p, ) = Adllgo — gorllL2 (0,179

holds. Therefore Lemma D.1 implies that, for distinct 6, 6,

A A -
= C < |[Fy — Follrap,y) < -t = Bam: (A2)

Zd,m dm
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Consequently,
<2
) || p < Mdm
DL (PQ ‘ P! ) <S4 (A3)
We now choose d and m. Fix any > 0 and set
myg 1= Le"daJ .

For all sufficiently large d,

log |©4,m,| > c()mg >c exp(gd‘”l) . (A4)

Let

4 1/(a+1)
dy = (77 logn> , My, 1= My, -

Then (A.4) gives

for all sufficiently large n. On the other hand, by (A4.3),

(n)
ror;é%g DKL (Pg

[P <,

where C' depends only on the fixed problem constants. Hence, for all large n,

n || pm) - 1
mas Dt (Pe( ’P(,, ) < 510804, m, | (A5)

Fano’s inequality applied to the finite family {Fy : 6 € G4, ,, } now yields

inf sup Ey|F, — Fg||%2(py D2 1
Fn, ee@dn,mn, '

> cd;

dp My, *

8 | _ maxpLe Dir(PS | PSY) +10g 2
log |@dnymn |

Since the finite family is contained in G, (L, M), this lower bounds the minimax risk over the full target class.

It remains to compute the order of éi“mn. By the lower eigenvalue bound in Assumption 5.1,
g > c}\e—Cod‘*.

Thus

Using mg < e, we get

2
§2 = (ClAd) > cd™? exp{—2(sCo + n)d*} .

=d,ma dmy
With d = d,,,
d® = (logn)®/(@+1),

The factor d;, 2 is absorbed into the exponential because log d,, = o((logn)®/(®+1)). Hence there exist constants ¢, C' > 0,

independent of n, such that
5 > cexp{—C(logn)a/(o‘H)}.

Ay, My,

Therefore ~
M, =inf  sup ER(F,,F)> cexp{_c(log n)a/<a+1>} 7
F, F.€G.(L,M)

for all sufficiently large n. Adjusting c handles finitely many smaller values of n. This proves the theorem.

27



