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ABSTRACT

When training large-scale models, the performance typically scales with the num-
ber of parameters and the dataset size according to a slow power law. A fun-
damental theoretical and practical question is whether comparable performance
can be achieved with significantly smaller models and substantially less data. In
this work, we provide a positive and constructive answer. We prove that a generic
permutation-invariant function of d objects can be asymptotically compressed into
a function of polylog d objects with vanishing error, which is proved to be the op-
timal compression rate. This theorem yields two key implications: (Ia) a large
neural network can be compressed to polylogarithmic width while preserving its
learning dynamics; (Ib) a large dataset can be compressed to polylogarithmic size
while leaving the loss landscape of the corresponding model unchanged. Impli-
cation (Ia) directly establishes a proof of the dynamical lottery ticket hypothesis,
which states that any ordinary network can be strongly compressed such that the
learning dynamics and result remain unchanged. (Ib) shows that a neural scaling
law of the form L ∼ d−α can be boosted to an arbitrarily fast power law decay, and
ultimately to exp(−α′ m

√
d).

1 INTRODUCTION

Training contemporary neural networks has become extremely costly. Modern models are very
large and are often trained on enormous datasets. For example, GPT-4 is believed to have on the
order of a trillion (1012) parameters and to have been trained on roughly a trillion tokens. Training
runs can occupy clusters comparable in scale to an entire data center. By contrast, the brain, a
comparable biological computer, appears to require far less data. A rough back-of-the-envelope
estimate illustrates the gap: suppose the auditory system of a person receives one word per second
from birth. Then by age ten, a child would have heard about 108 words, by which time most
children have mastered their native language. This difference of roughly four orders of magnitude
in data efficiency between artificial and biological systems suggests that current AI systems may not
be using data optimally.

The data efficiency of large AI models is often summarized by neural scaling laws (NSL), in which
the error L decays approximately as a power of the dataset size (holding other factors fixed):

L(N) ∝ N−α. (1)
Empirical values of α for large language models typically lie between 0.1 and 0.3 (Kaplan et al.,
2020). If we assume α = 0.1 and that current models already achieve human-like language ca-
pability, then attaining the same capability with only 108 tokens would require a modestly larger
exponent, roughly α ≈ 0.15. Hence, even a small increase in the scaling exponent could substan-
tially reduce training cost by bringing models closer to human-level data efficiency. Yet we currently
lack principled guidance on whether, and by how much, the neural scaling laws can be improved.

In this work, we prove a universal result that, under suitable definitions of model width, enables sub-
exponential compression (i.e., from d objects to polylog(d)) of essentially arbitrary neural networks
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Figure 1: (a) Illustration of the main idea behind the compressibility of neural networks and datasets. (1)
Permutation symmetry allows a high-dimensional function to be decomposed into a composition of d low-
dimensional “objects” (dots in the figure). (2) When d is large, these objects become crowded, and those
lying in denser regions are essentially redundant; they can be compressed into d′ = O(polylog d) objects.
The potential curse of dimensionality can thus be mitigated, or even removed, when the underlying function
is smooth—a lesson well known in nonparametric statistics. (b) Decomposing the linear weights of a neural
network into “objects” of symmetric status.

and/or their training data, thereby opening the possibility of substantially improving a wide range of
neural scaling laws. Our contributions are:

1. Proof of a universal compression theorem, showing by construction that almost any smooth
symmetric function of d elements can be compressed to a function with O(polylog(d)) elements
losslessly (Section 4). Moreover, such a compression rate is optimal up to a constant factor.

2. Application to network compression, which leads to a proof of what we call the dynamical
lottery ticket hypothesis (LTH), which states that a large network can be compressed such that
its training dynamics is the same as the original (Section 5);

3. Application to compress datasets, which is a proof-of-concept showing that one can improve
neural scaling laws significantly (Section 6).

Figure 1 provides a schematic of the main idea. All proofs appear in the Appendix; numerical
experiments are presented alongside the related theoretical results.

2 PROBLEM SETTING

We begin with two motivating examples to illustrate the ubiquity of permutation symmetry in ma-
chine learning, and then introduce the permutation-symmetric functions we study.

Data Permutation Symmetry. The simplest form of permutation symmetry exists among data
points. The loss function we minimize is L(θ,{zi}di ), where d is the number of data points, and
zi = (xi, yi) is a data point consisting of input–label pairs. The loss function is the average of a
per-sample loss ℓ over training data:

L = 1

d

d

∑
i=1

ℓ(xi, yi, θ) ≡ E
z
[ℓ(x, y, θ)]. (2)

Because the loss function L is a sum over the same function ℓ of each data point, permuting any
pair of data points results in the same value of loss function. Moreover, since the dataset affects
any trained model prediction via the gradient of the loss function, all model predictions are thus
naturally permutation invariant.

Neuron Permutation Symmetry. Permutation symmetry in model parameter space depends on
the structure of the model submodules. Consider the model f(x) =W2σ(W1x), where W1 and W2

are weight matrices, and σ is an element-wise non-linearity. Let wT
i be the row vectors of W1, and

vi be the column vectors of W2. Then the output reads

f(x) =
d

∑
i=1

viσ(wT
i x) (3)

where d is the output dimension of W1, also the input dimension of W2. d is commonly known
as the width of the neural network. The output is symmetric under the exchange of any pair of
(vi,wi) ↔ (vj ,wj), another example of permutation symmetry. For a deep net, different layers
can have multiple decoupled permutation symmetries. More generally, other modules that have
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such permutation symmetry include fully connected layers, attention logits in self-attention, and
attention outputs between different attention heads; it also exists when ensembling many models
with the same architecture (Brea et al., 2019; Ziyin et al., 2025). Particularly, we further elaborate
on the permutation symmetry in attention modules in Appendix F.

General Permutation Symmetries. Since our theory concerns compressing the objects while pre-
serving the values of such symmetric functions, this framework is a unified approach to compressing
either training data or any permutation-symmetric parameter set of a learning model. Generally, one
can view the model or loss as a function of a set of permutation-symmetric inputs, while keeping
other inputs implicit. We refer to each such input as an object, which may correspond to a data point
or to a neuron weight (wi). In this paper, each object is embedded in m dimensions, and d is the
number of such objects. We primarily consider the limit d→∞.

Definition 1. Let each wi ∈ V = Rm. f ∶ V d → R is called a (permutation-)symmetric function in
{wi} if, for any distinct i, j ∈ [d], f(. . . ,wi, . . . ,wj , . . . ) = f(. . . ,wj , . . . ,wi, . . . ).

We also use θ = (w1, . . . ,wd) as a collective notation for all objects. To analyze the error induced
by compression, we impose a mild regularity assumption on f . Specifically, it is known that any
symmetric function admits a “deep set”–style universal representation (Zaheer et al., 2018) of the
form

f(w1, . . . ,wd) = h(
d

∑
i=1

g(wi)) , (4)

where h and g are suitable functions. Importantly, for smooth f , one can choose h and g to be
smooth as well (Tabaghi & Wang, 2023). We will use the following regularity assumption for the
symmetric functions considered in this paper.

Assumption 1. For all symmetric functions f(θ) studied in this paper, we assume that there exists
a deep–set representation of f as in Eq. (4), such that

1. Neither h nor g depends on d;

2. h and g are both Taylor-expandable with finite radii of convergence.

While many ML models are non-smooth (e.g., ReLU networks), our compression results often ex-
tend to such settings at the level of conclusion (concretely, ReLU networks are studied in the numer-
ical results in Figs. 3, 4 and 5), suggesting broader applicability beyond the analytic regime treated
formally here.

Notation. Let V = Rm denote the space in which each object wi is embedded. ⊗ represents
tensor product. The shorthand [d] refers to the index set {1,2, . . . , d}, but when x is a non-integer
real number, [x] denotes its closest integer. Sd denotes the symmetric group of d elements. For
a nonnegative weight vector {ci}di=1, the support is defined as supp(ci) ≡ {i ∈ [d] ∣ ci ≠ 0}. For
a set S ⊆ V , the diameter is diam(S) ≡ maxx,x′∈S ∥x − x′∥, where we use the Euclidean norm
throughout this paper. N(µ,σ2) denotes the normal distribution with mean µ and variance σ2. All
other notations will be introduced in context.

3 RELATED WORKS

Compression in AI. Model and dataset compression has long been a central problem in AI (Han
et al., 2015; Frankle & Carbin, 2018; Sorscher et al., 2022; Salomon, 2002; Wang et al., 2018).
Yet, almost no theoretical framework exists to explain why, or to what extent, such compression is
possible. A primary conceptual framework is the lottery ticket hypothesis (LTH) (Frankle & Carbin,
2018), which posits that within every network there exists a small subnetwork that, when retrained,
can achieve the same performance as the original. Several theoretical works have established vari-
ants of the LTH (Malach et al., 2020; Pensia et al., 2021; da Cunha et al., 2022). However, these
results typically fail to imply that the compressed model exhibits the same learning dynamics as the
original—that is, that it reaches the same performance after training—which is arguably the most
practical implication of the LTH. To date, the original formulation of the LTH remains unproven,
precisely because of its dual requirement of both training and compression. We provide a more
detailed discussion of this point in Sec. 5. Another closely related work is Ziyin (2024), which
suggests the connection between symmetries and emergent sparsity during training.
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Neural Scaling Laws. A major empirical guideline for training large language models (LLMs) is
the neural scaling laws, which state that as the size of models and datasets increases, the generaliza-
tion error decays as a power law: L ∝ d−α, with α often small (Kaplan et al., 2020). Such small
exponents pose a central obstacle for scaling LLMs. For example, when α = 0.1, reducing the gener-
alization error by half would require increasing the dataset size by a factor of 1000—an impractical
demand given today’s limited data availability. Sorscher et al. (2022) suggests the possibility of
improving scaling laws through data pruning; however, their theory applies only to linear regression
and assumes knowledge of the ground-truth model. Whether scaling laws can be improved in more
general settings, and without requiring access to the ground truth, remains unknown.

4 UNIVERSAL COMPRESSION THEOREM

Compression is enabled by the observation that symmetric functions can be characterized by far
fewer degrees of freedom than their apparent dimensions, which follows from a variant of the fun-
damental theorem of symmetric polynomials (FTSP). We then leverage this result to show that a
family of compression algorithms ensures asymptotically lossless compression.

4.1 SYMMETRIC FUNCTIONS ARE COMPRESSIBLE

The value of a symmetric function does not depend on the specific ordering of θ = (w1, . . . ,wd),
where each wi ∈ Rm. As a simple example, the joint probability distribution of d i.i.d. random
variables is symmetric in the sampled data points. This i.i.d. property underlies classical Shannon
compression (Cover & Thomas, 2006). In this sense, permutation symmetry can be viewed as a
natural generalization of independence (see, e.g., Bloem-Reddy & Teh (2020)), and it is thus natural
that the compression of i.i.d. variables extends to the more general setting of permutation-symmetric
variables. The following theorem shows that it suffices to keep track of the tensorial statistical
moments of θ, an idea traceable to Newton and Lagrange (Blum-Smith & Coskey, 2017). The
following version of FTSP directly relates multivariate symmetric polynomials to their moments.
Theorem 1 (Multivariate FTSP). Let θ = (w1, . . . ,wd) with wi ∈ Rm. Any symmetric polynomial
f(θ) (i.e., f(θ) is permutation invariant and is a polynomial of all scalar components wi,a) can be
expressed as a function of the moments pk, k ∈ [d], defined by

pk =
1

d
∑
i

w⊗ki ≡ 1

d
∑
i

wi ⊗ ⋅ ⋅ ⋅ ⊗wi
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

k repetitions

. (5)

If f(θ) is a symmetric polynomial of degree k, then, f(θ) is fully determined by the first k mo-
ments. Thus, any change to θ that preserves these moments leaves f(θ) unchanged. In other words,
the variables can be compressed into the size of their leading k moments as a linear space. The
following theorem by Tchakaloff gives a direct upper bound on the number of elements required for
the compression.
Theorem 2 (Tchakaloff (1957)). Let µ be a measure supported on D ⊂ Rm. Then there exist N
points wj ∈ D, with N ≤ Nm,k = (m+kk

), and positive weights cj , such that the first k moments are
matched: ∀l ∈ {0,1, . . . , k}, ∫D w⊗l dµ(w) = ∑N

j=1 cj wj
⊗l.

A proof follows from Carathéodory’s theorem in dimension Nm,k (Leonard & Lewis, 2015). Note
that Nm,k is precisely the dimension of the linear space of all moments up to order k (including a
fictitious dimension for p0). Algorithm 2 in Appendix D guarantees such a compression: whenever
there are more than Nm,k weighted objects, we can always reduce the support to at most Nm,k

objects while preserving the first k moments.

In the spirit of Tchakoloff’s theorem, one can compress the original parameter set θ into a smaller
set of weighted parameter set θ′:
Definition 2. A weighted parameter set θ′ is defined as a collection of weight-parameter pairs

θ′ = {(c1,w1), (c2,w2), . . . , (cd′ ,wd′)}, (6)
where each cj ≥ 0 and wj ∈ V = Rm. The moments of θ′ and the values of symmetric functions are
defined as an average over the discrete measure µ = ∑d′

j=1 cjδwj :

p′k =
1

∑d′
j=1 cj

d′

∑
j=1

cjw
⊗k
j , f(θ′) = h

⎛
⎝

d′

∑
j=1

cjg(wj)
⎞
⎠
, (7)

4



Published as a conference paper at ICLR 2026

where f(θ) = h(∑d
i=1 g(wi)) is the deep-set representation of a symmetric function.

We remark that the original θ can also be viewed as weighted, with unit weight for each object. A
feature of our compression is that it does not change any of the wi’s but instead adjusts the weights
so that they are supported on a smaller subset. When f and {wi}i∈[d] are fixed, we may regard the
output as a function of only the weights {ci}i∈[d]. Specifically, given f(θ) = h(∑d

i=1 g(wi)), we
denote ϕ(c) = h (∑d

i=1 cig(wi)).
We are now ready to study approximating symmetric functions f that are Taylor-expandable. Ex-
panding f to order k yields a symmetric polynomial of degree k, and these moments can be matched
with very few weighted objects. Consequently, the approximation error begins at order (k + 1).
Theorem 3 (Moment matching in a small ball). Let f be a symmetric function acting on a weighted
parameter set θ = {(ci,wi)}i∈[d], and let ϕ be its corresponding function acting on weights. Let
r = diam({wi}i∈[d]). Then, there exist nonnegative weights {c′i}i∈[d] such that no more than Nm,k ≡
(m+k

k
) weights are nonzero, and

∣ϕ(c′) − ϕ(c)∣ = O(drk+1). (8)

Theorem 3 is a main ingredient of our compression theory. A lesson from this theorem is that dealing
with a group of objects of small diameter is very effective in suppressing error, as we can choose a
large enough k to greatly suppress the compression error.

4.2 ASYMPTOTIC LOSSLESS COMPRESSION

Theorem 3 shows that compressing points in a small diameter enables a tight control on the error.
By a sphere packing argument (see Lemma 1), if we put a lot (d) of objects in a finite region, then
we can always find a subset of diameter O((N/d)1/m) containing N objects. This gives rise to a
general strategy of compression in Algorithm 1, and any concrete algorithm that fits in this strategy
is guaranteed to have vanishing compression error.

Algorithm 1: A compression algorithm family.
Input : a set of objects θ = {wi}i∈d, target size d′, moment-matching order k ∈ Z+
Output: θ′ = {cj ,wj}j∈supp(c), where ∣ supp(c)∣ ≤ d′
Initialize ci = 1 for all i ∈ [d];
while ∣ supp(c)∣ > d′ do

Step 1 (clustering): Find a cluster S ⊆ supp(c) such that ∣S∣ > Nm,k and
diam{wj}j∈S = O(∣ supp(c)∣)−1/m ;

Step 2 (moment matching): Update weights {cj}j∈S such that they are supported on Nm,k

objects, and the first k moments are kept unchanged.
end

In terms of a practical compression algorithm, we first remark that Step 2 (moment matching) can be
realized by Algorithm 2 in Appendix D, although several other moment-matching algorithms exist,
especially in the case of peeling many points in one cluster (Piazzon et al., 2017). The most time-
consuming part in Algorithm 2 is finding null vectors, so we estimate its time complexity as dN2

m,k,
which tells us that matching higher moments takes a much longer time. For clustering, ideally in
each iteration one wants to greedily find the (Nm,k + 1)-subset with the smallest diameter, but the
k-nearest neighbor problem is known to be NP hard in general. For clarity, in Theorem 4 of this sec-
tion, we prove error bounds associated with the greedy strategy, indicating that a compression map
satisfying our asserted error bounds universally exists. However, we perform numerical experiments
using k-means clustering (see Appendix D), which works sufficiently well and is much faster.

The following theorem shows that with sufficiently large k (compared to m, but still much smaller
than d), one can compress the number of active objects to any power of d with vanishing error.

Theorem 4 (Universal Compression). Let ∥wi∥ ≤ R for all i ∈ [d]. Algorithm 1 with moment-
matching order k can compress θ = {wi}di=1 into d′ < d weighted objects θ′, such that for any
symmetric function f satisfying Assumption 1,
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1. The error is
E = ∣ϕ(c′) − ϕ(c)∣ = O (d (d′)1−

k+1
m ) , (9)

where ϕ stands for the function f treating weights as variables;
2. If k >m − 1, d original objects can be compressed into

d′ = O
⎛
⎝
( d

ε(d)
)

m
k−m+1⎞

⎠
(10)

weighted objects, such that the error is no larger than ε(d).

An implication of this theorem is that we can keep a vanishing portion of objects with vanishing
error. In fact, we can reach d′ = dσ with any 0 < σ < 1. To see this, we insert d′ = dσ into Eq. (9)
and get

∣ϕ(c′) − ϕ(c)∣ = O(d1+σ(1−
k+1
m )). (11)

This error bound is vanishing by choosing k > (1+σ−1)m−1. In Eq. (9), compressing up to order k is
enabled by the fact that the function is at least Ck-differentiable, whereas the term m in the exponent
is a typical signature of the curse of dimensionality. This competing effect of dimensionality and
differentiability is reminiscent of common error scalings in nonparametric statistics (Wasserman,
2006).

Theorem 4 seems to imply that larger k always yields tighter error bounds. However, this stops being
true when a cluster of Nm,k points becomes comparable to d. A more careful analysis shows that the
optimal choice of k is kopt = Θ(d′1/m) (Theorem 7). It follows that there exists a moment matching
algorithm such that the error is at most stretched-exponentially decaying as exp(−const × m

√
d);

correspondingly, we can compress d original objects into

d′ = O (logm d

ε(d)
) (12)

weighted objects, such that the error is no larger than ε(d). To better understand the d′ lower bounds,
we consider e.g., a power-law error ε(d) = d−α. Then Eq. (10) becomes d−(1+α)m/(k−m+1), which
can always be made smaller than d by choosing large enough k. Eq. (12) becomes ((1+α) log d)m,
which is still of order logm d. Despite we proved that compressing to logm(d) is possible, it should
be noted that when k = kopt, Nm,k becomes comparable to d, so compression becomes much more
computationally expensive.

Compression rate lower bound. In Appendix B, we prove that there exists a d-object distribution
that cannot be compressed into less than ∝ logm d objects without inducing finite error. Hence,
the compression rate d → logm d is optimal up to a constant factor, and achievable by the moment-
matching method we established.

To briefly summarize the reasoning, in Theorem 8, we show that there is a d-point uniform distribu-
tion such that, for any d′-point weighted distribution, we can find a symmetric function such that its
values on the two distributions differ by at least Ad exp[−Bd′1/m], where A and B are constants.
The d-point distribution is chosen to be “quasi-uniform” (see Definition 3). This property makes it
intuitively hard to compress, since if otherwise, a big cluster of objects concentrate, we can reduce
them to fewer objects by moment matching. The adversarial symmetric function is constructed as a
degree ∼ d′1/m polynomial. If we want a compression to be universally lossless, Ad exp[−Bd′1/m]
must be vanishing as d →∞. Solving this inequality gives the desired lower bound for d′, which is
Ω(logm d).

Numerical simulation. Figure 2 presents a direct numerical test of the compression error scaling
predicted in Theorem 4. We study the following function:

f(w1, . . . ,wd) =
1

d

d

∑
i=1

1

10

10

∑
a=1

sigmoid(⟨wi, xa⟩), (13)

where all wi and xa are m-dimensional vectors, and ⟨⋅, ⋅⟩ denotes the inner product. We compress a
fixed fraction of the original dataset across different dimensions and with varying moment-matching
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Figure 2: Error scaling for compressing a general symmetric function (Eq. (13)) using the moment-matching
method. (a–d): each point shows the error in f after compressing d → max([0.1d],Nm,k) input objects.
Matching higher-order moments leads to faster error decay. (e): α is the fitted exponent in ∣f(θ)−f(θ′)∣ ∝ d−α.
The dashed lines indicate (k + 1)/m + 0.5, which show good agreement with the numerical results.

SGD, lr = 0.01, batch size = 256GD, lr = 0.05, full batch

Te
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AdamW, lr = 0.01, full batch AdamW, lr = 10-3, batch size = 256
(a) (b) (d)(c)
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0 200 400
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Figure 3: Compression of the training dataset in a teacher–student setup. Green dashed line: training with
the original dataset of size d = 104; Orange line: training with a compressed dataset of size 103, using order
5 moment matching. Blue line: training with a size-103 subset of the original dataset. Each run uses a cosine
annealing learning-rate scheduler, annealing from the value shown in the plot titles to 0. Test MSE loss values
are plotted every 10 epochs. It is observed that learning with the compressed dataset closely approximates the
original dataset, whereas learning with a naively subsampled dataset does not.

orders. Specifically, we randomly sample vectors xa and inputs {wi}i∈[d], perform compression, and
average results over 20 trials to obtain each data point in Fig. 2 (a–d); error bars indicate standard
deviation. Figure 2(e) shows that the error decays approximately as E ∼ d−(k+1)/m−0.5. While
Eq. (11) predicts an upper bound E ∼ d−(k+1)/m+2, the observed error lies well below this bound and
shows a dependency on k and m that is similar to the theoretical bound.

Figure 3 shows the effectiveness of dataset compression in a standard neural network training task.
We consider a supervised learning problem in a teacher–student setup. Specifically, the teacher
f(x1, x2) is implemented as a random two-layer MLP of width 50 with ReLU activation. The stu-
dent receives d data points of the form (x1, x2,N(f(x1, x2),32)), where x1 and x2 are uniformly
sampled from [−1,1], and the goal is to learn f(x1, x2) using an identical network architecture.
The loss function is exactly symmetric in the dataset. For full-batch update rules, which depend on
the gradient of the full-batch loss, any model prediction or performance metric is thus a symmetric
function of the dataset. Consequently, if the student is given a compressed dataset of size d′ derived
from an original dataset of size d, the performance approximates that of training on the full dataset,
and typically surpasses that of training on d′ naively subsampled data points (Fig. 3(a,b)).

In practice, however, stochastic update rules based on mini-batches are more common. In this case,
permutation symmetry holds only in an averaged sense. Nonetheless, we find that compression
remains useful. Figures 3(c,d) show the loss evolution with batch size 256, supporting this claim.
Additional details are provided in Appendix E.
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5 DYNAMICAL LOTTERY TICKET HYPOTHESIS

The lottery ticket hypothesis (Frankle & Carbin, 2018) postulates that within any sufficiently wide
neural network, one can find a subnetwork that, when trained in isolation, achieves performance
comparable to the original. While widely observed, its theoretical understanding has remained elu-
sive. This section proves a corollary of our compression theory: any layer of a neural network
with width d can be asymptotically compressed, losslessly, to a size polylogarithmic in d such that
the training dynamics before and after compression are identical. We refer to this statement as the
dynamical LTH, which can be viewed as a stronger and more quantitative variant of the original
hypothesis, which only requires the final result to be identical.

The key idea behind the dynamical LTH is that predictions and loss functions are not only symmetric
functions of the trained parameters, but can also be regarded as symmetric functions of the initial
parameters. This holds because common update rules are equivariant, i.e., they commute with per-
mutations (see Appendix C). Let f denote a symmetric function, let T denote the training dynamics
(a mapping from initial parameters to trained parameters), and let θ0 denote the initial network pa-
rameters. By equivariance, f(T (θ0)) is again a symmetric function of θ0. Therefore, assuming that
f ○ T admits a finite radius of convergence, the moment-matching compression established earlier
applies directly to f ○ T , leading to the dynamical LTH.

To make the dynamical LTH practically applicable, we must define a compressed dynamics T ′,
which maps compressed initial parameters to compressed trained parameters. The formal definition
is given in Appendix C, but in practice it is straightforward. For gradient-based update rules such as
SGD or Adam, the compressed dynamics acting on θ′ = {(cj ,wj)}j∈[d′] is identical to the original
dynamics on θ, except that each gradient ∂L/∂wj is replaced by cj

−1∂L/∂wj . With the notions of
equivariance and compressed dynamics, one can prove the dynamical LTH:

Theorem 5 (Dynamical lottery ticket hypothesis). Let θ = {wi}i∈[d] be a set of permutation-
symmetric trainable parameters of a neural network, and each ∥wi∥ ≤ R. Suppose the model predic-
tion f ∶ V d → R is permutation invariant, and the training dynamics T ∶ V d → V d is equivariant.
Also, suppose f ○ T satisfies Assumption 1. Then, for any initial parameter θ0, there exists a com-
pressed weighted parameter θ′0 (which does not depend on f or T ), supported on d′ = O(logm d

ε(d))
points, such that

∣f(T ′(θ′0)) − f(T (θ0))∣ = ε(d). (14)

More specific error scaling of the dynamical LTH takes the same form as in Theorems 4 and 7. Here,
Assumption 1 is needed for the ∝ d scaling in Theorem 3 to hold. Theorem 5 not only applies to
two-layer MLPs, but also naturally extends to e.g., multi-head attention. However, it requires some
scrutiny to be extended to deep networks. From a similar reasoning we expect that each layer can
be compressed to a vanishing portion of its original width while respecting the dynamical LTH, but
the scaling of d′ is an open question. Regarding Assumption 1, it is theoretically not clear whether
f ○ T respects this assumption even if f does. We expect that when the single-step mappings are
analytic and the number of steps is finite (compared to d), the analyticity of f ○T follows f and thus
Theorem 5 holds.

A subtlety of Theorem 5 is that compression produces a “weighted neural network.” However, such
networks can be reduced to equivalent standard networks. To see this, recall the expression for the
output in Eq. (3). For a weighted network, this becomes

f(x) =
d′

∑
j=1

cjvj σ(wT
j x). (15)

If we redefine the second-layer weights as vj ← cjvj , then the expression reduces exactly to the
output of a standard neural network (by incorporating c into the outgoing weight).

Numerical simulation. Figure 4 directly validates the dynamical LTH. The task is to
learn the function f(x1, x2) shown in Fig. 4(a) from 105 data points of the form
(x1, x2,N(f(x1, x2),0.22)), with x1/2 sampled uniformly from [−1,1]. Across a wide range of
update rules and learning rates, the predictions of a wide network and its compressed counterpart
are shown to be nearly indistinguishable throughout the training dynamics.

8
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Figure 4: Dynamical LTH (Theorem 5). The demonstrated task is learning a bivariate function from
noisy training data. (a) Ground-truth function f(x1, x2) = J6(20r) cos(6θ), where r2 = x2

1 + x
2
2 and

θ = arctan(x2/x1), known as a cylindrical harmonic. (b–d) MSE loss vs epoch under three different up-
date rules. Green dashed line: randomly initialized network of width 104; Orange line: compressed network
of width 103, using k = 5 moment matching; Blue line: random subnetwork of the 104-width network, also of
width 103. Loss values are plotted every 50 epochs. All runs employ a cosine annealing learning-rate sched-
uler. Batch size is 512 for all cases, and for the three curves in each figure, we enforce identical trajectories of
mini-batch choices.

6 IMPROVING NEURAL SCALING LAWS

Theorem 4 shows that the predictions obtained from a large number of objects can be faithfully
reproduced by a much smaller set of weighted objects. This observation can be leveraged to asymp-
totically improve a neural scaling law. A commonly used empirical form of neural scaling laws is
(Henighan et al., 2020)

L(d) = L0 + (d0/d)α, (16)

where L denotes the loss and d may represent dataset size or number of parameters, or similar re-
sources. Theorem 4 improves power-law scaling in dataset size or model parameters to at most
stretched-exponential scaling. To see this, suppose we compress d objects into d′ = dσ objects,

where 0 < σ < 1. By Eq. (11), the loss takes the form L(d) = L0 + (d0/d)α + O(d1+σ(1−
k+1
m
)).

Choosing k sufficiently large ensures that the compression-induced error vanishes compared to
O(d−α), leading to a improved scaling:

L(d′) = L0 + (d′0/d′)α/σ. (17)

In the same spirit, we can compress d to d′ = O(logm d) (inducing arbitrarily fast power law error,
which is negligible) so that any power-law scaling is improved to a stretched exponential scaling as

L(d′) = L0 + d−α = L0 + exp(−α′
m
√
d′). (18)

Numerical simulation. We demonstrate improvements in scaling laws with respect to dataset size
in Fig. 5(a) and with respect to network width in Fig. 5(b). The learning tasks in Figs. 5(a) and 5(b)
are the same as those in Figs. 3 and 4, respectively; additional details are provided in Appendix E.
In both cases, compressing d objects to [16

√
d] objects effectively doubles the scaling exponent.

As a practical remark, the error bound in Eq. (11) guarantees sufficiently small compression error if
only k ≳ 13. However, in Fig. 5 we match only up to the 6th moment and still observe a quadratic
speedup. Together with Fig. 2, this suggests that in practice the error scaling can be substantially
faster than the worst-case upper bound.

7 DISCUSSION AND OUTLOOK

In this work, we established a rigorous framework showing that any permutation-symmetric function
admits strong asymptotic compression. A key advantage of the theory is that it is system-agnostic,
meaning that it can be applied to any architecture or loss function. The theory has strong implica-
tions for deep learning and AI research. We showed that this result can be applied to understand
the compressibility of both neural networks and datasets, a connection that has not been identified
previously. This leads to a unified theory of compression for deep learning.

The central contribution of our theory is a proof of concept that it is theoretically possible to strongly
compress neural networks and datasets, enabling far more efficient use of data and parameters. An
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Figure 5: Improving neural scaling laws through compression. (a) MSE loss of the teacher–student task after
training on an original dataset of size d vs a compressed dataset of size d′. (b) MSE loss of the cylindrical
harmonic task after training a two-layer neural network of width d versus its compressed counterpart of width
d′. In both panels, we compress d objects to d′ = [16

√

d] using k = 6 moment matching. The exponent α is
obtained by fitting L∝ d−α or d′−α.

important future direction is therefore to develop practical compression algorithms that can improve
neural scaling laws at scale. We proposed a polynomial-time algorithm that achieves these scalings
exactly, but it is currently too slow and memory-intensive in high dimensions. We expect future
work to either optimize this algorithm or design scalable approximations. A potential limitation of
moment-matching compression is slow error decay when the constituent dimension m is large, re-
flecting the familiar curse of dimensionality. Another possible limitation is that when m is large the
outputs are likely to degrade in smoothness. However, many ostensibly high-dimensional objects
actually lie near low-dimensional manifolds (Abbas et al., 2021). In particular, language data appear
to have an effective dimension ∼ 10 (Gromov et al., 2023; Du & Tanaka-Ishii, 2025). These obser-
vations suggest that our compression framework can be extended to handle high-dimensional yet
structured data, where exploiting low-dimensional embeddings may greatly mitigate the apparent
limitation.

Our framework also suggests new directions beyond direct compression. In particular, it points to
improved data sampling strategies and model initialization schemes. For example, our proof of the
dynamical LTH can be interpreted as showing that a sufficiently well-initialized network may match
the performance of a randomly initialized network orders of magnitude larger. The future direction
is to construct initializations (or datasets) that behave as if they were already compressed. Intuitively,
well-chosen objects should be weighted and roughly equidistant, making further compression dif-
ficult. Such strategies may be connected to importance sampling (Hammersley, 2013; Bengio &
Senecal, 2008) and orthogonal initialization (Saxe et al., 2014). On the theory side, many questions
remain open. Extensions of our results could refine approximation rates in Barron space (Barron,
1994; Ma et al., 2022; Yang & Zhou, 2025). Finally, while our framework is rooted in the symmetric
group, generalizations to other group structures may offer further insights.
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A LEMMAS AND PROOFS OF THEOREMS

A.1 FTSP

The following theorem is well known. We quote it and will use it in the proof of Theorem 1.
Theorem 6 (Fundamental theorem of symmetric polynomials). For any symmetric polynomial
f(x1, . . . , xd), where xi ∈ R for all i ∈ [d], there is a unique polynomial P such that

f(x1, . . . , xd) = P (p1, . . . , pd), (19)

where pk (k ∈ [d]) is called the kth moment and is defined as

pk =
1

d

d

∑
i=1

xk
i . (20)

An arguably more common statement of the FTSP is that any symmetric function is a function
of power sums ∑d

i=1 x
k
i for k = 0,1, . . . , d, which differs from our statement by a normalization

of d. However, our convention fixes each moment pk to constant order of magnitude. With our
convention, we can treat P as dependent on d.

A.2 THEOREM 1

Proof. We write the coordinates of wi as (wi,1, . . . ,wi,m). For convenience, we use the multi-index
notation α = (a1, . . . , am), such that wα

i ≡ w
a1

i,1 . . .w
am

i,m. For a multi-index α, ∣α∣ ≡ a1 + ⋅ ⋅ ⋅ + am.
Also, we define qα = ∑d

i=1w
α
i (we use q to distinguish from p with a 1/d factor). Our proof is

divided into a few steps: (1) Represent f in terms of qα’s (2) Repack {qα} into tensor moments
{pk} (3) Show that only pk for k = 1, . . . , d are independent (4) Show that the representation in
terms of {pk} is unique.

Generally, a polynomial f is linearly spanned by monomials in the form wα1

i1
wα2

i2
. . .wαN

iN
(note that

N < d), where all subscripts are distinct and each ∣αj ∣ > 0. Imposing permutation symmetry Sd,
such monomials differing by index permutation must appear with the same coefficient. That is, the
space of symmetric polynomials is linearly spanned by terms in the form

∑
σ∈Sd

wα1

σ(1)w
α2

σ(2) . . .w
αN

σ(N) ∝ ∑
X(i1,...,iN )

wα1

i1
wα2

i2
. . .wαN

iN
(21)

Here, we introduced the notation X(i1, . . . , iN) to denote the set of index list (i1, . . . , iN) such that
all ij are distinct and range from 1 to d.

We prove by induction on N that such terms can all be written as polynomials of qα’s. When N = 1,
Eq. (21) is simply qα by definition:

d

∑
i=1

wα
i = qα. (22)

Now, suppose Eq. (21) is proven to be a polynomial of qα’s. Replacing N → N + 1, we look at

∑
X(i1,...,iN+1)

wα1

i1
wα2

i2
. . .wαN+1

iN+1 . (23)

We use the set decomposition

X(i1, . . . , iN) × {iN+1}d1 = X(i1, . . . , iN+1) ⊔ X(i1, . . . , iN) × {i1}
⊔ ⋅ ⋅ ⋅ ⊔ X(i1, . . . , iN) × {iN}

(24)

to rewrite Eq. (23) as

∑
X(i1,...,iN+1)

wα1

i1
wα2

i2
. . .wαN+1

iN+1 = ∑
X(i1,...,iN )

iN+1

wα1

i1
wα2

i2
. . .wαN+1

iN+1

− ∑
X(i1,...,iN )

wα1

i1
wα2

i2
. . .wαN

iN
wαN+1

i1
− ⋅ ⋅ ⋅ − ∑

X(i1,...,iN )
wα1

i1
wα2

i2
. . .wαN

iN
wαN+1

iN
.

(25)
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On the right-hand side, the first term can be written as

⎛
⎝ ∑
X(i1,...,iN )

wα1

i1
wα2

i2
. . .wαN

iN

⎞
⎠
qαN+1 , (26)

in which the parenthesis is a polynomial of qα’s by induction assumption. The second term can be
written as

∑
X(i1,...,iN )

wα1+αN+1
i1

wα2

i2
. . .wαN

iN
, (27)

which is a polynomial of qα’s as well, and so are the other terms in the ellipse. Therefore, we proved
that all terms in the form of Eq. (21) can be written as polynomials of qα’s.

Next, we repack qα into tensors. Define pα = qα/d. Note that the set {pα ∣ ∣α∣ = k} is exactly the
set of coordinates of the tensor pk = ∑iw

⊗k
i /d. So indeed, the value of f relies only on the tensor

moments pk.

To show that f only requires the first d moments, we try to represent any pk (k > d) as a function of
p1, . . . , pd. pk is a symmetric tensor of rank k. It is easy to see that the space of symmetric k-tensors
is isomorphic to the space of homogeneous polynomials of degree k (the argument is denoted as
u ∈ Rm), by the homomorphism

Ti1,...,ik → ∑
i1,...,ik

Ti1,...,ikui1 . . . uik . (28)

Specifically, pk is mapped to

sk(u) =
1

d

N

∑
i=1
(u⊺wi)k (29)

Using Theorem 6 for the variables {u⊺wi ∣ i = 1,2, . . . , d}, there is a polynomial P such that

sk(u) = P (s1(u), . . . , sd(u)). (30)

Because this holds for arbitrary u, it follows that pk is a function of p1, . . . , pd as well.

The fact that the representation of f in terms of moments is unique is obvious: assume two poly-
nomials f and f ′ are mapped to the same function. Taking the difference of the two equations
f(θ) = P ({pk}) and f ′(θ) = P ({pk}), we find f(θ) − f ′(θ) = 0 for any θ.

A.3 THEOREM 3

Proof. Choose an m-dimensional ball of diameter r that contains all wi’s, and let the center be
w0 ∈ Rm. We first Taylor-expand f(θ) around θ0 = (w0, . . . ,w0) up to the kth order. The expansion
is a symmetric polynomial of degree k, so it can be written as a function of (p1, . . . , pk). By
Theorem 2, we can find another set of weights {c′i} supported on Nm,k = (m+kk

) points, such that

∑
i

c′i(wi −w0)⊗l = ∑
i

ci(wi −w0)⊗l = pl for l = 1, . . . , k (31)

Let θ′ = {c′i,wi}, and denote its moments by {p′l}. By construction, we have p′l = pl for l = 1, . . . , k.
Since the first k moments all match, there is no difference between ϕ(c) and ϕ(c′) up to the kth
order.

Next, we look at the (k + 1)th order in the Taylor expansion of f(θ) around θ0. It is written as

∑
∣α∣=k+1

1

α!
∂αf(θ0)(θ − θ0)α (32)

It is a degree-(k + 1) homogeneous symmetric polynomial, and we denote it as Pk+1(p1, . . . , pk+1).
Hence,

fd(θ) − fd(θ′) = Pk+1(p1, . . . , pk+1) − Pk+1(p1, . . . , pk, p′k+1). (33)

In Pk+1(p1, . . . , pk+1), the only term that depends on pk+1 is linear in itself—⟨bk+1, pk+1⟩, where
bk+1 is a (k + 1)-index symmetric coefficient tensor and here ⟨⋅, ⋅⟩ denotes tensor contraction; all
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other terms are completely determined by {pl}kl=1. To see that bk+1 is at most of order d, we use the
deep-set representation: f(θ) = h(∑i∈[d] g(wi)). Then bk+1 can be written down explicitly as

⟨bk+1, pk+1⟩ =
∂f

∂y

d

∑
i=1
⟨ak+1, (wi −w0)⊗(k+1)⟩

= d ⟨∂f
∂y

ak+1, pk+1⟩ ,
(34)

where y = ∑i∈[d] g(wi), and ⟨ak+1, (wi −w0)⊗(k+1)⟩ is the (k + 1)th order in the Taylor expansion
of g around w0. All derivatives are taken at θ = θ0. By our convention that h and g are independent
of d, we thus have bk+1 = O(d).

Also, since each ∥wj − w0∥ ≤ r/2 we have pk+1 = O(rk+1). Therefore, we conclude that fd(θ) −
fd(θ′) = O(drk+1).

A.4 SPHERE PACKING LEMMA

This lemma is used in proving Theorems 4 and 7.

Lemma 1 (Sphere packing). Given d≫ 1 objects in a closed m-dimensional ball of radius R: that
is, θ = {wi}di=1, ∥wi∥ ≤ R. For any θ, the diameter of the smallest ball containing N points is at
most of order (N/d)1/m. That is,

sup
θ

min
S⊂θ
∣S∣=N

diam(S) = RO ((N/d)1/m) . (35)

Proof. We use B(x, r) to denote a closed m-ball centered at x.

Cover B(0,R) by M balls of radius r. By the pigeonhole principle, if d > (N − 1)M , some ball
contains at least N points, giving an N -point subset of diameter ≤ 2r.

We show that there exists a covering with M = (1 + 2R/r)m points. We choose a set of points
{xj}Mj=1 ⊂ B(0,R) to form a maximal r/2-packing of the ball B(0,R), meaning

∥xi − xj∥ ≥ r,∀i ≠ j, (36)

and no further points can be added while maintaining this separation. By this definition, the balls
{B(xj , r)} form a covering of B(0,R), but the smaller balls {B(xj , r/2)} are mutually disjoint
and contained in B(0,R + r/2). By comparing volumes, we find

M(r/2)m ≤ (R + r/2)m. (37)

Hence, if the radius of each ball is r, there exists a covering of B(0,R) with ⌈(1 + 2R/r)m⌉ balls.
Also requiring d/(N − 1) > ⌈(1 + 2R/r)m⌉, we conclude that

sup
θ

min
S⊂θ
∣S∣=N

diam(S) ≤ 4R

( d
N−1 − 1)

1/m − 1
= RO((N/d)1/m). (38)

A.5 THEOREM 4

Proof. Denote Nm,k = (m+kk
). In this proof, we show that the general algorithm (Algorithm 1) with

greedy clustering strategy satisfies the asserted error bounds. By the greedy strategy (also described
in Appendix D), we mean that in each iteration we choose a subset S ⊆ ∣ supp(c)∣ of Nm,k + 1
objects among the active (i.e., with nonzero weight) objects. Then we reduce one object in S while
maintaining up to the kth moment.

By Theorem 3, the output error of one step is of order cSrk+1, where cS is the total weight of this
cluster, and r is the diameter. Because the greedy strategy always look for optimizing the diameter,
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after O(d) steps, there is no better upper bound for cS than d. By Lemma 1, when there are N active
objects, the smallest diameter is upper-bounded by

O
⎛
⎝
(
Nm,k + 1

N
)
1/m⎞
⎠
= O(N−1/m). (39)

Now, we sum up the error of all the steps. Denote the function’s error as E = ∣ϕ(c′) − ϕ(c)∣. Then,
in one step of pruning, the error is

∆E = O(drk+1) = O(dN−(k+1)/m). (40)

We upper-bound the sum over N by an integral using ∑d
N=d′+1N

−α ≤ ∫
d
d′ N

−α dN , and find that
pruning d original objects into d′ objects results in

E = O (∫
d

d′
dN−(k+1)/m dN)

= O ( d
k+1
m
− 1
((d′)1−

k+1
m − d1−

k+1
m ))

(41)

or logarithmic if k + 1 = m; but as we are only concerned with vanishing error, we will skip the
analysis of k + 1 =m. Since d′ < d, we conclude that the error is upper-bounded by

E = O (d (d′)1−
k+1
m ) , (42)

which completes the proof of statement 1.

To show statement 2, we look at the equation

ε(d) = E = O (d (d′)1−
k+1
m ) (43)

Solving this equation with respect to d′ gives the asserted scaling of d′.

A.6 OPTIMAL k AND polylog SCALING

In establishing Theorem 7, we have been fixing k as a hyperparameter which can be chosen at will.
Here, we will optimize over the choice of k to study the smallest achievable final size d′ such that
the error is vanishing. In the derivation below, k could scale up with d, but we always set m to be a
finite constant.
Theorem 7. Assume ∥wi∥ ≤ R for all i ∈ [d]. There exists a mapping from d uniformly weighted
objects to d′ weighted objects, such that for any symmetric function f satisfying Assumption 1,

1. The error is

E = ∣ϕd(θ′) − ϕd(θ)∣ = O (d(d′)1−1/m exp [−1
e
(m!ρd′)1/m]) , (44)

where ρ is the radius of convergence of the function g in the deep-set representation of f
(Eq. (4));

2. d uniformly weighted objects can be compressed into

d′ = O (log d

ε(d)
)
m

(45)

weighted objects, such that the error is no larger than ε(d).

Proof. Essentially, we follow the same greedy strategy and the same reasoning as the proof of
Theorem 4. However, since k can be large, here we keep track of all factors that scales with k or d.

Recall that the upper bound for the radius of a cluster is ((Nm,k + 1)/N)1/m, and the upper bound
for cS is d. Also, since the convergence radius of g be ρ, the constant factor for the (k + 1)th
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order Taylor expansion scales as ρ−k. Putting these together, the error of one step of pruning is
upper-bounded by

∆E = O
⎛
⎝
dρ−k (

Nm,k + 1
N

)
k+1
m ⎞
⎠

(46)

For notation simplicity, we will drop the big-O notation and use ∆E to refer to the upper-bound
expression on the right-hand side of Eq. (46). There is an optimal kopt that minimizes the single-
step error. We solve it by taking derivative of log(∆E/d).

log(∆E/d) = −k log ρ + k + 1
m
(log(Nm,k + 1) − logN)

= −k log ρ + k + 1
m
(log(m + k)! − log k! − log(m!N)) +O(1)

= k log k + log k − k + 1
m

log(m!Nρ) +O(1).

(47)

In the third line, we used Stirling’s formula log(n!) = n logn−n+ 1
2
log(2πn)+ 1

12n
+O(n−3) when

n→∞ and simplified the expression. The derivative of the above reads

d

dk
log(∆E/d) = log k + 1 − 1

m
log(m!Nρ) +O(k−1). (48)

Setting the derivative to zero, we obtain

log kopt =
1

m
log(m!Nρ) − 1 +O(k−1) (49)

Plugging this value into Eq. (47), we get

log(∆Eopt/d) = −kopt +O(1)

⇒ ∆Eopt = O (d exp [−
1

e
(m!Nρ)1/m]) .

(50)

Moving forward, we integrate over ∆Eopt from d′ to d:

Eopt = O (d∫
d

d′
exp [−1

e
(m!Nρ)1/m]dN)

= O (dΓ(m,
1

e
(m!ρd′)1/m)) ,

(51)

where Γ is the incomplete Gamma function:

Γ(m,z) ≡ ∫
∞

z
tm−1e−tdt. (52)

Its asymptotic behavior at z →∞ reads

Γ(m,z) = exp [−z +O(z−1)] zm−1 (1 +O(z−1)) . (53)

Inserting this expansion into Eq. (51), we get the asserted error scaling in part 1 of the theorem.

To obtain part 2, we solve the inequality

ε(d) = E = O (d(d′)1−1/m exp [−1
e
(m!ρd′)1/m]) (54)

with respect to d′. One can take log on both sides of this inequality and safely neglect the factor
(d′)1−1/m to eventually get

d′ = O (log d

ε(d)
)
m

. (55)
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B polylog COMPRESSION RATE IS OPTIMAL

In this Appendix, we show that our algorithm of compressing d objects into O((log d)m) weighted
objects is optimal up to a constant factor. The strategy to prove this is to find a d-point uniform
distribution µ, show that for any d′-point distribution µ′ we can always find a function that evaluates
to sufficiently distinct values on these two distributions.

What distribution is hard to compress? Inspired by the fact that we prioritize merging close-in-
distance points in the main Algorithm 1, in an adversarial distribution, all points should be roughly
equidistant from the neighbors, so there is no cluster that is particularly “easy” to compress. Hence,
we introduce the following notion of quasi-uniformity:
Definition 3 (Quasi-uniformity). Let D ⊂ Rm be a fixed compact set with nonempty interior. A set
Xd = {x1, . . . , xd} ⊂D is quasi-uniform if there is a constant CD (independent of d) such that each
Voronoi cell of xi has volume less than or equal to CD

d
.

A quasi-uniform point set obviously exists: for example, it can be a maximal O(d−1/m)-packing of
the region D (see the proof of Lemma 1 for the definition).

Another lemma we are going to use is the following. The basic message is that a nontrivial degree-k
polynomial cannot be exponentially small on most of D; a set of finite measure remains above e−Ak.
Lemma 2. Let D ⊂ Rm be a convex compact set, and let ∣D∣ denote its volume. Let p be a real
polynomial on D of degree ≤ k normalized by ∥p∥L∞(D) ≡ supx∈D ∣p(x)∣ = 1. For any t > 0, define

St = {x ∈D ∶ ∣p(x)∣ ≥ t} . (56)

Then
∣St∣
∣D∣
≥ 1 − (t/2)1/k. (57)

Proof. We begin by quoting a multivariate Remez inequality (Theorem 1.2 in Brudnyi & Yomdin
(2015)): for any measurable E ⊂D with λ = ∣E∣∣D∣ ∈ (0,1] and any real polynomial q of degree ≤ k,

∥q∥L∞(D) ≤ Tk

⎛
⎝
1 + (1 − λ)1/m

1 − (1 − λ)1/m
⎞
⎠
∥q∥L∞(E), (58)

where Tk is the Chebyshev polynomial of the first kind.

For t ∈ (0,1), we use Et to denote the sublevel set:

Et = {x ∈D ∶ ∣p(x)∣ ≤ t} , λt =
∣Et∣
∣D∣

. (59)

Applying (58) with q = p, E = Et and using ∥p∥L∞(D) = 1 gives

1 ≤ Tk

⎛
⎝
1 + (1 − λt)1/m

1 − (1 − λt)1/m
⎞
⎠
t. (60)

Then, we make simplifications to the Chebyshev term in Eq. (60). For x ≥ 1,

Tk(x) = 1
2
(x +

√
x2 − 1)

k
+ 1

2
(x −

√
x2 − 1)

k
≥ 1

2
xk. (61)

Moreover, since v ↦ v1/m is increasing and v1/m ≥ v on [0,1],

1 + (1 − λ)1/m

1 − (1 − λ)1/m
≥ 1

1 − (1 − λ)1/m
≥ 1

λ
for λ ∈ (0,1]. (62)

Combining (61) and (62) in (60), we obtain

1 ≤ 1
2
λ−kt t Ô⇒ λt ≤ (t/2)1/k. (63)
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Now we pass to the superlevel set St. Note that ∣St∣ + ∣Et∣ = ∣D∣. Then
∣St∣
∣D∣
= 1 − λt ≥ 1 − (t/2)1/k. (64)

The following theorem constructs an adversarial polynomial (i.e., has moderately large error how-
ever we compress). Remember from Sec. 2 that our global assumption for functions is this paper is
that they have finite convergence radius, so the polynomial constructed here lies within the assump-
tion.
Theorem 8. Let µ and µ′ be non-negative distributions supported on D: µ = ∑d

i=1 δxi , µ′ =
∑d′

j=1 cjδyj where all xi, yj ∈ D and cj > 0. There exists a µ such that for any µ′, there exists a
polynomial g and constants A,B > 0 such that

∣∫
D
g dµ − ∫

D
g dµ′∣ ≥ Ad exp[−Bd′1/m]. (65)

Proof. Let k be the smallest integer with Nm,k = (m+km
) > d′. Let q ∶ Rm ↦ R be a degree-k

polynomial. Since there are Nm,k parameters in q, there exists a non-zero polynomial such that
q(y1) = ⋅ ⋅ ⋅ = q(yd′) = 0. Also, q is normalized so that ∥q∥L∞(D) = 1. Let g = q2 be the adversarial
function that will be shown to satisfy Eq. (65). For g and µ′, we have

∫ gdµ′ =
d′

∑
j=1

cjq(yj)2 = 0. (66)

Next, we consider ∫D g dµ. Denote the point set of {xi}di=1 by Xd. Quasi-uniformity of Xd implies
that the number of points inside a region is comparable to the volume: #(Xd ∩S) ≥ d

cD
∣S∣ for some

constant cD > 0. Let S be the superlevel set St, we have

∫
D
g dµ =

d

∑
i=1

q(xi)2 ≥
1

cD
d∣St∣t2 ≥

∣D∣
cD

d (1 − (t/2)1/k) t2, (67)

where we used Lemma 2 in the last line. We further plug in t = 2e−Ck to have

∫
D
g dµ ≥ ∣D∣

cD
d (1 − e−C) e−2Ck. (68)

Putting this together with ∫D g dµ′ = 0 and denote A = ∣D∣
cD
(1 − e−C),

∣∫
D
g dµ − ∫

D
g dµ′∣ ≥ Ade−2Ck. (69)

Finally, recall that k is the minimal integer with Nm,k > d′. Since Nm,k = (m+km
) ∼ km/m!, there

exist constants c1 and c2 (depending only on m) such that

c1d
1/m ≤ k ≤ c2d1/m. (70)

Therefore,

∣∫
D
g dµ − ∫

D
g dµ′∣ ≥ Ad exp[−Bd′1/m], (71)

where B = −2C ⋅ c2.

Finally, we show that Theorem 8 leads to a Θ((log d)m) compression lower bound. We require
the compression error to be at most ε(d), which is a vanishing function when d → ∞. This is not
possible if

Ad exp[−Bd′1/m] ≥ ε(d), (72)
which is equivalent to

d′ ≤ 1

B
(log Ad

ε(d)
)
m

. (73)

A common choice for ε(d) is ε(d) ∝ d−α. In this case, the right-hand side of the above inequality
is proportional to (log d)m. Therefore, a universal compression from d objects to O((log d)m) is
optimal.
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C FORMAL THEORY ON THE DYNAMICAL LTH

In this Appendix, we formulate all ideas mentioned in Sec. 5 with mathematical rigor.

Let Sd be the permutation group of d elements. Let V = Rm. We define the representation R ∶ Sd ↦
End(V d) as

R(σ)(w1, . . . ,wd) = (wσ(1), . . . ,wσ(d)). (74)

Note that the definition of f ∶ V d ↦ V d being symmetric is equivalent to: for any σ ∈ Sd, f ○R(σ) =
f .
Definition 4 (Equivariant map). A function T ∶ V d ↦ V d is called an equivariant map if for any
σ ∈ Sd,

T ○R(σ) = R(σ) ○ T . (75)

The dynamics induced by equivariant maps has been studied in conventional settings of dynamical
systems (Field, 1980), but has not received much attention in deep learning. In fact, almost all
update rules that we commonly use are equivariant, which we will verify for SGD and Adam later
in this Appendix. Because compositions of equivariant maps are also equivariant, it follows that the
entire training dynamics (i.e., the mapping from initial model parameters to trained parameters) is
equivariant.

The following lemma shows that the composition of a symmetric function with an equivariant map-
ping is also a symmetric function.
Lemma 3. If f is a symmetric function and T is an equivariant map, then f ○ T is a symmetric
function.

Proof. For any σ ∈ Sd,
(f ○ T ) ○R(σ) = (f ○R(σ)) ○ T = f ○ T . (76)

Thanks to this lemma, we can treat f ○ T as a single symmetric function, and thus we expect that
compressing the weights by our moment matching method induces a vanishing error in the value of
f ○ T , that is, literally any prediction of the trained model.

The following lemma establishes a general representation of equivariant maps in terms of moments,
so it can be viewed as an extension of the FTSP.
Lemma 4. T is an equivariant map if and only if for all i ∈ [d],

Ti(θ) = T (wi,p), (77)

where p is a collective notation for {pk = 1
d ∑w⊗ki }

d−1
k=1. Note that T is a function that does not

depend on i, and is uniquely determined by T .

Proof. First, we verify that Ti(θ) = T (wi,p) for any function T is an equivariant map. Note that
σ(p) = p. Following the definition of equivariance,

Ti ○ σ(θ) = Ti(wσ(1), . . . ,wσ(d)) = T (wσ(i),p) = Tσ(i)(θ). (78)

Thus, T ○ σ = σ ○ T .

The rest of this proof is to show that all equivariant maps can be written in the asserted form. For a
fixed i, let σ̂ ∈ Sd be any permutation group element such that σ̂(i) = i. Consider the ith component
of the equation T (σ̂(θ)) = σ̂(T (θ)):

Ti(σ̂(θ)) = Ti(θ). (79)

This means that Ti is invariant under any permutation on [d]/{i}, which forms a representation of
Sd−1. By Theorem 1, Ti can be uniquely written as a function of wi and power sums ∑j≠iw

⊗k
j .

Since ∑j≠iw
⊗k
j is uniquely determined by wi and pk as dpk − w⊗ki , we conclude that there is a

unique function Ti such that
Ti(θ) = Ti(wi,p). (80)
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The final task is to show that Ti does not depend on i. We use πi,j to denote the permutation group
element that only exchanges i and j. The ith component of the equation T (πi,j(θ)) = πi,j(T (θ))
reads

Ti(wj ,p) = Tj(wj ,p), (81)

which completes the proof.

We use Lemma 4 to unambiguously define the compressed training dynamics:

Definition 5 (Compressed dynamics). Suppose a training dynamics is determined by an equivariant
map θ = T (θ0) (arbitrarily initialized weights to trained weights), which can be written as in
Eq. (77). For the weighted parameters θ′ = {cj ,wj}j∈[d] (cj never changes with the dynamics;
some cj might be zero so that they are actually pruned), we define the compressed dynamics T ′ as

T ′j (θ′) = T (wj ,p
′), (82)

where p′ is a collective notation for {p′k =
1
d ∑j cjw

⊗k
j }

d
k=1. Note that T ′ is uniquely determined by

T .

The mapping from original learning dynamics to compressed ones is in fact easy in practice. Below
are some common examples.

1. Stochastic gradient descent (SGD). Consider a two-layer neural network used in supervised
learning. For simplicity, we write the output as y = ∑d

i=1 g(wi, x), which is symmetric in
θ = (w1, . . . ,wd). Each time we choose a batch of training data {(xa, ya)}a∈B. We denote
the per-sample loss function as ℓa = ℓ(y(θ, xa), ya). The SGD update rule is

Ti(θ) = wi − η E
a∈B

∂ℓa
∂wi

= wi − η E
a∈B

∂ℓa
∂y

∂g(wi, xa)
∂wi

(83)

where η is the learning rate. Note that ∂ℓa/∂y is a function of y, which is thus permutation
invariant in θ. We can explicitly compute (T ○R(σ))(θ) and (R(σ) ○ T )(θ), which are
both equal to

wσ(i) − η E
a∈B

∂ℓa
∂y

∂g(wσ(i), xa)
∂wσ(i)

, (84)

so SGD is indeed equivariant.
Then, we derive the compressed SGD. Remember that the weighted neurons compute the
output as y = ∑d′

j=1 cjg(wi, x). Eq. (83) can indeed be written in the form T (wi,p) because
∂ℓa/∂y is a function of p, and ∂g(wi, xa)/∂wi solely depends on wi. Therefore, the
compressed update rule still looks like

T ′j (θ) = wj − η E
a∈B

∂la
∂y

∂g(wi, xa)
∂wj

. (85)

However, we emphasize that it is not wj − ηEa∈B ∂ℓa/∂wj , because

∂ℓa
∂wj

= ∂ℓa
∂y

cj
∂g(wj , xa)

∂wj
(86)

Effectively, whenever there is a gradient ∂L/∂wj in the original update, we should replace
it by c−1j ∂L/∂wj . This rule applies for all other gradient-based updates as well.
Finally, we remark on non-deterministic updates. It seems that choosing mini-batches turns
the update into a stochastic process, which complicates the problem. But in fact, for any
fixed trajectory of mini-batch choices, the update is explicitly equivariant (choosing a mini-
batch breaks the permutation symmetry among the training dataset, but not the permutation
symmetry of neurons). Therefore, we always expect to see good agreement between the
original and compressed dynamics if we use the same choice of mini-batches for both.
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2. Adam. The Adam update rule for standard (i.e., uniformly weighted) parameters reads

gt ← ∇θ E
a∈B

∂ℓa
∂θ
(θt−1)

mt ← β1mt−1 + (1 − β1)gt
vt ← β2vt−1 + (1 − β2)g2t
m̂t ←

mt

1 − βt
1

v̂t ←
vt

1 − βt
2

θt ← θt−1 − η
m̂t√
v̂t + ϵ

,

(87)

where t denotes time step. To check that Adam is equivariant, we only need to note that the
gradient (gt) for wi takes the form

E
a∈B

∂ℓa
∂y

∂g(wi, xa)
∂wi

, (88)

where ∂ℓa/∂y is symmetric, and ∂g(wi, xa)/∂wi is solely a function of wi. Using this
fact, it is straightforward to check that (T ○R(σ))(θ) and (R(σ) ○ T )(θ) are identical.
To define the compressed version of Adam, we need to keep the gradient exactly as in
Eq. (88), as in our discussion on SGD. This in turn tells us that we just need to replace
∂L/∂wj by c−1j ∂L/∂wj . Special to Adam, because 1/cj appears in both m̂t and

√
v̂t,

the compressed update rule is basically the same as the original if we neglect the small ϵ.
Indeed, in the numerical simulations we conducted with AdamW (the reasoning is the same
as Adam), we did not observe any visible difference whether or not to scale the gradients
by 1/cj .

Finally, we prove the dynamical LTH, which we restate here.

Theorem (Theorem 5, Dynamical lottery ticket hypothesis). Let θ = {wi}i∈[d] be a set of
permutation-symmetric trainable parameters of a neural network, and each ∥wi∥ ≤ R. Suppose
the model prediction f ∶ V d → R is permutation invariant, and the training dynamics T ∶ V d → V d

is equivariant. Also, suppose f ○ T satisfies Assumption 1. Then, for any initial parameter θ0,
there exists a compressed weighted parameter θ′0 (which does not depend on f or T ), supported on
d′ = O(logm d

ε(d)) points, such that

∣f(T ′(θ′0)) − f(T (θ0))∣ = ε(d). (89)

Proof. We compress θ0 using moment matching. By construction, for all l = 0,1, . . . , k we have

d

∑
i=1
(w0)⊗li = ∑

j∈S
cj(w0)⊗lj (90)

For any f , f ○ T and f ○ T ′ can both be written as a function of moments. In this representation,
using the definition in Eq. (82), one can check that they are exactly the same function. The difference
is that f ○ T takes in (p0)k = 1

d ∑i(w0)⊗ki , while f ○ T ′ takes in (p′0)k = 1
d ∑j cj(w0)⊗kj ; they are

identical in the first k moments by construction. Using Theorem 4, we conclude that using large
enough k, the difference between f(T (θ0)) and f(T ′(θ′0)) can always be made vanishing, with
the same error upper-bound as asserted in Theorem 4. Ultimately, using the optimal kopt given in
Theorem 7, we achieve d′ = O(logm d

ε(d)) with error at most ε(d).

D AN EXAMPLE OF THE MOMENT-MATCHING COMPRESSION ALGORITHM

Here, we describe the concrete algorithm for compression that is used in all our numerical simula-
tions.
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Figure 6: Runtime benchmark of the hybrid compression algorithm. See description in Sec. D. The
original dataset is i.i.d. uniformly sampled in an m-dimensional cube. The moment-matching order
is k = 5 for all trials in this plot. Each marker on the plot is an average over 5 trials, with error bar
representing one standard deviation.

Recall that in Algorithm 1 we identified two main steps of the algorithm: (1) clustering and (2)
moment matching. We first describe our moment matching strategy. For moment-matching, we
consistently use Algorithm 2, in which vect(⋅) represents flattening all the moments into a vector.
We remark that the existence of Algorithm 2 is effectively a constructive proof of Tchakaloff’s
theorem 2.

Our actual clustering strategy is slightly more involved, because finding the smallest cluster in d≫ 1
points is known to be NP hard. We implement a coarser k-means clustering instead. Only when
∣ supp(c)∣ becomes close to the desired stopping size d′, we switch to a greedy strategy, since the
diameters of clusters are likely to be large when ∣ supp(c)∣ is small. Concretely, in a k-means round,
we divide θ into∝ ∣ supp(c)∣/Nm,k clusters. Then we apply Algorithm 2 to each cluster containing
more than Nm,k objects in parallel. In a greedy round, we find the approximately smallest cluster
of Nm,k + 1 points, which is implemented using the k-nearest neighbor algorithm provided by the
faiss package (Douze et al., 2024).

For the above k-means/greedy hybrid strategy, we present the runtime benchmark in Fig. 6. The
calculation is conducted on a personal computer with Apple M4 Pro CPU. The runtime is observed
to be roughly proportional to d. This is because the number of iterations over moment-matching
reduction of support is proportional to d.

Finally, we remind the reader that our error bound Theorems 4 and 7 are proved for the greedy
strategy, where in each round one finds the smallest cluster of Nm,k + 1 objects and reduce one
object. For the above-mentioned hybrid clustering strategy, there is no theoretical guarantee as
strong as Theorem 4 for the error, but all numerical simulation turns out to meet our expectation.

Algorithm 2: Reducing support while matching moments
Input : Moment matching order k
Input : N weighted parameters {(cj ,wj)}Nj=1, where Nm,k = (m+kk

)
Output: Adjusted weights {cj} where ∣ supp(c)∣ ≤ Nm,k

function ϕ(w) = vect(1,w,w⊗2, . . . ,w⊗k)⊺ /* dimϕ(w) = Nm,k */;
while ∣ supp(c)∣ > Nm,k do

Let supp(c) = {j1, . . . , j∣ supp(c)∣}; A = (ϕ(wj1) ϕ(wj2) ⋯ ϕ(wj∣ supp(c)∣));
Find a nonzero v ∈ R∣ supp(c)∣ such that Av = 0; Ensure that at least one vj > 0 ;
t =minj∈supp(c)∶vj>0 cj/vj ;
cj ← cj − tvj .

end
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E DETAILS ON NUMERICAL EXPERIMENTS

We studied two main numerical tasks in Figs. 3, 4 and 5. For all these experiments, the loss function
in training is the mean squared error (MSE) loss. The test loss shown in figures is the MSE loss
evaluated on a randomly sampled dataset of the form (x1, x2, f(x1, x2)), where f(x1, x2) is the
ground truth function. For Figs. 3 and 4, the test dataset size is 105, and for Fig. 5 it is 2 × 104. All
unspecified training hyperparameters follow PyTorch defaults. In particular, for AdamW, they are
β1 = 0.9, β2 = 0.999, (weight decay) λ = 0.01, and ϵ = 10−8.

Fig. 3 and 5(a) concerns compressing the training dataset. The task is function fitting in a teacher-
student setup, described in Sec. 4.2. When the training dataset is weighted, the data loader is im-
plemented as follows: We draw i.i.d. samples from {wj}j∈[d′], using {cj}j∈[d′] as the unnormalized
probability distribution, to form a mini-batch.

Fig. 4 and 5(b) concerns compressing the width of a two-layer neural network. The task is fitting
an oscillating bivariate function known as a cylindrical harmonic, described in the caption of Fig. 4.
The training dataset size for Fig. 4 is 105, and for Fig. 5 is 2 × 104.

In Fig. 5, we show the test MSE loss scaling with respect to training dataset size (a) and neural
network width (b). For both (a) and (b), the update rule is AdamW. The learning rate is initially
0.001, and is modulated by a cosine annealing learning rate scheduler, reaching 0 at the final epoch.
Each data point is obtained by averaging 10 random instances of the train and test dataset and the
neural network initialization, and the error bars indicate the standard deviation. For (a), we train
each instance for 2048 epochs, each epoch containing one mini-batch of size 512, so that there is
a constant compute budget for the original and the compressed datasets. For (b), we train each
instance for 2000 epochs, each epoch enumerates over the train dataset. The batch size is 128.

F PERMUTATION SYMMETRY IN ATTENTION MODULES

In principle, the compression theory developed in this work can be applied to attention mechanisms
in two distinct ways. We briefly alluded to these ideas in Section 2; here, we provide a self-contained
and more detailed discussion. The two applications concern (1) the compression of the query and
key weight matrices, and (2) the compression of attention heads.

Compression of query and key matrices. The first application serves as a straightforward verifi-
cation of the theory. Consider the query and key matrices WQ and WK . The attention logits depend
only on their product, which can be written as

a = a(WQWK) (91)
with

WQWK =
d

∑
i=1

wi
Q (wi

K)
T
, (92)

where wi
Q denotes the i-th row of WQ and wi

K the i-th column of WK . Since the index i is a dummy
summation index, its ordering is immaterial. This reveals an explicit permutation symmetry among
the pairs {(wi

Q,w
i
K)}di=1.

Because the output depends only on the sum of these outer products, the symmetry implies that
the collection of these row–column pairs can be compressed. Moreover, if the left dimension of
WQ is m, then WQWK has rank at most m, and the effective number of degrees of freedom is
independent of d. Consequently, one can achieve not merely a polylog(d) compression but, in fact,
a constant-size representation. This serves as a useful sanity check for the consistency of our general
theory.

A more interesting direction arises when the key–query interaction becomes nonlinear. For instance,
one may consider replacing the bilinear form with

d

∑
i=1

wi
Qs(wi

K ,X)T , (93)

where s is a nonlinear function and X denotes the input data. In this setting, the permutation
symmetry persists, and our theory guarantees that an polylog(d)-size compressed representation of
this nonlinear attention layer is achievable in principle.
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Figure 7: Dynamical LTH extended to transformers. The training dynamics of a large, dheads =
4000-head attention model shows good agreement with its compressed multi-head attention model
with d′heads = 800 heads. See description of the task in Appendix F.

Compression of attention heads. The second application concerns the compression of entire at-
tention heads, which is intrinsically more meaningful. Consider an attention layer with d heads, and
let

Ai = B(wi,X) (94)
denote the output of the ith head, where wi denotes its trainable parameter (including the
query/key/value weight matrices WQ/K/V,i in the ith head) and B the head-level transformation.
The standard output (denoted by y, of the attention layer is

y = U concat(A1, . . . ,Ad) , (95)

where U ∈ Rz×dh is the output projection matrix, z is the dimension of the final output, and h is the
dimension of each head output. Partitioning U into blocks Ui ∈ Rz×h, this expression becomes

y =
d

∑
i=1

UiB(wi,X). (96)

This summation structure again exposes a permutation symmetry: the parameters

θi = (Ui,wi) (97)

enter the model only through their sum over i, and their ordering is irrelevant. By the general
theory, any such collection of d symmetric objects admits a compressed representation of size
O(polylog(d)). Hence, the entire set of attention heads can be compressed to polylog(d) effec-
tive parameters while preserving the functional form of the output.

With the permutation symmetry among heads, it is easy to formulate a similar dynamical LTH for
multi-head attention. Figure 7 is a numerical demonstration of LTH in transformers. Here, the task is
in-context learning on random piecewise-linear functions. We consider a scalar in-context regression
task in which each episode defines a random continuous piecewise-linear function f ∶ [0,1] → R.
For a given episode, we first draw an initial value f0 ∼ N(0, σ2

f0
) and segment slopes sj ∼ N(0, σ2

s)
for j = 0, . . . ,K − 1, with K = 16, σf0 = 0.5 and σs = 1.0. The interval [0,1] is partitioned into
K equal sub-intervals of length 1/K, and f is defined by enforcing continuity and setting the slope
on segment j to sj . For each episode we sample nctx = 8 context inputs xi ∼ Unif[0,1] with noisy
observations yi = f(xi) + εi, where εi ∼ N(0, σ2

noise) with σnoise = 0.3, together with an additional
query point x∗ ∼ Unif[0,1] and a clean target y∗ = f(x∗). The episode is presented to the model
as a scalar sequence of tokens [x1, y1, . . . , xnctx , ynctx , x∗] ∈ R2nctx+1 (token dimension din = 1),
which is processed by a single-layer causal multi-head attention module with dheads = 4000 heads
and per-head dimension dhead = 2. The model outputs a scalar prediction ŷ∗ from the final token
position. We compare three variants that share the same initialization: (i) the full model with all
4000 heads, (ii) a compressed model obtained by reducing the number of heads to d′heads = 800 via
compression of order k = 3 (the effective dimension of each symmetric object is m = 8), and (iii)
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(a) (b)

Figure 8: Error scaling of compressing a general symmetric function using the moment-matching
method. Here, various different values of k (the order of moment matching) are attempted, from
small to large, until the smallest error is found. Each data point is an average over 5 random in-
stances, plotting the average with error bar standing for one standard deviation.

a naive head-pruned model where 800 heads are selected uniformly at random and the remaining
heads are discarded. All three models are trained with Adam (learning rate 10−4, batch size 256)
on the same sequence of mini-batches, using 5 gradient steps per epoch for 50 epochs. At epoch 0
(before training) and after each epoch we report the MSE loss, for both training-like and test-like
evaluations.

G NUMERICAL COMPRESSION TO polylog(d)
In this section, we numerically demonstrate the possibility to the optimal rate, that is, compressing
d objects into O(logm d) objects. As we argued in Theorem 7 and Appendix D, compressing to
this rate is computationally heavy for the moment-matching algorithm, so we only show it in low
dimensions, i.e., m = 1 or 2.

The error scaling is shown in Fig. 8. The function we study is

f(w1, . . . ,wd) =
1

d

d

∑
i=1

1

10

10

∑
a=1

1

A + ⟨wi, xa⟩
. (98)

For m = 1 (Fig. 8(a)), we use A = 1.05; for m = 2 (Fig. 8(b)), we use A = 2.05. In Fig. 8(a), we
plot the error of compressing d 1d random objects into [120 log d]; in Fig. 8(b), we plot the error
of compressing d 2d objects into [20 log2 d]. All unspecified setting of this numerical experiment is
identical with that of Fig. 2. Despite pruning bigger fraction of the objects when d increases, we see
that the error is not increasing with d, but rather overall vanishing with d. Thus, this shows that it is
possible to compress d to O(logm d) objects losslessly. However, the numerical error shows visible
oscillation, possibly due to the volatile moment-matching order kopt and finite-size (d) effect.

H USE OF LARGE LANGUAGE MODELS

ChatGPT is used in revising the language of the main text. All ideas, theorems and derivations are
formulated by the authors.

ChatGPT and OpenAI Codex are used in partially completing the code for numerical experiments.
However, all the main algorithms are designed and inspected by the authors.
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