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Abstract

Training and inference with large machine learning models that far exceed the
memory capacity of individual devices necessitates the design of distributed ar-
chitectures, forcing one to contend with communication constraints. We present
a framework for distributed computation over a quantum network in which data
is encoded into specialized quantum states. We prove that for models within this
framework, inference and training using gradient descent can be performed with
exponentially less communication compared to their classical analogs, and with
relatively modest overhead relative to standard gradient-based methods. We show
that certain graph neural networks are particularly amenable to implementation
within this framework, and moreover present empirical evidence that they perform
well on standard benchmarks. To our knowledge, this is the first example of expo-
nential quantum advantage for a generic class of machine learning problems that
hold regardless of the data encoding cost. Moreover, we show that models in this
class can encode highly nonlinear features of their inputs, and their expressivity
increases exponentially with model depth. We also delineate the space of models
for which exponential communication advantages hold by showing that they cannot
hold for linear classification. Communication of quantum states that potentially
limit the amount of information that can be extracted from them about the data and
model parameters may also lead to improved privacy guarantees for distributed
computation. Taken as a whole, these findings form a promising foundation for
distributed machine learning over quantum networks.

1 Introduction

As the scale of the datasets and parameterized models used to perform computation over data
continues to grow [62, 51], distributing workloads across multiple devices becomes essential for
enabling progress. The choice of architecture for large-scale training and inference must not only
make the best use of computational and memory resources, but also contend with the fact that
communication may become a bottleneck [97]. This is particularly pertinent as models grow so large
that they cannot rely on high-bandwidth interconnects within datacenters [17], but are instead trained
across multiple datacenters [108]. When using modern optical interconnects, classical computers
exchange bits represented by light. This however does not fully utilize the potential of the physical
substrate; given suitable computational capabilities and algorithms, the quantum nature of light
can be harnessed as a powerful communication resource. Here we show that for a broad class
of parameterized models, if quantum bits (qubits) are communicated instead of classical bits, an
exponential reduction in the communication required to perform inference and gradient-based training
can be achieved. This protocol additionally guarantees improved privacy of both the user data and
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model parameters through natural features of quantum mechanics, without the need for additional
cryptographic or privacy protocols. To our knowledge, this is the first example of generic, exponential
quantum advantage on problems that occur naturally in the training and deployment of large machine
learning models. These types of communication advantages help scope the future roles and interplay
between quantum and classical communication for distributed machine learning.

Quantum computers promise dramatic speedups across a number of computational tasks, with perhaps
the most prominent example being the ability revolutionize our understanding of nature by enabling
the simulation of quantum systems, owing to the inherently quantum nature of many many physical
phenomena [39, 72]. However, much of the data that one would like to compute with in practice
seems to come from an emergent classical world rather than directly exhibiting quantum properties.
While there are some well-known examples of exponential quantum speedups for classical problems,
most famously factoring [106] and related hidden subgroup problems [31], these tend to be isolated
and at times difficult to relate to practical applications that involve learning from data. In addition,
even though significant speedups are known for certain ubiquitous problems in machine learning
such as matrix inversion [48] and principal component analysis [73], the advantage is often lost when
including the cost of loading classical data into the quantum computer or of reading out the result into
classical memory. This is because the complexity of loading dense classical data into the amplitudes of
a quantum state (which is typically the encoding needed to obtain an exponential runtime advantage)
and of reading out the amplitudes from a quantum state into classical memory, are both polynomial in
the number of amplitudes [1]. In applications where an efficient data access model avoids the above
pitfalls, the complexity of quantum algorithms tends to depend on condition numbers of matrices
which scale with system size in a way that reduces or even eliminates any quantum advantage [82].
It is worth noting that much of the discussion about the impact of quantum technology on machine
learning has focused on computational advantage. However quantum resources are not only useful
in reducing computational complexity — they can also provide an advantage in communication
complexity, enabling exponential reductions in communication for some problems [101, 15]. Inspired
by these results, we study a setting where quantum advantage in communication is possible across
a wide class of machine learning models. This advantage holds without requiring any sparsity
assumptions or elaborate data access models such as QRAM [42].

We focus on compositional distributed learning, known as pipelining [56, 16]. While there are a num-
ber of strategies for distributing machine learning workloads that are influenced by the requirements
of different applications and hardware constraints [115, 61], splitting up a computational graph in
a compositional fashion (Figure 1) is a common approach. We describe distributed, parameterized
quantum circuits that can be used to perform inference over data when distributed in this way, and
can be trained using gradient methods. The ideas we present can also be used to optimize models that
use certain forms of data parallelism (Appendix C). In principle, such circuits could be implemented
on quantum computers that are able to communicate quantum states.

We show the following:

* Even for simple distributed quantum circuits, there is an exponential quantum advantage
in communication for the problem of estimating the loss and the gradients of the loss
with respect to the parameters (Section 3). This additionally implies a privacy advantage
from Holevo’s bound (Appendix H). We also show that this is advantage is not a trivial
consequence of the data encoding used, since it does not hold for certain problems like
linear classification (Appendix E).

* We study a class of models that can efficiently approximate certain graph neural networks
(Section 4), and show that they both maintain the exponential communication advantage
and achieve performance comparable to standard classical models on common node and
graph classification benchmarks (Section 5).

* For certain distributed circuits, there is an exponential advantage in communication for the
entire training process, and not just for a single round of gradient estimation. This includes
circuits for fine-tuning using pre-trained features. The proof is based on convergence rates
for stochastic gradient descent under convexity assumptions (Appendix D).

» The ability to interleave multiple unitaries encoding nonlinear features of data enables
expressivity to grow exponentially with depth, and universal function approximation in
some settings. This implies that these models are highly expressive in contrast to popular
belief about linear restrictions in quantum neural networks (Appendix F).



2 Preliminaries

2.1 Large-scale learning problems and distributed computation
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Figure 1: Left: Distributed, compositional computation. Dashed lines separate devices with com-
putational and storage resources. The circular nodes represent parameterized functions that are
allocated distinct hardware resources and are spatially separated, while the square nodes represent
data (yellow) and outputs corresponding to different tasks (green). The vertical axis represents time.
This framework of hardware allocation enables flexible modification of the model structure in a
task-dependent fashion. Right: Computation of gradient estimators g, at different layers of a model
distributed across multiple devices by pipelining. Computing forward features p, and backwards
features vy (also known as computing a forward or backward pass) requires a large amount of classical
communication (grey) but an exponentially smaller amount of quantum communication (yellow). £
is the classical loss function, and Py an operator whose expectation value with respect to a quantum
model gives the analogous loss function in the quantum case.

Pipelining is a commonly used method of distributing a machine learning workload, in which different
layers of a deep model are allocated distinct hardware resources [56, 87]. Training and inference
then require communication of features between nodes. Pipelining enables flexible changes to the
model architecture in a task-dependent manner, since subsets of a large model can be combined
in an adaptive fashion to solve many downstream tasks. Additionally, pipelining allows sparse
activation of a subset of a model required to solve a task, and facilitates better use of heterogeneous
compute resources since it does not require storing identical copies of a large model. The potential
for large models to be easily fine-tuned to solve multiple tasks is well-known [25, 20], and pipelined
architectures which facilitate this are the norm in the latest generation of large language models
[99, 16]. Data parallelism, in contrast, involves storing multiple copies of the model on different
nodes, training each on a subsets of the data and exchanging information to synchronize parameter
updates. In practice, different parallelization strategies are combined in order to exploit trade-offs
between latency and throughput in a task-dependent fashion [115, 61, 97]. Distributed quantum
models were considered recently in [94], but the potential for quantum advantage in communication
in these settings was not discussed.

2.2 Communication complexity

Communication complexity [117, 65, 98] is the study of distributed computational problems using
a cost model that focuses on the communication required between players rather than the time or
computational complexity. The key object of study in this area is the tree induced by a communication
protocol whose nodes enumerate all possible communication histories and whose leaves correspond
to the outputs of the protocol. The product structure induced on the leaves of this tree as a function of
the inputs allows one to bound the depth of the tree from below, which gives an unconditional lower
bound on the communication complexity. The power of replacing classical bits of communication
with qubits has been the subject of extensive study [30, 23, 27]. For certain problems such as Hidden
Matching [15] and a variant of classification with deep linear models [101] an exponential quantum
communication advantage holds, while for other canonical problems such as Disjointness only a
polynomial advantage is possible [102]. Exponential advantage was also recently shown for the
problem of sampling from a distribution defined by the solution to a linear regression problem



[83]. While there are many models of both quantum and classical communication, our results apply
to randomized classical communication complexity, wherein the players are allowed to exchange
random bits independent of their problem inputs, and are allowed to output an incorrect answer
with some probability (bounded away from 1/2 for a problem with binary output). It is also worth
noting that communication advantages of the type we demonstrate can be naturally related to space
advantages in streaming algorithms that may be of interest even in settings that do not involve
distributed training [103].

At a glance, the development of networked quantum computers may seem much more challenging
than the already herculean task of building a fault tolerant quantum computer. However, for some
quantum network architectures, the existence of a long-lasting fault tolerant quantum memory as a
quantum repeater, may be the enabling component that lifts low rate shared entanglement to a fully
functional quantum network [86], and hence the timelines for small fault tolerant quantum computers
and quantum networks may be more coincident than it might seem at first. As such, it is well
motivated to consider potential communication advantages alongside computational advantages when
talking about the applications of fault tolerant quantum computers. In Appendix G we briefly survey
approaches to implementing quantum communication in practice, and the associated challenges.

In addition, while we largely restrict ourselves here to discussions of communication advantages, and
most other studies focus on purely computational advantages, there may be interesting advantages at
their intersection. For example, it is known that no quantum state built from a simple (or polynomial
complexity) circuit can confer an exponential communication advantage, however states made from
simple circuits can be made computationally difficult to distinguish [59]. Hence the use of quantum
pre-computation [57] and communication may confer advantages even when traditional computational
and communication cost models do not admit such advantages due to their restriction in scope.

3 Distributed learning with quantum resources

In this work we focus on parameterized models that are representative of the most common models
used and studied today in quantum machine learning, sometimes referred to as quantum neural net-
works [79, 38, 28, 104]. We will use the standard Dirac notation of quantum mechanics throughout. A
summary of relevant notation and the fundamentals of quantum mechanics is provided in Appendix A.
We define a class models with parameters O, taking an input  which is a tensor of size N. The
models take the following general form:

Definition 3.1. {A,(0,', )}, {Bi(02,2)} for £ € {1,..., L} are each a set of unitary matrices of

size N' x N for some N' such that log N' = O(log N) 3. The 6;',0F are vectors of P parameters
each. For every {1, we assume that gﬁﬁ
[x3

B, “.

is anti-hermitian and has two eigenvalues, and similarly for

The model we consider is defined by

1
=L
where () is a fixed state of log N’ qubits.

The loss function is given by

where Py is a Pauli matrix that acts on the first qubit.

In standard linear algebra notation, the output of the model is a unit norm N’-dimensional complex
vector ¢y, defined recursively by

o =v(x), @e=A0F,2)Be(0F,x)pe—1, (3.3)

3We will consider some cases where N’ = N, but will find it helpful at times to encode nonlinear features of
2 in these unitaries, in which case we may have N’ > N.
“The condition on the derivatives is in fact satisfied by many of the most common quantum neural network

. . . . P _ialt oA PR A : .
architectures [28, 34, 104]. It is satisfied for example if A, = szl €437t "t and the Py; are Pauli matrices,

while a?j are scalars. Such models are naturally amenable to implementation on quantum devices, and for

P = O(N 2) any unitary over log N’ qubits can be written in this form [90].



where the entries of ¢, are represented by the amplitudes of a quantum state. The loss takes the

form L(O,z) = (@E)T Por, where * indicates the entrywise complex conjugate, and this definition
includes the standard L? loss as a special case.

Subsequently we omit the dependence on x and © (or subsets of it) to lighten notation, and consider
special cases where only subsets of the unitaries depend on x, or where the unitaries take a particular
form and may not be parameterized. Denote by V 4(p)L the entries of the gradient vector that

correspond to the parameters of {A;}({B¢}).

In the special case where z in a unit norm N-dimensional vector, a simple choice of |i(x)) is the
amplitude encoding of x, given by

N—1
() =|z) = > ali). (34
1=0

However, despite its exponential compactness in representing the data, a naive implementation of the
simplest choice is restricted to representing quadratic features of the data that can offer no substantial
quantum advantage in a learning task [55], so the choice of data encoding is critical to the power of a
model. The interesting parameter regime for classical data and models is one where N, P are large,
while L is relatively modest. For general unitaries P = O(NN?), which matches the scaling of the
number of parameters in fully-connected networks. When the input tensor z is a batch of datapoints,
N is equivalent to the product of batch size and input dimension.

The model in Definition 3.1 can be used to define distributed inference and learning problems by
dividing the input = and the parameterized unitaries between two players, Alice and Bob. We define
their respective inputs as follows:

Alice: 1)) {Ar}, s)

Bob: {Bu}. '
The problems of interest require that Alice and Bob compute certain joint functions of their inputs.
As a trivial base case, it is clear that in a communication cost model, all problems can be solved with
communication cost at most the size of the inputs times the number of parties, by a protocol in which
each party sends its inputs to all others. We will be interested in cases where one can do much better
by taking advantage of quantum communication.

Alice :
[4(2)) { AL (67) 42 (65 )

Bob : B, (65) B, (65

Figure 2: Distributed quantum circuit implementing £ for L = 2. Both £ and its gradients with
respect to the parameters of the unitaries can be estimated with total communication that is polyloga-
rithmic in the size of the input data NV and the number of trainable parameters per unitary P.

Given the inputs eq. (3.5), we will be interested chiefly in the two problems specified below.

Problem 1 (Distributed Inference). Alice and Bob each compute an estimate of (| Py |¢) up to
additive error €.

The straightforward algorithm for this problem, illustrated in fig. 2, requires L rounds of communica-
tion. The other problem we consider is the following:

Problem 2 (Distributed Gradient Estimation). Alice computes an estimate of V 4 (| Po | ), while
Bob computes an estimate of V g (p| Zo |¢), up to additive error ¢ in L™°.

3.1 Communication complexity of inference and gradient estimation

We show that inference and gradient estimation are achievable with a logarithmic amount of quantum
communication, which will represent an exponential improvement over the classical cost for some
cases:



Lemma 1. Problem I can be solved by communicating O(log N) qubits over O(L/<?) rounds.

Proof: Appendix B.

Lemma 2. Problem 2 can be solved with probability greater than 1 — & by communicating
O(log N(log P)?log(L/4)/e*) qubits over O(L?) rounds. The time and space complexity of the
algorithm is /P L poly(N,log P,e~ !, log(1/9)).

Proof: Appendix B.

This upper bound is obtained by simply noting that the problem of gradient estimation at every layer
can be reduced to a shadow tomography problem [7]:

Theorem 1 (Shadow Tomography [3] solved with Threshold Search [13]). For an unknown state
|1) of log N qubits, given K known two-outcome measurements E;, there is an explicit algorithm

that takes |)®" as input, where k = O(log® K log N log(1/8)/e*), and produces estimates of

(1| E; |v) for all i up to additive error € with probability greater than 1 — 5. O hides subdominant
polylog factors.

Using reductions from known problems in communication complexity, we can show that the amount
of classical communication required to solve this problem is polynomial in the size of the input, and
additionally give a lower bound on the number of rounds of communication required by any quantum
or classical algorithm:

Lemma 3. i) The classical randomized communication complexity of Problem 1 and Problem 2
with e < 1/2 is Q(max(v/N, L)). >

ii) Any algorithm (quantum or classical) for Problem I or Problem 2 requires either Q(L) rounds
of communication or Q(N/L*) qubits (or bits) of communication.

Proof: Appendix B

The implication of the second result in Lemma 3 is that (L) rounds of communication are necessary
in order to obtain an exponential communication advantage for small L, since otherwise the number
of qubits of communication required can scale linearly with V.

The combination of Lemma 1, Lemma 2 and Lemma 3 immediately implies exponential savings in
communication for gradient estimation and inference:

Theorem 2. If L = O(polylog(N)), P = O(poly(N)) and sufficiently large N, solving Problem 1

or Problem 2 with nontrivial success probability requires Q(\/ﬁ ) bits of classical communication,
while O(polylog(N, 1/§)poly(1/¢c)) qubits of communication suffice to solve these problems with
probability at least 1 — 6.

The regime where L = O(polylog(V)) is relevant for many classes of machine learning models. The
required overhead in terms of time and space is only polynomial when compared to the straightforward
classical algorithms for these problems.

The distribution of the model as in eq. (3.5) is an example of pipelining. Data parallelism is another
common approach to distributed machine learning in which subsets of the data are distributed to
identical copies of the model. In Appendix C we show that it can also be implemented using quantum
circuits, which can then trained using gradient descent requiring quantum communication that is
logarithmic in the number of parameters and input size.

Quantum advantage is possible in these problems because there is a bound on the complexity of
the final output, whether it be correlated elements of the gradient up to some finite error or the
low-dimensional output of a model. This might lead one to believe that whenever the output takes
such a form, encoding the data in the amplitudes of a quantum state will trivially give an exponential
advantage in communication complexity. We show however that the situation is slightly more
nuanced, by considering the problem of inference with a linear model:

3The inputs to Problem 1 and Problem 2 are defined in terms of real numbers, which is seemingly incompatible
with the setting of communication complexity which typically deals with finite inputs. However, similar (but
slightly worse) lower bounds hold for discretized analogs of these problem that use O(log IN) bits to represent
the real numbers [101].



Lemma 4. For the problem of distributed linear classification, there can be no exponential advantage
in using quantum communication in place of classical communication.

The precise statement and proof of this result are presented in Appendix E. This result also highlights
that the worst case lower bounds such as Lemma 3 may not hold for circuits with certain low-
dimensional or other simplifying structure.

4 Graph neural networks

The communication advantages in the previous section apply to relatively unstructured data and
quantum circuits (essentially the only structure in the problem is related to the promise of the
vector-in-subspace problem [101]), and it is a priori unclear how relevant they are to circuits that
approximate useful neural networks, or act on structured data. Here we consider a class of shallow
graph neural networks that achieve good performance on node classification tasks on large graphs
[40]. We prove that an exponential quantum communication advantage still holds for this class of
models.

Consider a graph with N nodes. Define a local message passing operator on the graph A which may
be the normalized Laplacian or some other operator. Given some N x D, matrix of graph features
X, we consider models of the following form:

B(X) =P (c(AXW,)) Wo 4.1)

where W, € RPoxD1 1}, ¢ RP1XD2 gre parameter matrices, o is a non-linearity and P is a sum
pooling operator acting on the first index of its input, which can be represented as multiplication by an

N/t x N matrix P. Since we would like a scalar output and a nonlinearity that can be implemented
on a quantum computer, we instead compute

(X)) =tr [P (c(AXW;)) Wa], “4.2)
with
o(r) =ax® +bx +c 4.3)
and Wy € RP1*N/t where t is the size of the pooling window.

This allows us to define the following problem:

Problem 3 (Quadratic graph network inference (QGNIy ;). Alice is given X, Bob is given

A, W1, Ws. Only Alice is allowed to send messages. Their goal is to estimate o(X/||X||F) to
additive error €.

This models a scenario where only Bob has access to the connectivity of the graph, while Alice has
access to the graph features. The normalization ensures that the choice of X does not introduce a
dependence of the final output on N.

In the following, we denote by R_” and () the classical (public key randomized) communication
complexity and quantum communication complexity respectively. We show:

Lemma 5. R*(QGNIy ) = Q(y/N/t) for any e < m

Proof: Appendix B
Lemma 6. Q (QGNIy ) = O((Ja| a? + |b] @) HWQPH log(N Do) /) where a = | W1 || Al

Proof: Appendix B

If this upper bound was a polynomial function of NV, it would imply that an exponential communica-
tion advantage is impossible. For the parameter choices that realize classical communication lower
bound, this is not the case, implying the following:

Lemma 7. An exponential quantum advantage in communication holds for solving the inference
problem QGNIy , up to error e < m, Sor any t such that t = polylog(N).
2 2



Table 1: Test Accuracy for Node Classification and Decision Problem. Replacing PReLU with a
polynomial of degree 2 causes a slight reduction in accuracy (less than 1%) for both node classification
and decision problem across all datasets.

Node Classification Decision Problem
Model OGBN-Products Reddit Cora OGBN-Products Reddit Cora
SIGN (PReLU) 79.48 + 0.07 96.55 +£0.02 78.84 +0.37 84.39 + 1.73 90.33 +£0.33 88.10 + 5.61
SIGN (Poly) 78.51 + 0.05 96.31 +£0.03 78.69 + 0.26 83.70 + 1.48 89.37 £ 0.60 87.14 +3.92

Proof: Appendix B. Note that this exponential advantage does not hold only for a single setting of the
model weights, but rather for the entire family of models that can be used to solve f — BHP y ; for
functions f that satisfy eq. (B.24).

Note that generically, one would not expect the numerator in the upper bound of Lemma 6 to scale
polynomially with N. If A is for example a normalized graph Laplacian then ||A|| < 2. If we use
a standard initialization scheme for the weights (say Gaussians with variance 1/(n;, + nout)), the
upper bound scales like O((|a| + |b]) log(N Dy)poly (¢, Do, D1)/e) in expectation. Note that if the
model output decays polynomially with /V, the upper bound will not be useful since one would need
to choose ¢ to be inverse polynomial in N. This could happen for example in a classification task
considered in Section 5.2.1 when the classes are exactly balanced, or when the network is untrained
and not sensitive to the structure in the data. While it is difficult to argue analytically about the scaling
out the network output or the norms of the weight matrices after training due to the nonlinearity of
the dynamics, we empirically compute these and find that they remain controlled for the datasets we
study (see Appendix J.3).

In Section 5, we show that models of the form studied here achieve good performance on standard
benchmarks, commensurate with state of the art models. Of particular relevance are the graph
classification problems considered in Section 5.2.1, where the output takes the form eq. (4.2).

5 Experimental results

5.1 Model

We evaluate our model® (as defined in Equation (4.1)) on several graph tasks using common bench-
marks and the DGL library [113]. We use the SIGN model proposed by [40] as a baseline. The SIGN
model can be seen as an instance of our model where the message passing operator A represents a
column stack of R hops, the original features of X are duplicated R times and W7 is a block diagonal
matrix. In Section 5.2 we simply replace the PReLU activation function with a second-degree
polynomial with trainable coefficients [80] and compare the models on three node classification tasks.
In Section 5.3, we implement a more general form of SIGN by relaxing W to be a dense matrix and
evaluate our model over several graph-classification datasets.

5.2 Node classification

We evaluate our model on three public node classification datasets: OGBN-Products [54], Reddit
[47], and Cora [78]. For both the baseline and polynomial model, we use SIGN with 5 hops of the
neighbor averaging operator. We train on each dataset for 1000 epochs using Adam optimizer and
report the test accuracy averaged on 10 runs (full details in Appendix J). Our results in Table 3 show
that replacing the PReLU activation function with a second-degree polynomial causes a reduction of
less than 1% on all of the tested datasets.

5.2.1 Decision problems

We reduce the node classification task into a binary graph classification task by proposing the
following decision problem: for a pair of classes (c1, c2), return 1 if ¢; has more nodes; otherwise,
return 0. We solve this task for each pair of classes by summing the node classification model output
across all nodes and choosing the class with the higher score. We use the node classification training,

0ur code will be available at github.com/hmichaeli/quantum_gnns/.
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Table 2: Graph Classification Test Accuracy. Our model achieves comparable results to GIN and
other known models on most datasets (see full table in Table 5).

Dataset

Model MUTAG PTC NCI1 PROTEINS COLLAB IMDB-M REDDIT-M
GIN [114] 89.40+£5.60 64.60+7.0 82.17+1.7 76.2 £2.8 80.2 £1.90 52.3 £2.8 57.5+£1.5
DropGIN[92] 90.4 +£7.0 66.3 +8.6 - 76.3 +6.1 - 51.4 £2.8 -
DGCNN[118] 85.8 £1.7 58.6 2.5 - 75.5 +0.9 - 47.8 £0.9 -
U2GNN [89] 89.97+£3.65 69.63+3.60 - 78.53+4.07 77.84+£1.48 53.60+3.53 -
HGP-SL[119] - - 78.454+0.77 84.91+1.62 - - -
WKPI[120] 88.30+2.6 68.10+2.4 87.5 +£0.5 78.5+0.4 - 495+04 59.5+ 0.6

SIGN (ours) 92.02+6.45 68.0£8.17 77.25+1.42 76.55+5.10 81.82+1.42 53.13+3.01 54.09+1.76

choose the model with the highest validation accuracy on the graph classification task, and report its
accuracy on the test sets. The model output in this form is given by eq. (4.1).

5.3 Graph classification

We evaluate our model on several graph classification benchmarks: bioinformatics datasets (MUTAG,
PTC, NCI1, PROTEINS) [105, 50, 35, 21] and social networks (COLLAB, IMDB-BINARY, IMDB-
MULTI, REDDIT-BINARY, REDDIT-MULTI) [116]. For the bioinformatics datasets, we use the
standard categorical node features. As proposed in [114], we use one-hot encoding of the node degree
as node features for the COLLAB and IMDB datasets, and for REDDIT datasets all nodes are set
with an identical scalar feature of 1. We convert the polynomial SIGN model in Section 5.2 into a
graph classification model by inserting a SumPool operator as described in Equation (4.1). We use
the sign diffusion operator [113] and stack R; instances of each of its four message passing operators,
where {Ri}?zl are selected during a hyperparameter tuning, as well as the hidden dimension size
and optimization setting (see Appendix J for more details). We follow the validation regime proposed
by [114]; we perform 10-fold cross-validation, train each fold for 350 epochs using Adam optimizer,
and report in Table 2 the maximal value and standard-deviation of the averaged validation accuracy
curve. For all datasets, except for REDDIT, our model achieves comparable to or better than other
commonly used models, despite most of them using multiple layers. While the results show that on
most datasets our shallow architecture suffices given sufficient width in the message passing and
hidden layer, we hypothesize that datasets without any node features (such as REDDIT) require at
least two layers of message passing.

6 Discussion

This work constitutes a preliminary investigation into a generic class of quantum circuits that has
the potential for enabling an exponential communication advantage in problems of classical data
processing including training and inference with large parameterized models over large datasets,
with inherent privacy advantages. Communication constraints may become even more relevant
if such models are trained on data that is obtained by inherently distributed interaction with the
physical world [37]. The ability to compute using data with privacy guarantees can be potentially
applied to proprietary data. This could become highly desirable even in the near future as the rate of
publicly-available data production appears to be outstripped by the growth rate of training sets of
large language models [110].

A limitation of the current results is that it’s unclear to what extent powerful neural networks can
be approximated using quantum circuits, even though we provide positive evidence in the form of
the results on graph networks in Section 4. Additionally, the advantages we study require deep
(poly(V)), fault-tolerant quantum circuits. While this is a common feature of problems for which
quantum communication advantages hold, the overhead of quantum error-correction in such circuits
may be considerable. Detailed resource estimates would be necessary to understand better the
practicality of this approach for achieving useful quantum advantage. Our results naturally raise
further questions regarding the expressive power and trainability of these types of circuits, which
may be of independent interest. We collect some of these in Appendix I.
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A Notation and a very brief review of quantum mechanics

We denote by {a;} a set of elements indexed by ¢, with 1-based indexing unless otherwise specified,
with the maximal value of 7 explicitly specified when it is not clear from context. [ V] denotes the set
{0,..., N — 1}. The complex conjugate of a number c is denoted by ¢*, and the conjugate transpose
of a complex-valued matrix A by Af.

We denote by ) a vector of complex numbers {v;} representing the state of a quantum system
when properly normalized, and by (v| its dual (assuming it exists). The inner product between two
such vectors of length N is denoted by

N—-1
WPlo) =Y b (A1)
=0

Denoting by |i) for ¢ € [N] a basis vector in an orthonormal basis with respect to the above inner
product, we can also write

N—-1
[y = > i) (A2)
1=0

Matrices will be denoted by capital letters, and when acting on quantum states will always be unitary.
These can be specified in terms of their matrix elements using the Dirac notation defined above, as in

A=Ay li) (il (A3)
iJ

Matrix-vector product are specified naturally in this notation by

Quantum mechanics is, in the simplest possible terms, a theory of probability based on conservation
of the L? norm rather than the standard probability theory based on the L' norm [2, 90]. The state of
a pure quantum system is described fully by a complex vector of N numbers known as amplitudes
which we denote by {v;} where i € {0,..., N — 1}, and is written using Dirac notation as |¢/). The
state is normalized so that

N—1 N—-1
W)y = > v =Y Juil* =1, (Ad)
1=0 =0

which is the L? equivalent of the standard normalization condition of classical probability theory. It
is a curious fact that the choice of L? requires the use of complex rather than real amplitudes, and
that no consistent theory can be written in this way for any other L” norm [2]. The most general state
of a quantum system is a probabilistic mixture of pure states, in the sense of the standard L!-based
rules of probability. We will not be concerned with these types of states, and so omit their description
here, and subsequently whenever quantum states are discussed, the assumption is that they are pure.

Since any closed quantum system conserves probability, the 2 norm of a quantum state is conserved
during the evolution of a quantum state. Consequently, when representing and manipulating quantum
states on a quantum computer, the fundamental operation is the application of a unitary matrix to a
quantum state.

Given a quantum system with some discrete degrees of freedom, the number of amplitudes corre-
sponds to the number of possible states of the system, and is thus exponential in the number of
degrees of freedom. The simplest such degree of freedom is a binary one, called a qubit, which is
analogous to a bit. Thus a state of log /N qubits is described by /N complex amplitudes.

A fundamental property of quantum mechanics is that the amplitudes of a quantum state are not
directly measurable. Given a Hermitian operator

N-1
O = Z)\l |’U1> <’UZ" (AS)
=0

with real eigenvalues {);}, a measurement of O with respect to a state |1/) gives the result A; with
probability |(v;])|*. The real-valued quantity
N-1

WOy = 3" N [(wlvs) [ (A.6)

=0
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is the expectation value of O with respect to [¢)), and its value can be estimated by measurements.
After a measurement with outcome \;, the original state is destroyed, collapsing to the state |v;).
A consequence of the fundamentally destructive nature of quantum measurement is that simply
encoding information in the amplitudes of a quantum state dues not necessarily render it useful
for downstream computation. It also implies that operations using amplitude-encoded data such as
evaluating a simple loss function incur measurement error, unlike their classical counterparts that are
typically limited only by machine precision. The design of quantum algorithms essentially amounts
to a careful and intricate design of amplitude manipulations and measurements in order to extract
useful information from the amplitudes of a quantum state. For a more complete treatment of these
topics see [90].

B Proofs

Proof of Lemma 1. (| Po |p) can be estimated by preparing |) and measuring it O(1/¢2) times.
Preparing each copy of |¢) requires O(L) rounds of communication, with each round involving the
communication of a log N’-qubit quantum state. Alice first prepares |¢)(x)), and this state is passed
back and forth with each player applying A, or By respectively for ¢ € {1,...,L}.

O

Proof of Lemma 2. We consider the parameters of the unitaries that Alice possesses first, and an
identical argument follows for the parameters of Bob’s unitaries.

We have
d o DA, ll[
7 (¢plPole) =2Re(p|Po | | AxBr— 7 B A By |9(x))
005 H 005 \2ita (B.1)
EQRe<V[}|u?>
where
1 oA\t e
ity =B I] aslow). ) =(5) TBlalPe, @2
k=0—1 ti/  p=r

correspond to forward and backward features for the i-the parameter of A, respectively. This is
illustrated graphically in Figure 1. We also write

£+1

lvio) = [ BEALPo l¢) - (B.3)
k=L

Attaching an ancilla qubit denoted by a to the feature states defined above, we define

1
A = —
|"/’éi>— \/5

and a Hermitian measurement operator
DA 040\
Ef= (lo)olel+1)le () ) Xa (o)l l+]1) e (>
90, 90, (B.5)

_ 8AZ 8144 f
- mole (g)+mae (5

we then have

(10} |7y + 11) [vii)) » (B.4)

(ol B i) = (Vi| Xa |0i)

B.6
(@l Pole)., B0

_9
00

where X, acts on the ancilla.
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Note that W{}))@k can be prepared by Alice first preparing (|+) [¢(z)))®* and sending this state
back and forth at most 2L times, with each player applying the appropriate unitaries conditioned on
the value of the ancilla. Additionally, for any choice of £ and any ¢, Alice has full knowledge of the
Eﬁ. They can thus be applied to quantum states and classical hypothesis states without requiring any
communication.

The gradient can then be estimated using shadow tomography (Theorem 1). Specifically, for each
¢, Alice prepares O(log® Plog N log(L/8)/e*) copies of ‘1/1()44>, which requires O(L) rounds of
communication, each of O(log? Plog® N log(L/8)/e*) qubits. She then runs shadow tomography
to estimate V 4, (¢|Zo|¢) up to error £ with no additional communication. Bob does the same to

estimate Vg, (0| Zo|¢). In total O(L?) rounds are needed to estimate the full gradient. The success
probability of all L applications of shadow tomography is at least 1 — § by a union bound.

Based on the results of [22], the space and time complexity of each application of shadow tomography
is v/Ppoly(N,log P,e~*,log(1/5)). This is the query complexity of the algorithm to oracles that
implement the measurement operators {EZ } Instantiating these oracles will incur a cost of at most

O(N?). In cases where these operators have low rank the query complexity complexity will depend
polynomially only on the rank instead of on N.

O

Proof of Lemma 3. We first prove an (/N ) lower bound on the amount of classical communication.
Consider the following problem:

Problem 4 ([101]). Alice is given a vector x € S™N=1 and two orthogonal linear subspaces of RV
each of dimension N /2, denoted My, M. Bob is given an orthogonal matrix O. Under the promise

that either | M10z||, > /1 — 02 or || MaOz||, > /1 — 02 for 0 < 6 < 1//2, Alice and Bob must
determine which of the two cases holds.

Ref. [101] showed that the randomized’ classical communication complexity of the problem is
Q(VN).

The reduction from Problem 4 to Problem 1 is obtained by choosing § = 1/2 and simply setting
L=1,B; =0,|¥(z)) =|z),Py = Zy, and

N/2-1 N/2—-1
Av= Y 10) 1) (vil+ D 1) 1) (o5 (B.7)
=0 =0

where the first register contains a single qubit and {vf} form an orthonormal basis of M}, and
picking any € < 1/2. Note that this choice of |1/J(LE%_> implies N’ = N. Estimating £ to this accuracy
now solves the desired problem since £ = (x| O* (IIy — II3) O |z) where IIj, is a projector onto
M., and hence estimating this quantity up to error 1/2 allows Alice and Bob to determine which
subspace has large overlap with Oz.

The reduction from Problem 4 to Problem 2 is obtained by setting L = 2, picking |¢)(x)) , A1, By as
before, and additionally By = I, Ay = e~ 31%0/2 initialized at 03", = —m /2. By the parameter shift

rule [34], we have that if U = e~*"/2 for some Pauli matrix P, and U is part of the parameterized
circuit that defines |¢), then

O _ Lo+ ™y_ -

s
20 =3 5 5)) (B.8)

"In this setting Alice and Bob can share an arbitrary number of random bits that are independent of their
inputs.
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It follows that
oL
80;‘71

il
=
|
5
|
-’

9;’1:—#/2

£(0) = (o] BjAle™ 5% 2y 3X0 4, By [2))
(B.9)

£(0) ~ (al B A} XoZoXoA1 By |x) )

| =N =D = N =

TN TN TN

£(0) + (x| Bl Al ZyA, B, |x>)
=£(0).

Estimating V 4 (| Zg |p) to accuracy € < 2 allows one to determine the sign of £(0), which as
before gives the solution to Problem 4.

|
Do

Next, we show that {2(L) rounds are necessary in both the quantum and classical setting by a reduction
from the bit version of pointer-chasing, as studied in [58, 96].

Problem 5 (Pointer-chasing, bit version). Alice receives a function f4 : [N] — [N] and Bob receives
a function fp : [N] — [N]. Alice is also given a starting point x € [N, and both receive an integer
Lo. Their goal is to compute the least significant bit of fF0)(x), where f(V) (z) = fp(x), fP(z) =
fa(fp(2)), ...

Ref. [58] show that the quantum communication complexity of Lg-round bit pointer-chasing when
Bob speaks first is Q(N/Lg) (which holds for classical communication as well). This also bounds
the (Lo — 1)-round complexity when Alice speaks first (since such a protocol is strictly less powerful
given that there are fewer rounds of communication). On the other hand, there is a trivial Ly-round
protocol when Alice speaks first that requires log N bits of communication per round, in which Alice
sends Bob z, he sends back (V) (z), she replies with f(?)(f(1)(z)), and so forth. This, combined
with the lower bound, implies as exponential separation in communication complexity as a function
of the number of rounds.

To reduce this problem to Problem 1, we assume f4, fp are invertible. This should not make the
problem any easier since it implies that f 4, fp have the largest possible image. In this setting, fa, /B
can be described by unitary permutation matrices:

Ua = Z fa(i)) (i] ,Up = Z | f5(4)) (il . (B.10)

The corresponding circuit eq. (3.5) is then given by

l0) = SWAPos10s n—1UB ... UaUp |z) (B.11)
in the case where Bob applies the function last, with an analogous circuit in the converse situation (if
Bob performed the swap, Alice applies an additional identity map). Estimating Z to accuracy € < 1
using this state will then reveal the least significant bit of f(#0)(z). This gives a circuit with L layers,
where Ly < 2L — 1. Thus any protocol with less than L, rounds (meaning less than 2L — 1 rounds)
would require communicating Q(N/L}) = Q(IN/L*) qubits, since the converse will contradict the
results of [58]. The reduction to Problem 2 is along similar lines to the one described by eq. (B.9),
with the state in that circuit replaced by eq. (B.11). This requires at most two additional rounds of
communication.

Since quantum communication is at least as powerful than classical communication, these bounds
also hold for classical communication. Since each round involves communicating at least a single bit,
this gives an (L) bound on the classical communication complexity. O

Proof of Lemma 5. The proof is based on a reduction from the f-Boolean Hidden Partition problem
(f — BHP ) studied in [36]. This is defined as follows:

Problem 6 (Boolean Hidden Partition [36] (f — BHPx;)). Assume t divides N. Alice is given
x € {—1,1}N. Bob is given a permutation 11 over [N], a boolean function f : {—1,1}* — {—1,1},
and a vector v € {—1,1}N/t. We are guaranteed that for any k € {1,..., N/t},

FHz] [k 1)t 1:01) * V% = 8 (B.12)
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for some s € {—1,1}. Their goal is to determine the value of s.

A polynomial ps : {—1,1}" — Ris said to sign-represent a boolean function f if sign(ps(y)) = f(y)
for all y € {0, 1}*. The sign-degree of f (sdeg(f)) is the minimal degree of a polynomial that sign-
represents it. In the special case sdeg(f) = 2, f — BHP y; can be solved with exponential quantum
communication advantage [36]. For a vector y € {0, 1}, define g = (1,91, ..,¥:). It is also known
that if sdeg(f) = 2, then there exists a sign-representing polynomial p that can be written as

pr(y) =" R (B.13)

for some matrix real R [4]. Moreover, for any f there exists such a py with max,er_1 1y [py(z)| < 3.
We denote by 3 = minge(_1 1y [ps ()| the bias of py.

We now describe a reduction from f — BHP y ; with sdeg(f) = 2 to QGNI¢y , for some constant
1 < C < 3/2. As is typical in communication complexity, the parties are allowed to exchange
bits that are independent of the problem input, and these are not counted when measuring the
communication complexity of a protocol that depends on the inputs. Before receiving their inputs,
Alicg thus sends two orthogonal vectors ug, u; of length Dy to Bob, with each entry described by K
bits °.

Assume Alice and Bob are given an instance of BHP y ;. They use it to construct an instance of
QGNT ;4 1) Ny, With Dy = 1. Alice constructs X € RN/t by picking the rows X; according to

l—z; T 14+z; ,,T .
st Uy + ul) i <N

1
X — V(t+1)N/t (
’ L i>N’

N

(B.14)

Note that with this definition || X || = 1. Bob defines a permutation 7’ over [(t + 1)N/¢] by

ﬂ_,(i):{Li/tJ t+1)+i%t+1 i<N (B.15)

(i—N-1D(t+1)+1 i>N’

denoting the corresponding permutation matrix II’. Define by T the concatenation of Alice’s input x
with 1+ DN/t The purpose of this permutation is that II'TTZ = & will be a concatenation of N/t
vectors of length ¢ 4- 1, with the i-th vector equal to (1, [IIz];;—1)41, - - -, [Hz]s) = Ty

Note that we can assume wlog that R in eq. (B.13) is symmetric since p; is independent of its anti-
symmetric part. It can thus be diagonalized by an orthogonal matrix U, and denoting the diagonal

matrix of its real eigenvalues by D, we define a (complex-valued) matrix S = U+/D that satisfies
R = SST. Bob therefore defines his model by

A= (Iny @ ST, Wi =us —ug, Wo=0". (B.16)

Additionally, he picks the pooling operator P : RE+DN/t s RN/t t be sum pooling with window
sizet + 1 (i.e. P(z); = ch(:(rjl—)l)(tﬂ)ﬂ x1). Bob also uses a simple quadratic nonlinearity by
choosing a = 1,b = ¢ = 0 ineq. (4.3).

8Since Dy is arbitrary and in particular independent of N, even if we count this communication it will not
affect the scaling with /N which the main property we are interested in. This independence is also natural since it
implies that the number of local graph features is independent of the size of the graph.
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To see that solving QGNI ;1) ¢ 4 to errore < 1 /2 indeed provides a solution to BHP y ¢, note that

1
1
=P 0(71 (Ins ® ST)7) (B.19)
Grong i
1 t41
= ———— ) ([STz)))? (B.20)
(t+1)N/t ]; J
1 . -
T+ 1)N/txzfi)SST‘T(i) (B.21)
1
= mpf([nx][(i—l)t+l:it])- (B.22)
Given the choice of W5, one obtains
1 N/t
e(X/|X|F) = m Zpf([Hx][(ifl)tﬂ:it])Ui- (B.23)
i=1

It follows that sign(¢(X)) = s and |p(X)| > . It is thus possible to decide the value of s if
©(X/||X||F) is estimated to some error smaller than /3.

From Theorem 4 of [36], we have R~ (f — BHPy ;) = Q(y/N/t) for any f that has sign-degree 2
and satisfies some additional conditions. The reduction then implies

R3 (QGNIy,) = Q(\/(¢/(t + 1)) N/2). (B.24)

This can be simplified by noting that since ¢ > 2, ¢/(t + 1) > 2/3. The lower bound in [36] is
based on choosing f which belongs to a specific class of symmetric boolean functions (meaning

f() = f(ly|) where |y| = |{i : y; = —1}|). Specifically, f is defined by the choice of ¢ and two
additional integer parameters 61, 65 such that 0 < 6 < 05 < ¢ and

0< |yl <0rorbz <y,

B.25
01 < |y| < s, (B.25)

fa = {1,

(and an additional technical condition that will not be of relevance to our analysis).

We next construct a sign-representing polynomial p for any f that takes the above form, and compute
its bias 3. Since f is symmetric of sign degree 2, it suffices to construct a polynomial p; : R — R
such that p¢(y) = ps(|y|) for this purpose. If we can produce some /' that bounds § from below for
any choice of ¢, 61, 0, then the lower bound from Theorem 4 of [36] holds for any error smaller than
g

We choose ps(z) = az* + bz + 1, with the constraints p¢ (61 + 1/2) = 0,p¢(f2 + 1/2) = 0. These
lead to the solution

1, 1052 —6f?

= — 1. B.26
ooy 6rey oy o7 (8:20)

py(z)

Since this is a quadratic function with known roots that is only evaluated at integer inputs, if we want
to bound the bias of py it suffices to check the values of p at the integers closest to the roots, namely
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{61,601 + 1,04, 65 + 1}. Plugging in these values gives

0y —1
_— ~
pr0) =1 DG, T
. 1
-+ 1
L+ a5 (B.27)
1
>7
=10,
1
>77
=1t

where in the third line we used H% <1 — /2 which holds for 0 < z < 1. Using 6 < 67 + 1, we
also have

6, +1
Py +1) =1-— 11+ -
(6 +3) (1+ %)
o 6, +1
(61 +3) (1 + ﬁ) (B.28)
1

o+ 6+

=TI Y

D (02) takes the same value as Py (61 + 1). Similarly,

—_

6y +1
(62 + ) (1 + 557)

0 +1
>1— B.29
(02 + D+ 35) (®.29
_23-3
IR

ﬁf(@g + 1) =1 —

For A, < 1 this is a monotonically increasing function of 62, and is thus lower bounded by picking
02 = 1, giving p¢(2) > 1. It follows that for any choice of ¢, 61, 82, the bias is bounded from below
by

1

(B.30)

Note that our bound on the bias allows us to use the reduction from f — BHP v ; to QGNI( 1)y /s,
for any valid choice of f (satisfying eq. (B.24)).

O
Proof of Lemma 6. Alice encodes her input in the quantum state
R N—1Dg—1
1X), = 0) > Xijli gy + —= |1 ) |02, g Po) (B.31)

annF = =

over log(NDy) + 1 qubits. She sends this state to Bob. Define D = max{Dy, D1 }. Bob augments
this state by attaching zero qubits and, reordering the first two qubits, obtains the state

N—-1Dy—1
IX) = 0)[0) > > Xij [i, 4,09~ 1) 0) [0®N, 0%P)
\fIIXH =0 j=0 > \f (B.32)
= X i QN n®D
—ﬂ\0>l0>\X>+\/§|1>|0>|0 ,0%%)
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over log(N D) + 2 qubits.

Define by W; the D x D matrix obtained by appending zero rows or columns to the rectangular
matrix W to obtain a square matrix, and denote o = HA ® W,y H Bob prepares an («, 1, 0)-block-

encoding of A ® W, denoted U e, » Which acts on log(N' D) + 1 qubits. Bob then applies this
unitary conditioned on the value of the first qubit, giving

(10) 01U, + (1) {1]) |X) :% 0) Ungww, 10} | X) + % [1)10) [0%¥,07)

_ 1 1 . I &N (®D
=5 10) (10048 T [X) + 1) 19) ) + 5 1110y 02 ,0°)

Sl
[\ [\]

0) (100 JAXTE) + 1) 19) ) + 5 1110y 0°0°%)

ik

A

|
(B.33)
where |g) is an unnormalized garbage state. Above, AX W is an N X D matrix obtained by adding
zero columns to Iy as needed.

The sum pooling operator P can be implemented by multiplication by an N/t x N matrix which we
denote by P. Define by W5 the D x N/t matrix obtained by appending zero rows to W5 if needed.
Given a matrix M of size N1 x Na, denote by V[M] the vectorization of M. Bob then constructs
the Hermitian matrix
0 ( 2a0? |0) (0| ® diag(V[W2P])  bar|0) (0] @ VW2 P] (02N, 097 )
b |0) (0] ® 0BV, 08P VW, Pt 0 '

It follows that

(B.34)

(W|Of) + ctr [WpPIN*P1] =12 tr[ng—:’(AXV[ﬁ

2 b N><D1
X ) } D [WaPAXW,] + ctr [WoP1V*D1]

=o(X/ X1,

(B.35)
where 1V*P1 is an all ones matrix. The last term on the RHS is independent of X and can be
computed by Bob without requiring Alice’s message. Estimating ()|O|1)) to accuracy ¢ requires
O(]|O|| /&) measurements. Since

10| <H2aa 10) (0] @ diag(V W5 P] H—i—2”ba|0 (0] ® V2P (097, 0®D|H
(B.36)
<2(|al a® + |b| ) HWzPH ,

Bob requires O((|a| a? + |b] @) H WQZBH /€) copies of Alice’s state in order to do this. O

Proof of lemma 7. For the parameter choices used to obtain the classical lower bound (eq. (B.14)
and eq. (B.16)), we have ||[W1]| = 1, ||W2P||e < t. Additionally, for the polynomials constructed
in eq. (B.26), we have |p;(y)| < Ct? from which it follows that the matrix R used in the matrix
representation of p; has constant operator norm C, and thus | 4| = ||S]| = V/C. We also have
a = 1,b = ¢ = 0 for the nonlinearity used (eq. (4.3)), and it thus follows from Lemma 6 that
Q=" (QGNIy ) = O(t*log(N Dy)) for e < W. With this choice of ¢, the classical lower

bound in Lemma 5 holds, and thus an exponential advantage in communication is obtained by using
quantum communication. O

Proof of Lemma 11. Consider first a single variable z, with data-dependent unitaries given by
eq. (F4a). If {\y; } are chosen i.i.d. from a uniform distribution over say [0, 1], then with probability

L
1 they are all unique and so are all sums of the form A; = >~ Aj, as well as differences A5 — Az for
=1

26



k < j where the inequality holds element-wise. Set By to be the Hadamard transform over log N’
qubits for all ¢, and pick the measurement operator Py = X. We then have

Ly ={e| Xole)
. Z eQﬂi(A;_AE)Z (Bi()ljl (B )]1J2 ( )ijle (Xo)ijL (BL)kLkal e (Bl)kll

J,kE[N']L
S (), (8) (), 00 Bl B

JREINE j#k

= > > 2c0s (2n(05 - Ap)z) (Bf)ljl..(Bz)jLile (X0),,4, --- (B

JEINIFE<]

2 cos (QW(A j:—1] — Af[: + ALj, — ALEL)Z>

= Z Z Z ( )1j1 (Bz)jL,le (BL)3, oy - (B

Fl—1]€[N"]E= 1R~ 1) <[ -1} =1
(B.37)

where j;, = ji + (—1) /(@' /241)] N'/2. In the third line, we dropped the diagonal terms in the

double sum since they vanish due to the X, matrix having O on its diagonal. In the fourth line,

we collected terms and used the symmetry of (BD e (BZ) (X0)j 5y - (B1)g, to the
151 JL-1jL

permutation of j and k. In the last line we performed the sum over k;, using the structure of X,. By
our assumption about the {\s; }, each term in the final sum has a unique frequency so no cancellations
are possible. The coefficient of each cosine is nonzero (and is equal to 2N’~% or —2N’~%). There

! ’ L_l
are a total of (W) N’ such summands. This completes the first part of the proof for this
choice of {By}.

Considering instead the case of two variables, with unitaries given by eq. (F.4b), an equivalent
calculation gives

N/
_ 1 2 T T
L= 3 Y Sreos(weredes) (B1) o (BL), Bk (B

FE—1e[NTE 1k —1]<j[:—1)Jr=1
(B.38)
where

1 2
Wi = 27 (Ai[:N//z+1] - AE[:N’/2+1]) ) W= 2w (AE[N'/2+1:—1J ~ Apvrzen—y T AL — ALh) '
(B.39)

N (V=1 : :
As before, there are (f) N’ summands in total. Since

1 2 _ 1 2 . 2
cos (wj/ky + wj/kz) = CoS (wjfky) cos (w]/kz> — sin ( y) sin ( ]kz> , (B.40)

N(N'—1)\*
2

-1
we can rewrite eq. (B.38) as a sum over 2 ( N’ terms that are pairwise orthogonal

w.r.t. the L? inner product over R?. It follows from the definition of the separation rank that

N L-1
sep (Lo;y,2) =2 (NU\;I)) N'. (B.41)

We next use the assumption that the real and imaginary parts of each element of By are real analytic
function of parameters ©. This implies that the same property holds for product of entries of the form

(Bj)ljl (B})jL (B, (B, (B.42)

for any choice of 7, k. This coefficient is equal to 0 iff both the real and imaginary parts are equal to
0. Since the zero set of a real analytic function has measure 0 [81], the set of values of © for which

any of the coefficients in eq. (B.38) vanishes also has measure 0, for all choices of 7, k. The result
follows. O
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Proof of Lemma 12. Consider a periodic function f with period 1. Denote by Sj/[f] the truncated
Fourier series of f written in terms of trigonometric functions:

M-1 1?2 M—1 /2
Sulfl(y) :Z / f(x) cos (2mmz) dx cos (2mmy) + Z / f(x) sin (2rmaz) dz sin (2rmy)
m=0,_"1/2 m=0,_"1/2
M-1 M-
= Z f+ cos (2mmy) + Z n (2rmy) .
m=0 m=0

(B.43)
If f is p-times continuously differentiable, it is known that the Fourier series converges uniformly,
with rate

3101~ flloe < 37 (B.4)
for some absolute constant C' [91]. For analytic functions the rate is exponential in M.
We now define the following circuit:
Al(x) _ diag((l, L1, 627\'1'90’ e2mi2r ,627ri(N'/4—1)a:, 1, eQW'Lw’ e2mi2e 7 e27ri(N’/4—1)x))7
N'/2 N’ /4 N’ /4
(B.45)
By =|f) (0] +10) {f|. (B.46)
where
R o < 10+ s%[nz(fm) U 10y 4 /72100 = isi\g/r%dm) b |1>> ).
Z Jm| m=0
" (B.47)
Choosing |t(x)) = |0) as the initial state, this gives
lo) =A1B110)
=A, >

N'/4-1 27rim:c isien 627"“”35
MR ( fm|o>+51gn<§§> D gy 1 /7210 g%) |1>|1>>|m>

(B.48)
It follows that

N'/a1 ‘f,fg’ (0| + sign(f;F)e2mim= <1|X |0) + sign(f+)e2mime 1)

1 V2 ’ V2
<§0| XO ‘<P> = ~ Z .. F—\ —2mimz . s F—\ 2mima
S fm| m=0 | 4—| Ol +isign(f;,)e (1], [0) —isign(f,, )e 1)
poe + | fm Xo
V2 V2
1 N'/4—1
= — Z fi cos(2mma) + [, sin(2rma)
Z fm m=0
m
1
= — Snvyalfl(x)
> | fm
m
(B.49)
This approximation thus converges uniformly according to eq. (B.44), with error decaying exponen-
tially with number of qubits log N” as long as f is continuously differentiable at least once. O

Proof of Lemma 10. The algorithm in Theorem 5 of [100] takes as input a state-preparation unitary
U acting on n = log N qubits such that U [0)®™ = |2). Using O(log 1/¢) queries to U and U and
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n + 4 ancillas, it creates a state |¢) such that measuring 0 on the first n + 4 qubits of |¢) results in a
state |%) that obeys

1

@) — Te@h lo(2))|| <e. (B.50)

2
Additionally, the probability of measuring 0 on the first n + 4 qubits is O(1).

We will be interested in applying this algorithm to the state |U;x). The state preparation unitary
can be instantiated with a single round of communication by Alice starting with the state |O>®2"+4
applying a unitary that encodes x in the last n qubits of this state, and then sending it to Bob who
applies U; to the same n qubits. The conjugate of the state-preparation unitary can be applied in a
similar fashion by reversing this procedure. This can include any conditioning required on the values
of the other qubits.

s

Based on the query complexity of the algorithm in [100] to the state preparation unitary, O(log(1/¢))
rounds will suffice to obtain a state

1@0) = a0} 1G) +10), (B.51)
such that
1
|g) — a(Ula:)> <e. (B.52)
H llo(Urz)]], 2
Bob then applies Us to the state |@, ) conditioned on the first 7 + 4 qubits being in the state |0) " .
The state |¢) is unaffected. Unitary of Uy combined with the above bound guarantees
1
|9) — ‘Uza(le)> < e. (B.53)
lo (1)l >
Additionally, from Theorem 3 of [100] we are guaranteed that o = O(1). O

C Data parallelism

Data parallelism involves storing multiple copies of a model on different devices and training each
copy on a subset of the full data. We consider a model of the form

M&Mz(ﬂ@@w>m7 (C.1)
(=L

where x is an N1 X Ny matrix which we write as = [z 4, 2] for two N7 /2 X N3 matrices 4,2 5.
Assume also that ||z|| . = 1. This model can be used to define a distributed problem with dara
parallelism by considering the following inputs to both players:

Alice : JTA,{Ug},
Bob : JJB,{U[}.

The state |x) can be prepared in a single round of communication involving log(N; N3) qubits. Alice
simply prepares the state

(C.2)

Ni1/2—1Ny—1
wa) + /1= leallp INUY/2,0) = (@a)y; D > 1id) + /1= [|zall7 [N1/2,0)
i=0 j=0
N2t 1 (C.3)
=(@a)y > > lid)+lzsleIN:/2,0),
=0 j=0

using zero-based indexing of the elements of x 4. After sending this to Bob, he applies the unitary

1 N1/2—1Ny,—1
Toals @8y 2o D lid) (N1/2,00 + he. 4
Blr i=0  j=0

The resulting state is |x). As before, the gradients with respect to the parameters of the unitaries
{U¢} can be estimated by preparing copies of this state and using shadow tomography. The number
of copies will again be logarithmic in /N1, /N5 and the number of trainable parameters.
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D Exponential advantages in end-to-end training

So far we have discussed the problems of inference and estimating a single gradient vector. It is
natural to also consider when these or other gradient estimators can be used to efficiently solve
an optimization problem (i.e. when the entire training processes is considered rather than a single
iteration). Applying the gradient estimation algorithm detailed in Lemma 2 iteratively gives a
distributed stochastic gradient descent algorithm which we detail in Algorithm 2, yet one may be
concerned that a choice of ¢ = O(log N)) which is needed to obtain an advantage in communication
complexity will preclude efficient convergence. Here we present a simpler algorithm that requires a
single quantum measurement per iteration, and can provably solve certain convex problems efficiently,
as well as an application of shadow tomography to fine-tuning where convergence can be guaranteed,
again with only logarithmic communication cost. In both cases, there is an exponential advantage in
communication even when considering the entire training process.

D.1 “Smooth” circuits

Consider the case where Ay are product of rotations for all ¢, namely

P
Ay = Hef%iﬁi}%w‘;, (D.1)

j=1

where Pé‘} are Pauli matrices acting on all qubits, and similarly for B,. These can also be interspersed
with other non-trainable unitaries. This constitutes a slight generalization of the setting considered in
[49], and the algorithm we present is essentially a distributed distributed version of theirs. Denote by
B an 2P L-dimensional vector with elements ﬁg where Q € {A, B}°. The quantity ||3]|; is the total
evolution time if we interpret the state |¢) as a sequence of Hamiltonians applied to the initial state
).
In Appendix D.3 we describe an algorithm that converges to the neighborhood of a minimum, or
achieves EL(©) — L(0*) < &, for a convex L after
0 2 a2 /a2

2H@< EGA NEHE: (D.2)
iterations, where ©* are the parameter values at the minimum of £. The expectation is with respect
to the randomness of quantum measurement and additional internal randomness of the algorithm.
The algorithm is based on classically sampling a single coordinate to update at every iteration, and

computing an unbiased estimator of the gradient with a single measurement. It can thus be seen as a
form of probabilistic coordinate descent.

This implies an exponential advantage in communication for the entire training process as long as
2 o .
||G)(O) — O ||2 I8 H? = polylog(NN). Such circuits either have a small number of trainable parameters

(P = O(polylog(N))), depend weakly on each parameter (e.g. 68. = O(1/P) for arbitrary P), or
have structure that allows initial parameter guesses whose quality diminishes quite slowly with system
size. Nevertheless, over a convex region the loss can rapidly change by an O(1) amount. One may

also be concerned that in the setting H@(O) - @*H; ||BH§ = polylog(N) only a logarithmic number
of parameters is updated during the entire training process and so the total effect of the training
process may be negligible. It is important to note however that each such sparse update depends on
the structure of the entire gradient vector as seen in the sampling step. In this sense the algorithm is a
form of probabilistic coordinate descent, since the probability of updating a coordinate | ﬁg [/ 1181l is
proportional to the the magnitude of the corresponding element in the gradient (actually serving as an
upper bound for it).

Remarkably, the time complexity of a single iteration of this algorithm is proportional to a forward
pass, and so matches the scaling of classical backpropagation. This is in contrast to the polynomial
overhead of shadow tomography (Theorem 1). Additionally, it requires a single measurement per
iteration, without any of the additional factors in the sample complexity of shadow tomography.

°[49] actually consider a related quantity for which has smaller norm in cases where multiple gradient
measurements commute, leading to even better rates.
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D.2 Fine-tuning the last layer of a model

Consider a model given by eq. (3.1) where only the parameters of A, are trained, and the rest
are frozen, and denote this model by |¢ ). The circuit up to that unitary could include multiple
data-dependent unitaries that represent complex features in the data. Training only the final layer in
this manner is a common method of fine-tuning a pre-trained model [53]. If we now define

0 0A~
Ef =(1) (0@ AL P 0) (1 PoAL, D.3
=0 010 AR 10 1o (2 oy ©3)
the expectation value of E‘ﬁ using the state |+) ’u‘é> gives gg—ﬁ. Here | 755 > =
[23

1
Br(x) J[ Ax(x)Bg(x)|(x)) is the forward feature computed by Alice at layer L with the
k=L—1

parameters of all the other unitaries frozen (hence the dependence on them is dropped). Since the
observables in the shadow tomography problem can be chosen in an online fashion [5, 6, 13], and
adaptively based on previous measurements, we can simply define a stream of measurement operators
by measuring P observables to estimate the gradients w.r.t. an initial set of parameters, updating
these parameters using gradient descent with step size 7, and defining a new set of observables using
the updated parameters. Repeating this for 7" iterations gives a total of PT" observables (a complete
description of the algorithm is given in Algorithm 3).

By the scaling in Lemma 2, the total communication needed is O(log N (log T P)?log(1/5)/e*)
over O(L) rounds (since only O(L) rounds are needed to create copies of |- ). This implies
an exponential advantage in communication for the entire training process (under the reasonable
assumption I = O(poly(N, P))), despite the additional stochasticity introduced by the need to
perform quantum measurements. For example, assume one has a bound ||V£||§ < K. If the circuit
is comprised of unitaries with Hermitian derivatives, this holds with K = PL. In that case, denoting
by g the gradient estimator obtained by shadow tomography, we have

lglla < IVLI; + VL - gl5 < K +*PL. (D.4)

It then follows directly from Lemma 8 that for an appropriately chosen step size, if £ is convex one
can find parameter values © such that £(©) — L(0*) < & using

2
T=2 H@“” - 07| (k + 2P /e (D.5)

iterations of gradient descent. Similarly if £ is A-strongly convex then T' = 2(K + e2PL)? /e +
1 iterations are sufficient. In both cases therefore an exponential advantage is achieved for the
optimization process as a whole, since in both cases one can implement the circuit that is used to
obtain the lower bounds in Lemma 3.

In the following, we make use of well-known convergence rates for stochastic gradient descent:

Lemma 8 ([26]). Given an objective function L(O) with a minimum at ©* and a stochastic gradient
oracle that returns a noisy estimate of the gradient g(©) such that Eg(©) = VL(©),E ||g||§ < G?
and denoting by ©©) a point in parameter space and R = HG)(O) — O

o We have:
i) If L is convex in a Euclidean ball of radius R around ©*, then gradient descent with step size
n= g\/% achieves
Z@“ ) < RG,/ (D.6)

ii) If L is A-strongly convex in a Euclidean ball of radius R around ©%, then gradient descent with

step size ny = NGH) achieves

EE(;XT:%@(”) —L(0%) < < & (D.7)
T(T +1) & AT +1) '
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Algorithm 1 Distributed Probabilistic Coordinate Descent

IHPUt: Alice: €, {AZ}a ®Aa {77t}a T. Bob: {Bl}a er {7775}3 T.
Output: Alice: Updated parameters 654T). Bob: Updated parameters @g).

1: Alice and Bob each pre-process their coefficient vectors 54, 55 to enable efficient sampling.
2: Alice sends [|4]|; to Bob. {O(log P) bits of classical communication. }

3: forte{1,...,T} do

4: Bob samples b ~ Bernoulli(||4]; / [|5]|;) and sends b to Alice {1 bit of classical communi-

cation. }

5:  if b == 0 then

6: Bob samples (¢, i) from the discrete distribution defined by abs(5p)

7: Bob create the state |¢2%> {O(L) rounds of quantum communication}

8: Bob measures EZ, as defined in eq. (D.8), obtaining a result m € {—1,1}

9: Bob sets 05 « 08 — n,sign(B5)||8]|1m
10:  else
11: Alice runs steps 6-9, (replacing B with A)
12 endif
13: end for

D.3 Distributed Probabilistic Coordinate Descent

Given distributed states of the form eq. (D.1), optimization over © can be performed using Algo-
rithm 1. We verify the correctness of this algorithm and provide convergence rates following [49].
Define the Hermitian measurement operator

. T
BZ = (j0y0l@ 1—i|1) (11 Pg) X, (l0) 01 -il1)1eP?), (D.8)
with eigenvalues in {—1, 1}. Note that ﬁg <w%’ Eg ¢%> = ;7%, and this is essentially a compact
12

way of representing a Hadamard test for the relevant expectation value. Now consider a gradient
estimator that first samples (Q, ¢, i) with probability \52 [/118]]1, then returns a one-sparse vector
with g% = sign(8%) || 8]/, m, where m is the result of a single measurement of E& using the state

‘zb,%>. For this estimator we have

- oL
w%, Ezcg WZ%> = W7 (D.9)
i

B
1181,

Eg% = sign(82) [|6],

where the expectation is taken over both the index sampling process and the quantum measurement.
The procedure generates a valid gradient estimator.

In order to show convergence, one simply notes that by construction, ||g||, = |/3]|;. It then follows
immediately from Lemma 8 that, with an appropriately chosen step size, Algorithm 1 achieves
EL(©) — L(O0*) < g for a convex L using

2(0© — e |5

2
€0

(D.10)

queries. For a A-strongly convex £, only

28]
)\50

+1 (D.11)

queries are required. The pre-processing in step 1 of Algorithm 1 requires time O(P log P) and
subsequently enables sampling in time O(1) using e.g. [111] '°.
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Algorithm 2 Shadow Tomographic Distributed Gradient Descent

Input: Alice: z, { A/}, @S)m,T. Bob: {B/}, @g)m, T.
Output: Alice: Updated parameters @;T). Bob: Updated parameters @SBT).

I: fort e {1,...,T} do
: forte{l,...,L}do

3: Alice prepares O(log® Plog N’ log(L/4)/e*) copies of |1/12%(9(t))> {O(L) rounds of com-
munication }
4: Alice runs Shadow Tomography to estimate {EE7}(©®)}1, up to error ¢, denoting these
{oa(O@N}L
5: Bob prepares O(log” P log N” log(L/§)/<*) copies of [¢£(0®))) {O(L) rounds of com-
munication }
6: Bob runs Shadow Tomography to estimate {EEZ (©(*))}X | up to error ¢, denoting these
{gf (@)},
7: Alice sets 6™ « 91— pgA@®),
: Bob sets 87T « g2 _ pgB(o®),
9:  end for
10: end for

Algorithm 3 Shadow Tomographic Distributed Fine-Tuning

Input: Alice: x,{A}, 92(1),77,T. Bob: {B/}
Output: Alice: Updated parameters @;T).
1: Alice prepares O(log®(PT)log N’ log(1/8)/e*) copies of |i#) {O(L) rounds of communica-
tion}
2: fort € {1,...,7T} do
: Alice runs online Shadow Tomography to estimate {EE‘L“i(Gf(t))} up to error €, denoting
these {g7;(0."))}.
4:  Alice sets Gf(tﬂ) — Of(t) - ngf(&f(t)).
5: end for

D.4 Algorithms based on Shadow Tomography
E Communication Complexity of Linear Classification

While the separation in communication complexity for expressive networks can be quite large,
interestingly we will show that for some of the simplest models this advantage can vanish due to
the presence of structure. In particular, when a linear classifier is well-suited to a task such that the
margin is large, the communication advantage will start to wane, while a lack of structure in linear
classification will make the problem difficult for quantum algorithms as well. More specifically, we
consider the following classification problem:

Problem 7 (Distributed Linear Classification). Alice and Bob are given z,y € S™, with the promise
that |z - y| > 7 for some 0 < ~v < 1. Their goal is to determine the sign of x - y.

This is one of the simplest distributed inference problem in high dimensions that one can formulate.
x can be thought of as the input to the model, while y defines a separating hyperplane with some
margin. Since with finite margin we are only required to resolve the inner product between the
vectors to some finite precision, it might seem that an exponential quantum advantage should be
possible for this problem by encoding the inputs in the amplitudes of a quantum state. However, we
show that classical algorithms can leverage this structure as well, and consequently that the quantum
advantage in communication that can be achieved for this problem is at most polynomial in N. We

10An even simpler algorithm that sorts the lists as a pre-processing step and uses inverse CDF sampling will
enable sampling with cost O(log P)
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prove this with respect to the the randomized classical communication model, in which Alice and
Bob are allowed to share random bits that are independent of their inputs ''.

Lemma 9. The quantum communication complexity of Problem 7 is §) (\/ N/max(1, [yN] )) The

randomized classical communication complexity of Problem 7 is O(min(N,1/~%)).

Proof. We first describe a protocol that allows Alice and Bob to solve the linear classification problem
with margin v using O(1/+?) bits of classical communication and shared randomness, assuming
~ > 0. Note that this bound accords with the notion that the margin rather than the ambient dimension
sets the complexity of these types of problems, which is also manifest in the sample complexity of
learning with linearly separable data.

Alice and Bob share kN bits sampled i.i.d. from a uniform distribution over {0, 1}, and that these
bits are arranged in a £ X N matrix R. Alice and Bob then receive = and y respectively, which are
valid inputs to the linear classification problem with margin . For any N-dimensional vector z,
define the random projection

_1
Tk

where addition is element-wise. Applying the Johnson-Lindenstrauss lemma for projections with
binary variables [8], we obtain that if k = C'/&?2, for some absolute constant C, then with probability
larger than 2/3 we have for any 2,2’ € {z,y,0} (all of these being vectors in RY), f is an
approximate isometry in the sense

f:R" = RF £(2) (2R — 1)z, (E.1)

(=) 2= 2l3 < 1£(x) = F(la < (A +2) [l = 2/lI5. (E2)
The key feature of this result is that % is completely independent of N. Applying it repeatedly gives
7@ = @I = 1P @I = @I <0+olle—sli-20-2) 5o
f(x)-fy) >(1+e)r-y— 2.
Obtaining an upper bound in a similar fashion using the converse inequalities, we have
(Ite)z-y—2<flx) fly) (L —-¢g)z-y+2e. (E4)

Assume now that x,y are valid inputs to the linear classification problem with margin v, and
specifically that x - y > ~. The lower bound above gives

(14e)y—2e < f(z)- f(y), (E.5)
and if we choose ¢ = /8 we obtain
gl g
<+ -1 < 1@ 1), (E6)
2 8 4
where we used v < 1. Similarly, if instead x - y < —v we obtain
g v g
f(x)'f(y)ﬁ—(l—g)’%"zﬁ—a (E.7)

It follows that if Alice computes f(x) and sends the resulting O (k) = O(1/~?) bits that describe
this vector to Bob (assuming some finite precision that is large enough so as not to affect the margin,
which will contribute ), Bob can simply compute f(z) - f(y) which will reveal the result of the
classification problem, which he can then communicate to Alice using a single bit.

If v = 0 there is a trivial O(N) classical algorithm where Alice sends Bob z.

We next describe the quantum lower bound for Problem 7. Denote by dy the Hamming distance
between binary vectors. We will use lower bounds for the following problem:

Problem 8 (Gap Hamming with general gap). Alice and Bob are given &,9 € {0, 1}V respectively.
Given a promise that either dg (Z,4) > N/2+ g/2 or du(&,9) < N/2 — g/2, Alice and Bob must
determine which one is the case.

"'This resource can have a dramatic effect on the communication complexity of a problem. The canonical
example is equality of N bit strings, which can be solved with constant success probability using 1 bit of
communication and shared randomness, while requiring /N bits of communication otherwise.
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There is a simple reduction from Problem 8 to Problem 7 for certain values of 7, which we will then
use to obtain a result for all v. Assuming Alice is given & and Bob is given ¢, they construct unit

norm real vectors by z = (22 — 1)/v/N,y = (2§ — 1)/+/N with addition performed element-wise.
If dg(z,y) > N/2 + g/2 then

1 1
vy =3 5t 2 )
1,T;=Y; 1,T FYi
_Ntgl N-g, 1 (E.8)

- 2 N 2<N)

_9
N
Similarly, di(#,9) < N/2 —g/2 = z -y < —g/N. It follows that z,y are valid inputs for a
linear classification problem over the unit sphere with margin 2g/N. From the results of [88], any

quantum algorithm for the Gap Hamming problem with gap g € {1,..., N} requires Q(/N/g)

qubits of communication. It follows that the linear classification problem requires 2(1/1/7) qubits
of communication. This bound holds for integer v/V. To get a result for general 0 < v < 1 we simply
note that the communication complexity must be a non-decreasing function of 1/+, since any inputs
which constitute a valid instance with some ~ are also a valid instance for any 7/ < 7. Given some
real , the resulting communication problem is at least as hard as the one with margin [yN] /N > ~.

It follows that a Q(1/N/ [yN]) bound holds forall 0 < v < 1.

If v = 0, by a similar argument we can apply the lower bound for v = 1/N, implying that Q(v/N)
qubits of communication are necessary. Once again there is only a polynomial advantage at best. [

F Expressivity of quantum circuits

F.1 Expressivity of compositional models

It is natural to ask how expressive models of the form of eq. (3.1) can be, given the unitarity constraint
of quantum mechanics on the matrices { A, By }. This is a nuanced question that can depend on the
encoding of the data that is chosen and the method of readout. On the one hand, if we pick |¢(z))
as in eq. (3.4) and use {Ay, By} that are independent of x, the resulting state |¢) will be a linear
function of x and the observables measured will be at most quadratic functions of those entries. On
the other hand, one could map bits to qubits 1-to-1 and encode any reversible classical function of
data within the unitary matrices { A¢(x)} with the use of extra space qubits. However, this negates the
possibility of any space or communication advantages (and does not provide any real computational
advantage without additional processing). As above, one prefers to work on more generic functions
in the amplitude and phase space, allowing for an exponential compression of the data into a quantum
state, but one that must be carefully worked with.

We investigate the consequences of picking { A¢(z)} that are nonlinear functions of x, and { By}
that are data-independent. This is inspired by a common use case in which Alice holds some data
or features of the data, while Bob holds a model that can process these features. Given a scalar
variable , define Ay(x) = diag((e =27 e . e~ 2™ en'T)) for £ € {1,..., L}. We also consider
parameterized unitaries { By } that are independent of the {\,; } and inputs z, y, and the state obtained
by interleaving the two in the manner of eq. (3.1) by |p(z)).

We next set \;; = 0 forall £ € {1,...,L} and Ao = 0. If we are interested in expressing the
frequency
L—1
As = ZAM, (F.1)
(=1
where j, € {2,..., N'}, we simply initialize with [¢)(z)) = |+), |0) and use
By = o = 1) (Ge—1 = 1| + |je—1 = 1) (e — 1], (F2)

with ji = ji, = 2. It is easy to check that the resulting state is |p(z)) = (|0) + e ™57 [1)) /v/2.
Since the basis state |0) does not accumulate any phase, while the Bys swap the |1) state with
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the appropriate basis state at every layer in order to accumulate a phase corresponding to a single
summand in eq. (F.1). Choosing to measure the operator Py = Xy, it follows that (o (z)| Xo |¢(x)) =
cos(2mAx).

It is possible to express O((N')2~1) different frequencies in this way, assuming the A5 are distinct,

which will be the case for example with probability 1 if the {\s;} are drawn i.i.d. from some
distribution with continuous support. This further motivates the small L regime where exponential
advantage in communication is possible. These types of circuits with interleaved data-dependent
unitaries and parameterized unitaries was considered for example in [104], and is also related to
the setting of quantum signal processing and related algorithms [74, 77]. We also show that such
circuits can express dense function in Fourier space, and for small N we additionally find that these
circuits are universal function approximators (Appendix F.2), though in this setting the possible
communication advantage is less clear.

The problem of applying nonlinearities to data encoded efficiently in quantum states is non-trivial and
is of interest due to the importance of nonlinearities in enabling efficient function approximation [76].
One approach to resolving the constraints of unitarity with the potential irreversibility of nonlinear
functions is the introduction of slack variables via additional ancilla qubits, as typified by the
techniques of block-encoding [29, 41]. Indeed, these techniques can be used to apply nonlinearities
to amplitude encoded data efficiently, as was recently shown in [100]. This approach can be applied
to the distributed setting as well. Consider the communication problem where Alice is given z as
input and Bob is given unitaries {Uy, Uz} over log N qubits. Denote by o : R — R a nonlinear
function such as the sigmoid, exponential or standard trigonometric functions, and n = 2. We show
the following:

Lemma 10. There exists a model |¢,) of the form definition 3.1 with L = O(log1/e), N' = 2"

where n' = 2n + 4 such that |¢,) = o |0Y°" T |9) + |@) for some o = O(1), where |9) is a state
that obeys
1
[9) — ‘Uza(U1$)> <e. (F3)
lo(Ur)]l, 2

|¢) is a state whose first n + 4 registers are orthogonal to |0)*" .

Proof: Appendix B.

This result implies that with constant probability, after measurement of the first n + 4 qubits of |¢, ),
one obtains a state whose amplitudes encode the output of a single hidden layer neural network. It
may also be possible to generalize this algorithm and apply it recursively to obtain a state representing
a deep feed-forward network with unitary weight matrices.

It is also worth noting that the general form of the circuits we consider resembles self-attention
based models with their nonlinearities removed (motivated for example by [107]), as we explain in
Appendix F.3. Finally, in Appendix F.4 we discuss other strategies for increasing the expressivity of
these quantum circuits by combining them with classical networks.

F.2 Additional results on oscillatory features

Extending the unitaries considered in Appendix F.1 to more than one variable, for two scalar variables
z,y define

Ay(z) =diag((e 2™z 7 2mAnTy) (F4a)
Ag(ﬂj, y) :diag((ef%i)‘“z, o ’e—QTri/\,{N//Qw’ 6_27”)‘1%,N’/2+1l/’ s 67271'2’)\“,/11)) (F.4b)
for ¢ € {1,...,L}. Once again {B;} are data-independent unitaries, and we denote by

lo(2)), |¢(x,y)) the states defined by interleaving these unitaries in the manner of eq. (3.1), and by
L1, Lo the corresponding loss functions when measuring X.

While the circuits in Appendix F.1 enable one to represent a small number of frequencies from a
set that is exponential in L, one can easily construct circuits that are supported on an exponentially
large number of frequencies, as detailed in Lemma 11. We also use measures of expressivity of
classical neural networks known as separation rank to show that circuits within the class eq. (3.1)
can represent complex correlations between their inputs. For a function f of two variables y, z, its
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separation rank is defined by

R
sep(f) = min {R Cf(x) = Zgz(y)hl(z)} . (F5)

If for example f cannot represent any correlations between y and z, then sep(f) = 1. When
computed for certain classes of neural networks, y, z are taken to be subsets of a high-dimensional
input. The separation rank can be used for example to quantify the inductive bias of convolutional
networks towards learning local correlations [33], the effect of depth in recurrent networks [69], and
the ability of transformers to capture correlations across sequences as a function of their depth and
width [70].

We find that the output of estimating an observable using circuits of the form eq. (F.4) can be supported
on an exponential number of frequencies, and consequently has a large separation rank:

Lemma 11. For {\;} drawn i.i.d. from any continuous distribution and parameterized unitaries
{ By} such that the real and imaginary parts of each entry in these matrices is a real analytic function
of parameters © drawn from a subset of R, aside from a set of measure 0 over the choice of

{Xei} {Be},
. . . . (N'(N'—1) L=t
i) The number of nonzero Fourier components in L1 is (f) N'.

i)

PN
sep(L2) =2 (N(N21)> N'. (F.6)

Proof: Appendix B

This almost saturates the upper bound on the number of frequencies that can be expressed by a circuit
of this form that is given in [104]. The separation rank implies that complex correlations between
different parts of the sequence can in principle be represented by such circuits. The constraint on
{Bqy} is quite mild, and applies to standard choices of parameterize unitaries.

The main shortcoming of a result such as Lemma 11 is that it is not robust to measurement error
as it is based on constructing states that are equal weight superpositions of an exponential number
of terms. It is straightforward to show that circuits of this form can serve as universal function
approximators, at least for a small number of variables. For high-dimensional functions it is unclear
when a communication advantage is possible, as we describe below.

Lemma 12. Let f be a p-times continuously differentiable function with period 1, and denote by f M

the vector of the first M Fourier components of f. If Hf;M H = 1 then there exists a circuit of the
1

Sform eq. (3.1) over O(log M) qubits such that

C

£~ flloe = 3=172 (F.7)

for some absolute constant C.

Proof: Appendix B

This result improves upon the result in [93, 104] about universal approximation with similarly
structured circuits both because it is non-asymptotic and because it shows uniform convergence rather
than convergence in Lo. Non-asymptotic results universal approximation results were also obtained
recently by [43], however their approximation error scales polynomially with the number of qubits,
as opposed to exponentially as in Lemma 12.

The result of Lemma 12 applies to an L = 1 circuit. The special hierarchical structure of the Fourier
transform implies that the same result can be obtained using even simpler circuits with larger L.
Consider instead single-qubit data-dependent unitaries over L + 1 qubits that take the form

Ae = 10)q (Ol + 11 (1o (1001 Olegs + €27 1) (Lo ) (E8)
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for £ € {1,..., L}. This is simply a single term in a hierarchical decomposition of the same feature
matrix we had in the shallow case, since
2l 1

L
[T4: =100 0lg @ L + 1)y (Mg @ i@ | Y ™™ |m) (m] |, (F9)
=1 m=0

which is identical to eq. (B.45). As before, set
By = [f) (0] +10) {f], (F.10)

with N’ /4 = 2% and By = I for ¢ > 1. This again gives an approximation of f up to normalization.
The data-dependent unitaries are particularly simple when decomposed in this way. The fact that they
act on a single qubit and thus have "small width" is reminiscent of classical depth-separation result
such as [32], where it is shown that (roughly speaking) within certain classes of neural network, in
order to represent the function implemented by a network of depth L, a shallow network must have
width exponential in L. In this setting as well the expressive power as measured by the convergence
rate of the approximation error grows exponentially with L by eq. (B.44).

The circuits above can be generalized in a straightforward way to multivariate functions of the form
f:[-1/2,1/2]P — R and combined with multivariate generalization of eq. (B.44). In this case the
scalar m is replaced by a D-dimensional vector taking M ” possible values, and we can define

Ar(2) = 100 (0lg ® Tnprog a1 + Do (o @ L@ | Y ™% |m) (m| | . (R1D)
me[M)P
Note that using this feature map, the number of neurons is linear in the spatial dimension D. Because
of this, such circuits are not strictly of the form eq. (3.1) for general N since it is not the case that
log N = O(log N) where N is the Hilbert space on which the unitaries in the circuit act and N is
the size of x. An alternative setting where the features themselves are also learned from data could
enable much more efficient approximation of functions that are sparse in Fourier space.

F.3 Unitary Transformers

Transformers based on self-attention [109] form the backbone of large language models [25, 16] and
foundation models more generally [20]. A self-attention layer, which is the central component of

transformers, is a map between sequences in R%*V " (where S is the sequence length) defined in

terms of weight matrices W, Wi, Wy € RV "N given by

XWoWEXT
VN

where softmax(x); = e*i /> e” for a vector z, and acts row-wise on matrices. There is an extensive

X'(X) = softmax ( > XWy = A(X)XWy, (F.12)

1
literature on replacing the softmax-based attention matrix A(X) with matrices that can be computed
more efficiently, which can markedly improve the time complexity of inference and training without
a significant effect on performance [63, 70]. In some cases A(X) is replaced by a unitary matrix [68].
Remarkably, recent work shows that models without softmax layers can in fact outperform standard
transformers on benchmark tasks while enabling faster inference and a reduced memory footprint
[107].

Considering a simplified model that does not contain the softmax operation as in [70] and dropping
normalization factors, the linear attention map is given by

X[ (X) = XWoWEXTXWy,. (F.13)
Iterating this map twice gives
XWHWHTXTXW W WET W XT X
W wHTXTxw I wHTXTXxw WP

Iterating this map K times (with different weight matrices at each layer) gives a function of the form:

X (X (X)) = (F.14)

(3% -1)/2

X x)=xr, [[ (XTXR.), (F.15)
=1
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where the { Ry} matrices depend only on the trainable parameters. If we now constrain these to be
parameterized unitary matrices, and additionally replace X7 X with a unitary matrix Ux encoding
features of the input sequence itself, then the i-th row of the output of this model is encoded in the
amplitudes of a state of the form eq. (3.5) with L = (35 — 1)/2 + 1, [¥(x)) = | X;), Ae(x) =
Ux,B¢ = Ry.

F.4 Ensembling and point-wise nonlinearities

An additional method for increasing expressivity while maintaining an advantage in communication
is through ensembling. Given K models of the form Definition 3.1 with P parameters each, one can
combine their loss functions L1, . .., Lk into any differentiable nonlinear function

L(L1(01,2),...,Lk(OK,x),0, ) (F.16)

that depends on additional parameters ©. As long as K and \C:)| scale subpolynomially with N and
P, the gradients for this more expressive model can be computed while maintaining the exponential
communication advantage in terms of IV, P.

G Realizing quantum communication

Given the formidable engineering challenges in building a large, fault tolerant quantum processor
[11, 44], the problem of exchanging coherent quantum states between such processors might seem
even more ambitious. We briefly outline the main problems that need to be solved in order to realize
quantum communication and the state of progress in this area, suggesting that this may not be the
case.

We first note that sending a quantum state between two processors can be achieved by the well-known
protocol of quantum state teleportation [18, 45]. Given an n qubit state |t), Alice can send |1} to
Bob by first sharing n Bell pairs of the form

B = =

V2
(sharing such a state involves sending a one of the two qubits to Bob) and subsequently performing
local processing on the Bell pairs and exchanging n bits of classical communication. Thus quantum
communication can be reduced to communicating Bell pairs up to a logarithmic overhead, and does
not require say transmitting an arbitrary quantum state in a fault tolerant manner, which appears to be
a daunting challenge given the difficulty of realizing quantum memory on a single processor. Bell
pairs can be distributed by a third party using one-way communication.

(10)10) + 1) 1)), (G.)

In order to perform quantum teleportation, the Bell pairs must have high fidelity. As long as the
fidelity of the communicated Bell pairs is above .5, purification can be used produce high fidelity
Bell pairs [19], with the fidelity of the purified Bell pair increasing exponentially with the number of
pairs used. Thus communicating arbitrary quantum states can be reduced to communicating noisy
Bell pairs.

Bell pair distribution has been demonstrated across multiple hardware platforms including supercon-
ducting waveguides [75], optical fibers [64], free space optics at distances of over 1, 200 kilometers
[71]. At least in theory, even greater distances can be covered by using quantum repeaters, which
span the distance between two network nodes. Distributing a Bell pair between the nodes can then be
reduced to sharing Bell pairs only between adjacent repeaters and local processing [12].

A major challenge in implementing a quantum network is converting entangled states realized in
terms of photons used for communication to states used for computation and vice versa, known as
transduction [66]. Transduction is a difficult problem due to the several orders of magnitude in energy
that can separate optical photons from the energy scale of the platform used for computation. Proof of
principle experiments have been performed across a number of platforms including trapped ions [64],
solid-state systems [95], and superconducting qubits operating at microwave frequencies [14, 112].

H Privacy of Quantum Communication

In addition to an advantage in communication complexity, the quantum algorithms may potentially
lead to advantages in terms of privacy. It is well known that the number of bits of information that
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can be extracted from an unknown quantum state is proportional to the number of qubits. It follows
immediately that since the above algorithm requires exchanging a logarithmic number of copies of
states over O(log N') qubits, even if all the communication between the two players is intercepted,
an attacker cannot extract more than a logarithmic number of bits of classical information about the
input data or model parameters. Specifically, we have:

Corollary 1. If Alice and Bob are implementing the quantum algorithm for gradient estimation
described in Lemma 2, and all the communication between Alice and Bob is intercepted by an
attacker, the attacker cannot extract more than O(L?(log N')?(log P)? log(L/8)/e*) bits of classical
information about the inputs to the players.

This follows directly from Holevo’s theorem [52], since the multiple copies exchanged in each round
of the protocol can be thought of as a quantum state over O((log N)?(log P)?log(L/4)/*) qubits.
As noted in [3], this does not contradict the fact that the protocol allows one to estimate all P elements
of the gradient, since if one were to place some distribution over the inputs, the induced distribution
over the gradient elements will generally exhibit strong correlations. An analogous result holds for
the inference problem described in Lemma 1.

It is also interesting to ask how much information either Bob or Alice can extract about the inputs of
the other player by running the protocol. If this amount is logarithmic as well, it provides additional
privacy to both the model owner and the data owner. It allows two actors who do not necessarily
trust each other, or the channel through which they communicate, to cooperate in jointly training
a distributed model or using one for inference while only exposing a vanishing fraction of the
information they hold.

It is also worth mentioning that data privacy is also guaranteed in a scenario where the user holding
the data also specifies the processing done on the data. In this setting, Alice holds both data  and
a full description of the unitaries she wishes to apply to her state. She can send Bob a classical
description of these unitaries, and as long as the data and features are communicated in the form of
quantum states, only a logarithmic amount of information can be extracted about them. In this setting
there is of course no advantage in communication complexity, since the classical description of the
unitary will scale like poly (N, P).

I Some Open Questions

I.1 Expressivity

Circuits that interleave parameterized unitaries with unitaries that encode features of input data
are also used in Quantum Signal Processing [74, 77], where the data-dependent unitaries are time
evolution operators with respect to some Hamiltonian of interest. The original QSP algorithm involved
a single parameterized rotation at each layer, and it is also known that extending the parameter space
from U(1) to SU(2) by including an additional rotation improves the complexity of the algorithm
and improves its expressivity [85]. In both cases however the expressive power (in terms of the
degree of the polynomial of the singular values that can be expressed) grows only linearly with the
number of interleaved unitaries. Given the natural connection to the distributed learning problems
considered here, it is interesting to understand the expressive power of such circuits with more
powerful multi-qubit parameterized unitaries.

We present a method of applying a single nonlinearity to a distributed circuit using the results of
[100]. Since this algorithm requires a state-preparation unitary as input and produces a state with
a nonlinearity applied to the amplitudes, it is natural to ask whether it can be applied recursively
to produce a state with the output of a deep network with nonlinearties encoded in its amplitudes.
This will require extending the results of [100] to handle noisy state-preparation unitaries, yet the
effect of errors on compositions of block encodings [29, 41], upon which these results are based, is
relatively well understood. It is also worth noting that these approaches rely on the approximation of
nonlinear functions by polynomials, and so it may also be useful to take inspiration directly from
classical neural network polynomial activations, which in some settings are known to outperform
other types of nonlinearities [80].
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.2 Optimization

The results of Appendix D rely on sublinear convergence rates for general stochastic optimization
of convex functions (Lemma 8). It is known however that using additional structure, stochastic
gradients can be used to obtain linear convergence (meaning that the error decays exponentially
with the number of iterations). This is achievable when subsampling is the source of stochasticity
[67], or with occasional access to noiseless gradients in order to implement a variance reduction
scheme [60, 84, 46], neither of which seem applicable to the setting at hand. It is an interesting open
question to ascertain whether there is a way to exploit the structure of quantum circuits to obtain
linear convergence rates using novel algorithms. Aside from advantages in time complexity, this
could imply an exponential advantage in communication for a more general class of circuits.

Conversely, it is also known that given only black-box access to a noisy gradient oracle, an information-
theoretic lower bound of Q(1/T) on the error holds given T oracle queries, precluding linear
convergence without additional structure, even for strongly convex objectives [9]. [49] provide a
similar lower bound for their algorithm, at least for a restricted class of circuits. Perhaps these results
be used to show optimality of algorithms that rely on the standard variational circuit optimization
paradigm that involves making quantum measurements at every iteration and using these to update
the parameters. This might imply that linear convergence is only possible if the entire optimization
process is performed coherently.

In this context, we note that the treatment of gradient estimation at every layer and every iteration
as an independent shadow tomography problem is likely highly suboptimal, since no use is made
of the correlations across iterations between the states and the observables of interest. While in
Appendix D.2 this is not the case, that algorithm applies only to fine-tuning of a single layer. Is
there a way to re-use information between iterations to reduce the resource requirements of gradient
descent using shadow tomography? One approach could be warm-starting the classical resource
states by reusing them between iterations. Improvements along these lines might find applications for
other problems as well.

I.3 Exponential advantage under weaker assumptions

The lower bound in Lemma 3 applies to circuits that contain general unitaries, and thus have depth
poly(IN) when compiled using a reasonable gate set. One can ask whether the lower bound can
be strengthened to apply to more restricted classes of unitaries as well, and in particular log-depth
unitaries. While it is known that exponential communication advantages require the circuits to have
poly (V) gate complexity overall [7], this does not rule out the possibility of computational separations
resulting from the clever encoding and transmission of states nor does it rule out communication
advantages resulting from very short time preparations from log-depth protocols. The rapid growth
of complexity of random circuits composed from local gates with depth suggests that this might be
possible [24]. This is particularly interesting since Algorithm 1 requires only a single measurement
per iteration and may thus be suitable for implementation on near-term devices whose coherence
times restrict them to implementing shallow circuits. It has also been recently shown that an
exponential quantum advantage in communication holds for a problem which is essentially equivalent
to estimating the loss of a circuit of the form Definition 3.1 with L = 2, under a weaker model of
quantum communication than the standard one we consider [10]. This is the one-clean-qubit model,
in which the initial state |¢)(z)) consists of a single qubit in a pure state, while all other qubits are in
a maximally mixed state.

J Experiments additional details

J.1 Node classification training

We use the same training regime for all datasets using the recommended hyperparameters in DGL
[113] examples, reported in Table 3.

We trained each model 10 times for all three datasets using a single NVIDIA RTX A6000, taking
approximately 15 minutes per execution.
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Table 3: Hyper parameters of node classification training

Hyperparameter Value
Hidden dimension 512
SIGN hops 5
Learning rate 0.001
Input dropout 0.3
Hidden dropout 0.4
Weight decay 0.0

Table 4: Hyper parameters of node classification training

Hyperparameter Values

Hidden dimension 8,12,16,32,64,96,128,148,256
SIGN hops (per operation) [0-10]

Learning rate 0.001, 0.003, 0.005, 0.01, 0.03, 0.05, 0.1
Input dropout 0.0

Hidden dropout 0.0,0.1,0.2,0.3,04, 0.5
Weight decay 0.0, 1e-8, le-7, 1e-6, le-5, le-4
Batch size 32, 64, 128, 256, 512, 1024
Normalization layer BatchNorm, LayerNorm, none

J.2  Graph classification training

As, to the best of our knowledge, we are the first to use a SIGN variant on graph classification tasks,
we conducted a comprehensive hyperparameter tuning for the model structure (including the number
of message passing operators, the hidden dimension, and normalization after the hidden layer) and
optimization settings. The tuning was performed using Bayesian hyperparameter optimization to
identify the optimal values for each dataset. This process involved varying the hidden dimension, the
number of SIGN hops per operation, the learning rate, and dropout rates. The values considered for
each hyperparameter are detailed in Table 4. The full results of these experiments are in Table 5.

We scan each task for approximately 150 runs, using a single NVIDIA RTX A6000.

Table 5: Graph Classification Test Accuracy. Our model achieves comparable results to GIN and
other known models on most datasets.

Dataset
Model MUTAG PTC NCI1 PROTEINS COLLAB IMDB-B IMDB-M  REDDIT-B REDDIT-M
GIN [114] 89.404+5.60 64.60+7.0  82.17£1.7 76228  802+£190 75.1+£5.1 523428 924 £25 57.5+1.5
DropGIN[92] 90.4 £7.0 66.3 £8.6 - 76.3 £6.1 - 757 £4.2 51.4 £2.8 -
DGCNNJ[118]  85.8 1.7 58.6 £2.5 - 75.5 £0.9 - 70.0 £0.9 47.8 +£0.9
U2GNN [89]  89.9743.65 69.63+£3.60 - 78.53+4.07 77.84+1.48 77.04+£3.45 53.60+3.53

HGP-SL[119] - 78.45+0.77 84.91+1.62 - - - -
WKPI[120] 88.30+2.6  68.10+£2.4 87.5 £0.5 78.5+0.4 - 75.1 £1.1 495+ 04 - 59.5£0.6

SIGN (ours) 92.02+£6.45 68.0+£8.17 77.25+142 76.55+5.10 81.82+1.42 764249  53.13£3.01 78.95+£2.72 54.09+£1.76

J.3 Empirical bounds

We measure ||y || and ||W2]|  of the trained graph classification models in Section 5.2.1, corre-
sponding to Equation (4.2) and report the average results over 10 runs in Table 6 (note that we use
P = I so that no pooling matrix is present, and in any case the pooling window will typically be a
small constant). W] is constructed as a block diagonal matrix of the weights of the SIGN hidden
layer. ||W|| ., is the infinity norm of the weight matrix of the output layer of SIGN, multiplied by 2
(since we compute differnces between numbers of nodes in two classes).

We measure the score difference of the graph classification task in Section 5.2.1 and compare them
to the differences of the class sizes in Figure 3. Most of the differences are significant (larger than
1/poly(N) where N is the number of nodes; see fig. 3(c)). Some class pairs have low differences
making them indistinguishable, however, fig. 3(a),(b) indicate those are typically classes with similar
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Table 6: Weight norms of the graph classification models. We measure the norms of the final decision
problem models, averaging the values over 8 runs.

Dataset
Value OGBN-Products Reddit Cora
W | 346+027 1324012 85+8.0
W2l 0.13 +£0.02 0.04 £0.00 0.1 +0.07
#nodes 2,449,029 232,965 2708
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Figure 3: (a): Difference between class sizes in ogbn-products test set. (b) Difference between
the graph classification model class scores. The score differences are correlated to the class size
differences. (c) Histogram of the class pairs differences. Most of the differences are significantly

larger than 1/N.

number of nodes. This provides evidence that when there is a considerable class imbalance (i.e. one
that scales with system size), the magnitude of the model output when computing this difference will
not decay with the size of the graph.

While evidence of asymptotic scaling will require experiments on graphs of different sizes, our results
suggest that the upper bound in Lemma 6 is not large for models trained on standard benchmarks,
implying that they can be efficiently simulated on a quantum computer.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: See end of introduction for list of contributions and pointers to additional
details and proofs.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See the Discussion section for the main limitations we have identified.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Full proofs are given in the appendices (mostly Appendix B). Assumptions are
stated in Lemma and Theorem statements.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Experiments are explained in Section 5 and Appendix J.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Hyperparameters and hyper parameters tuning ranges are mentioned in Ap-
pendix J. Data splits are either fixed or identical to the DGL examples default.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: All experimental results include standard deviation.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The used computation resources are mentioned in Appendix J.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer:[Yes]
Justification: The code of ethics has been conformed to.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This work applies to models of computation that have not yet been realized. It
serves to motivate further study of these and will have no societal impact within the next
several years.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No risk of misuse (see broader impacts answer).
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All datasets are from DGL library.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification:
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Not relevant.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not relevant.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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