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Abstract

Integer linear programs (ILPs) are commonly employed to model diverse practical
problems such as scheduling and planning. Recently, machine learning techniques
have been utilized to solve ILPs. A straightforward idea is to train a model via
supervised learning, with an ILP as the input and an optimal solution as the
label. An ILP is symmetric if its variables can be permuted without changing
the problem structure, resulting in numerous equivalent and optimal solutions.
Randomly selecting an optimal solution as the label can introduce variability in the
training data, which may hinder the model from learning stable patterns. In this
work, we incorporate the intrinsic symmetry of ILPs and propose a novel training
framework called SymILO. Specifically, we modify the learning task by introducing
solution permutation along with neural network weights as learnable parameters
and then design an alternating algorithm to jointly optimize the loss function. We
conduct extensive experiments on ILPs involving different symmetries and the
computational results demonstrate that our symmetry-aware approach significantly
outperforms three existing methods—-achieving 50.3%, 66.5%, and 45.4% average
improvements, respectively.

1 Introduction

Integer linear programs (ILPs) are optimization problems with integer variables and a linear objective,
and have a wide range of practical uses in various fields, such as production planning (Pochet &
Wolsey, 2006; (Chen, 2010), resource allocation (Liu & Fan, |[2018;|Watson & Woodruff} 2011])), and
transportation management (Luathep et al.l 2011} Schobel, |2001). An important property that often
arises in ILPs is symmetry (Margot, 2003, which refers to a situation where permuting variables does
not change the structure of an ILP.

Recently, there emerges many approaches equipping machine learning methods, supervised learning
in particular, to help efficient solution identification for ILPs (Zhang et al., 2023). Among these
approaches, an important category derived from the idea of predicting the optimal solution has
demonstrated significant improvements (Han et al., 2023} Ding et al.| 2020; [Khalil et al.| 2022
Nair et al., 2020). In this paper, we consider a classic supervised learning task that aims to train
an ML model to predict an optimal solution for an ILP. Specifically, given a training dataset D =
{(s4,y:)} ¥, with y; denoting an optimal solution to instance s;, we hope to train a neural network

*Corresponding author: Akang Wang <wangakang @sribd.cn>

38th Conference on Neural Information Processing Systems (NeurIPS 2024).

24411 https://doi.org/10.52202/079017-0769



model fy(-) to approximate the mapping from ILP instances to their optimal solutions, via minimizing
the empirical risk defined on fy(s;) and y;.

However, for an ILP s; with symmetry, there exist multiple optimal solutions including y; and its
symmetric counterparts, any of which has an equal probability of being returned as a label. Training
neural networks without taking symmetry into account is basically learning a model supervised by
random outputs, leading to prediction models of inferior performance.

To address this issue, we propose to leverage the symmetry of ILPs to improve the model performance
of predicting an optimal solution. Specifically, given input s;, we define a new empirical risk using
fo(si) and m;(y;), where 7;(-) denotes the operation of permuting elements in y; into its symmetric
counterpart. Along with ML model parameters, the permutation operators will also be optimized
during training. To achieve this, we further develop a computationally affordable algorithm that
alternates between optimization of model parameters and optimization of permutation operation. The
distinct contributions of our work can be summarized as follows.

* We propose a symmetry-aware framework (called SymILO) that introduces permutation
operators as extra optimization variables to the classic training procedure.

* We devise an alternating algorithm to solve the newly proposed problem, with a specific
focus on updating the permutation operator for different symmetries.

* We conduct comprehensive numerical studies on four typical benchmark datasets involving
symmetries, and the results show that our proposed approach significantly outperforms
existing methods.

2 Related works

Previous works on identifying high-quality solutions to ILPs via machine learning techniques mainly
focus on reducing problem sizes. For example, Ding et al.| (2020) propose to identify and predict
a subset of decision variables that stay unchanged within the collected solutions. |L1 & Wu| (2022])
formulate MILPs as Markov decision processes and learn to reduce problem sizes via early-fixing.

It is noteworthy that the emergence of GNNs has had a significant impact on solving ILPs. |Gasse et al.
(2019) are the first to propose a bipartite-graph representation of ILPs and pass it to GNNs. Nair et al.
(2020) adopt the same representation scheme and train GNNs to predict the conditional distribution
of solutions, from which they further sample solutions. Rather than directly fixing variables, [Han
et al.| (2023) conduct search algorithms in a neighborhood centered around an initial point generated
from the predicted distribution. Other works based on GNNs (Sonnerat et al., 2022} Lin et al., 2019;
Khalil et al.| 2022} Wu et al., 2021])) also illustrate great potential in improving the solving efficiency.

Limitations of the existing GNN-based approaches are also noticed. [Nair et al.| (2020); [Han et al.
(2023) try to address the multiple solution problem by learning the conditional distribution. |Chen
et al.| (2022) introduce random features into the bipartite graph representation to differentiate variable
nodes involving symmetries.

However, none of the existing learning-based approaches explicitly leverage the inherent symmetries
in ILPs to achieve improvements. In contrast, works from mathematical optimization perspectives
suggest that symmetry-handling algorithms exhibit great abilities in solving symmetry-involving
ILPs (Pfetsch & Rehn, 2019). To name a few, such algorithms include orbital fixing (Ostrowski et al.
2011)), tree pruning (Margot} 2002), and lexicographical ordering (Kaibel & Pfetschi|[2008)).

3 Background and preliminaries

3.1 ILPs
An integer linear program (ILP) has a formulation as follows:

mxin {c¢"z|Ax < b,z € Z"} (1

where x € 7™ are integer decision variables, and ¢ € R™, A € R™*™ b € R™ are given coefficients.
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3.2 Symmetry Group

Symmetry of ILPs is typically represented by groups. We start with some basic notations and most
of which follow Margot (2009). Denoting the index set by I" = {1,2,...,n}, a permutation on I"
is a bijective (one-to-one and onto) mapping 7 : I™ — I". For example, an identity permutation
maps the index set to itself as {7 (i) = ¢}?_; and a cyclic permutation has rotational mapping rules
{m(i) =i+ 1} and w(n) = 1. Schematic diagrams of these two permutations and other ones are
shown in Figure|[I] For brevity, we abuse the notation 7 a little bit and denote the permutation acting

on a vector y € R™ by rearranging its coordinates, namely 7 (y) = [yﬂ(l), Yr(2)s - - - ,y,r(n)} T Let Q
be the set of all feasible solutions of (EI) and S, the set of all permutations on I™. Note that .S,, is
referred to as the symmetric group, which should not be confused with the symmetry group discussed
as follows.

Definition 3.1. A symmetry group of (1)) is defined as the set of all permutations 7 that map ) onto
itself, such that each feasible solution is mapped to another feasible solution with the same objective
value, i.e.,

G={neS,:c'g=c'n(y)and n(y) € Q, Vj € Q}. 2)

Next, we will delve into three commonly en-
countered symmetries, accompanied by typical

example problems. Since not all variables in an
ILP involve symmetry, we use ¢ < n to indicate 1 2 n U w n-lm

the size of the symmetry group. N~

(a) Identity permutation (b) Swapping permutation
Symmetric group The symmetric group, de-
. . ‘/\

noted by .S, is the group that consists of all per-

. . . . 1 2 n 1 2 n—-1n
mutations (q! in total) on 9. Problems with this AL A_ \_/
kind of symmetry include bin packing (John- .\_/
son, |1974) and optimal job scheduling|Graham (c) Cyclic permutation (d) Reflective permutation

et al.[(1979), etc. An example is illustrated in

Appendix [B.0.T]
Figure 1: Permutation examples with directed

Cyclic and dihedral groups As its name sug- edges denoting mapping rules.

gests, cyclic symmetry allows elements to be

permuted to their right neighbors, cycling the right-most variables back to the left, e.g., a cyclic (or
rotational) permutation p in Figure [I](c). The elements of a cyclic group Cy are powers of p, and
|Cy| = q. Problems with cyclic group often have characteristics of rotations or cycles, e.g., periodic
event scheduling problem (Serafini & Ukovich, [1989).

Compared to the cyclic group, a dihedral group (denoted as D,) additionally includes reflective
permutations, which is illustrated in Figure (d). Consequently, D, comprises a total of 2¢ distinct
permutations. A typical problem with such symmetry is the circular (or modular) golomb ruler

problem (see Appendix [B.0.2).

3.3 Classic supervised learning for solution prediction

A classic solution prediction task based on supervised learning is formulated as follows. Let S be the
space of ILP instances and ) be the label (i.e., optimal solution) space. A model function fy : S — Y
parameterized by 6 € O is used to learn a mapping from instances to optimal solutions. Let P(.S,Y")
be a distribution over S x ). The performance of the model function is measured by a criterion
called true risk : R(fo) := Ep(s,v) [l (fo(s),y)], where £ : ) x ) — R* is a given loss function,
e.g., mean squared error or cross-entropy loss. An intuitive way to improve the model performance is
to minimize the #rue risk. However, one cannot access all data from distribution P (S, Y"), which
makes it impossible to calculate the true risk. Practically, one can obtain a set of (instance, solution)
pairs called training data D = {(s;, yl)}fi1 C (8 x V)N sampled from P(S,Y), based on which
define the empirical risk as
1
r(fo; D) == Nzg(ft‘)(si)vyi)' 3)
i=1
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By minimizing the empirical risk, i.e., mingecg r, one aims to approximate the minimization of the
true risk, under the assumption that the training data is a representative sample of the overall data
distribution.

4 Methodology

4.1 Reformulation of the learning task

In Section [3.3] we introduce a classic supervised learning task for general ILPs, which aims at
learning a mapping fy from instances to optimal solutions. In this task, a dataset D = {(s;,v;)}
is given, and the mapping fy is learned by minimizing (3) with 6 as decisions. However, for ILPs
with symmetry, an ILP instance has multiple solutions (let Y; be the set of optimal solutions of i-th
instance). As a consequence, the labels in this task have multiple choices, thus datasets choosing
different optimal solutions as labels {D’ = {(s;,y/)}Y,,V yi € Y;} are all valid for the learning
task. Empirically, we observe that different D’ can lead to distinct performance, which motivates us
to consider the selection of labels for ILPs with symmetry.

We reformulate the learning task as follows. Firstly, we augment dataset D to dataset Dy =
{(si,yi, Gi)}, where G; is the symmetry group of i-th instance and 7; € G;. Secondly, we define
the symmetry-aware empirical risk as

N
(o ma} s De) = 5 Dol milun). “@

Then, the mapping fy is learned by minimizing the symmetry-aware risk as ming . r (both § and 7
as decisions). In contrast to the original task, the symmetry-aware task uses symmetry information by
introducing extra decisions {;}¥;, so as to dynamically selecting proper optimal solutions as labels.
There are important differences between the symmetry-aware empirical risk and the classic one:
Proposition 4.1. Let r* and r; be the global minimal values of ming r and ming . r,, respectively.
Then, the following claims hold:

(i) vy <r*,

(ii) ri < r* ifthere existi,j € {1,..., N}, such that s; = s; and y; # y;.

Claim (i) always holds since ming 7 is a special case of ming , rs when 7y, ..., 7y are all identity
permutations. Claim (ii) shows a significant advantage of r; compared to . A non-rigorous proof is
available in Appendix [A.T]

4.2 An alternating minimization algorithm

The minimization of (4) is challenging due to the discrete nature of 7. Motivated by the well-known
block coordinate minimization algorithms (Mangasarian, |1994), we update § and 7 alternately, i.e.,

{1 arg min ro(for, {mikiles D), Q)
OF+T arggréigrs(fg,{warl}f\Ll;Ds). 6)

Such an alternating mechanism divides the minimization of (@) into two sub-problems: a discrete
optimization in (5) over sets {G;}}¥, and a classic empirical risk minimization in (@) Repeatedly
solving (6) to optimal is unrealistic, thus it is more practical to update 6 by several gradient steps
instead.

The sub-problem in (3)) is further specified as shown in Section d.2.1] according to the symmetry
structures in the ILP instances.

We summarize the proposed alternating minimization algorithm in Algorithm|l} In the main loop,
{mi} ¥, are updated first (line 5), after which an inner loop (lines 6-10) is operated to update
through a gradient-based method GD, e.g., Adam (Kingma & Ba,2014). These two updates alternate
until a preset maximum number of epochs K is reached. We finally note that Algorithm[I|can be
easily adapted to a mini-batch version, in which the data can be randomly sampled from D;.
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Figure 2: An overview of the SymILO framework.

4.2.1 Optimization over symmetry groups in (5)

In this section, we investigate the concrete
formulations of the sub-problem in (3) for

Algorithm 1 Alternating optimization

the symmetry groups mentioned in Section  1: Input: Dataset Ds = {(s;,y:,G:)} oy, K, T
[3:2) (symmetric group, cyclic and dihedral ~ 2: Output: 6%
groups), and devise algorithms to solve  3: Initialize ML model parameter 6';
them. 4: fork < 1to K — 1do

5: {ﬂ—erl 7{\,:1  argming,eq, Ts(fekv{ﬂi}i\]:l;Ds);
Cyclic and dihedral groups The cardi- ¢ 0" 0%
nality of a cyclic group Cj is ¢, and it is ; foréf:l— “‘C’;g gtlg? G N Dy
2q for a dihedral group D,,. For symmetry 9 end for<_ (0%, Vers (07, 4m™ Fimi D)) 5
groups with such reasonably small size,a . pr+1 T
straightforward and effective way to solve  {}. end for

(b)) is to evaluate all possible permutations
and select the one that yields the minimum 7.

Symmetric group The cardinality of a symmetric group is factorially large, |S,| = ¢!, so it is

impractical to traverse all permutations. Since 71, ..., 7 are not coupled, we can separate them and
solve the IV sub-problems individually:
min/ (fo(s;), mi(yi)),Vi=1,...,N. (7N

Without loss of generality, consider an ILP whose variables have a matrix form (e.g., see Appendix
B.0.1), denoted by X € ZP*%(p-q < n), and a symmetric group S, acting on its column coordinates.
In this case, (7)) is equivalent to solve the following binary linear program (BLP),

min ¢ (X7XP> st. Pe{0,1}7%7 pT1=1,P1 =1, (8)

where P is a permutation matrix, X is the matrix form of fo(si), and 1 is an all-one vector. We relax
P to take continuous values between 0 and 1, and get a linear program (LP),

min ¢ (X,XP) st. Pel0,1]7, PT1=1,P1=1 ©)

According to Proposition [4.2] one can solve (9), to get the optimal permutations for the original
problem in (). It can be done quite efficiently with the aid of off-the-shelf LP solvers, such as/Gurobi
Optimization, LLC|(2023)), CPLEX IBM] (2020), etc.

Proposition 4.2. When ( is the squared error or binary cross-entropy loss, the optimal solution to (9)
is also an optimal solution to (8). (See the proof in[A2])

4.3 An overview of the SymILO framework

In this section, we summarize a novel learning framework (SymILO) that utilizes symmetry for
solving ILPs. An overview is depicted in Figure [2] which consists of two parts: the upper row
connected by green arrows delineates a graph neural network (GNN)-based workflow, and the lower
row connected by red arrows outlines the training process.
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For the GNN-based workflow, an ILP is first converted to a bipartite graph (see appendix [C] for
details), which is then fed to a GNN model fy (see appendix [D]for details), producing a predicted
solution. Notably, the predicted solution is finally used in downstream tasks for refinement. Due
to the complexity of solving ILPs, existing methods, such as|Nair et al.[|(2020); Ding et al.[(2020);
Khalil et al.|(2022); Han et al.| (2023)), often include a post-processing module taking the predicted
solution as an initial point to identify higher-quality solutions. Our approach follows this routine and
integrates certain downstream techniques. Section[5.1]specifies three downstream tasks.

For the training process, the data used to minimize the symmetry-aware empirical risk 75 include
the collected solution y; and the symmetry group G; of each instance s;. Both parameters 6 of the
GNN model and permutations {7;}¥; of each solution are optimized via an alternating algorithm
mentioned in Algorithm Given a trained model fyx, the prediction fyx (s’) for an unseen instance
s is used to guide the downstream tasks in identifying feasible solutions. Note that {r;}}¥ ; are

utilized only in the training phase but not in the inference phase.

5 Experimental settings

In this section, the experimental settings are presented. The corresponding source code is available at
https://github.com/NetSysOpt/SymILO.

5.1 Downstream tasks and baselines

In our experiments, we pass the predictions of GNN models to three downstream tasks, namely fix
and optimize, local branching, and node selection, to identify feasible solutions. For each downstream
task, we choose one existing method as a baseline. The downstream tasks and their corresponding
baselines (in parentheses) are shown below.

Fix and optimize (ND): “Fix and optimize” refers to a strategy where one first “fix” or set some
variables to specific values and then “optimize” the remaining variables to find better solutions. The
baseline we choose is “Neural Diving” (ND) proposed by |[Nair et al.| (2020), a technique using a
graph neural network to generate partial assignments for ILPs, which creates smaller sub-ILPs with
the unassigned variables.

Local branching (PS): Local branching is a heuristic method that constructs a linear constraint
based on a given initial solution to the original ILP instance. This constraint restrains the search
space in a region around the initial solution. It can help guide the optimization process toward better
solutions while balancing computational efficiency. Approaches based on this idea include |Ding et al.
(2020); Han et al.| (2023)); (Chen et al.|(2023)) and we select the “predict-and-search” (PS) framework
proposed by |[Han et al.|(2023) as a baseline.

Node selection (MIP-GNN): In branch and bound algorithms, node selection is a process of
choosing the proper nodes to explore next. Effective node selection is crucial for the algorithm’s
success in solving optimization problems. “MIP-GNN” (MIP-GNN) proposed by Khalil et al.| (2022
uses GNN prediction to guide node selection and warm-starting, and is selected as another baseline.

5.2 Benchmark datasets

We evaluate the proposed framework on four ILP benchmarks with certain symmetry, which consists
of (i) two problems with symmetric groups: the item placement problem (IP) and the steel mill slab
problem (SMSP), (ii) the periodic event scheduling problem (PESP) with cyclic group, and (iii) a
modified variant of PESP (PESPD) which has a dihedral group.

The first benchmark IP is from the Neur[PS ML4CO 2021 competition (Gasse et al., 2022). We use
their source code to randomly generate instances with binary variables ranging from 208 to 1050.
Each instance has a symmetric group S, ~ S19. We use 500 instances for our experiments, taking
400 as the training set and the remaining 100 for testing. The SMSP benchmark is from Schaus et al.
(2011), and contains 380 problem instances. We randomly select 304 of them as training data and take
the others as testing data. The instances of this benchmark have 22k~24k binary variables and nearly
10k constraints, with each of them having a symmetric group S111. The last two benchmarks are from
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PESPIib |Goerigk! (2012), a collection of periodic timetabling problems inspired by real-world railway
timetabling settings. Since PESPIib only provides a few instances, which are not sufficient to support
neural network training, we randomly perturb the weights of the provided instances to generate more
data (see Appendix[G.3.1]for details). We respectively generate 500 instances for PESP and PESPD,
taking 400 of them as training sets and 100 as testing sets. The symmetry groups of these two datasets
are cyclic groups C5 ~ (5 and dihedral groups D5 ~ D5, respectively. For all training sets, 30%
instances are used for validation. The average numbers of variables and constraints, as well as the
symmetry groups of each benchmark problem, are summarized in Appendix [F1} Besides, more
details about their ILP formulations and corresponding symmetries are supplemented in Appendix [G]

These benchmarks only include problem instances. We collect the corresponding solutions using an
ILP solver CPLEX (IBM, |2020). However, solving ILP instances even with moderate sizes to optimal
is extremely expensive. It is more practical to use high-quality solutions as the labels. Therefore, we
run single-thread CPLEX for a time limit of 3,600 seconds and record the best solutions.

5.3 Training settings

All models are trained with a batch size 16 for 50 epochs. The Adam optimizer with a learning rate of
0.001 is used, and other hyperparameters of the optimizer are set to their default values. The model
with the smallest loss on the validation set is used for subsequent evaluations. Other training settings,
such as the loss function and neural architectures, follow the configurations in |Han et al.| (2023)).
More details about the hyper-parameter tuning for the downstream tasks and software resources are
shown in Section [El

5.4 Evaluation metrics

To compare the prediction performance of the model trained on r and r,, we define the Top-m%
error for evaluation. In addition, another criterion relative primal gap is used to evaluate the final
performance in identifying feasible solutions in different downstream tasks.

Top-m% error: We use the distance between a rounded prediction and its nearest equivalent
solution as the error. Specifically, given a prediction § and its label y, we define the equivalent
solution closest to § as § = 7’(y), where ©’ = arg min, ||§ — 7(y)||. Then, the Top-m% error is
defined as

£(m) =) [Round(§;) — i, (10)

€M

where M is the index set of m% variables with largest values of |[Round(¢;) — 9;|. This error
measures the minimum distance between the prediction and all solutions equivalent to the label.
Compared to naive use of the distance ), ,, [Round(%;) — s, can more accurately represent
how close a prediction is to a feasible solution. Since for the naive distance, when Round(g) equals
any equivalent solution 7(y) # y, the distance is greater than 0, while that of is 0.

Relative primal gap: We also feed the outputs of the models trained through r, to the downstream
tasks mentioned in Section[5.1]to evaluate the quality of the predictions. All the three downstream
approaches incorporate ILP solvers to search for solutions. We run these ILP solvers on a single
thread for a maximum of 800 seconds. Since all the problems used in the experiments are NP-hard,
identifying optimality is highly time-consuming. Thus the metric used in our experiments is relative
primal gap

ety Ty
PG(y) = 11

(7) e (11)
which measures the relative gap in the objective value of a feasible solution g to that of the best-known
solution y*, and € is a small positive value to avoid the numerical issue. Additionally, let ;. and ;.

respectively be the primal gaps of models trained through r and r, then an improvement gain of our
approach is calculated as (- — V) /e
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6 Numerical results

In this section, we present the comparison results on empirical risk r and symmetry-aware one r. In
addition, primal gaps of SymILO and baselines on three downstream tasks are reported.

6.1 On empirical risks and Top-m% error

We denote training and test risks by 7" (-) = r(-; D) and rt¢ = r(-; D), respectively, and similarly
use 7" and ¢ for symmetry-aware risk. Let f(*) and fs(k) be the best classic model and symmetry-
aware model obtained at k-th epoch by training with 7" and %", respectively. We plot both the
training and test risks versus the number of epochs in Figure[§] As predicted in Proposition[d.1] when
algorithms converge, the classic empirical risk 7" is always greater than symmetry-aware risk %"

< r(k te k er ¢k
——o——r"" (1) ————rle () rir(f8) ——e——rie(s1V)|
0.44 0.14 ¢ 3.00 3.00
X X 4 X X
= = = =
T 0.38 = 0.09 = 2.11 | 7 2.44 gy
50.31 S.0.05 y ©.1.22 '2.1.89
£ £ S £ 1
0] n O | @) 0]
0.25 ' 0.01 0.33 . 1.33
0 50 0 50 0 50 0 50
epoch epoch epoch epoch
(@) IP (b) SMSP (c) PESP (d) PESPD

Figure 3: The training and test risks v.s. the number of epochs on four benchmark problems.

As shown in Table |1} the symmetry-aware model fﬁK) always predicts smaller Top-m% errors
in (10) compared to the classic model f5), demonstrating the usefulness of proposed empirical
symmetry-aware risk in predicting solutions correctly.

Table 1: Top-m% errors (}) of model f*) and fSFK) averaged over different datasets.

1P SMSP PESP PESPD
U fs(»K) FUO fﬁK) FUO éK) FUO (K)

m%

10% 0.8+0.8 04406 06+£0.7 0.0+£00 75£17 01+02  87.4+4] 12.7+4.8
30% 39+£15 29413 53+26 01+0.1 442+35 0.1+05 275473 81.3+24
50% 17.0+24 51+1.7 195£55 0.6+25 527435 0.3+0.8 4224102 223+77
70% 46.5 £2.8 36.3+43 475+£98 17.8+6.6 122426 23+5.5 638+93 486+114
90% 829 *15 76.1+3.0 10315 47.0£9.1 1.6k+30 212+23 854469 848199

Moreover, the time costs of minimizing different em-

pirical risks r and 7, for a mini batch are shown in Table 2: Time cost for minimizing differ-
Table 2] Here, t denotes the average time of solving ~ent empirical risks (in seconds).

the permutation decisions per instance. The reported
times for r, include the optimization time ¢. The ta- P SMSP PESP PESPD
ble illustrates that the alternate training strategy does r g-g‘l‘ 6791-453 {;‘?Z }g- ig
not mgplﬁcal}tly increase tht? training duratlgn, and £ 0029 0129 0011 0018
the optimization step over 7 is executed efficiently.

6.2 Downstream results

The relative primal gaps of different downstream tasks at different solving time are shown in Figure 4]
and the final values at 800 seconds are listed in Table[3] As Figure[]shows, our proposed empirical
risk significantly improves the performance of different downstream tasks over the primal gap in 800
seconds.

Note that the node selection task exhibits modest performance in comparison to other tasks; a possible
reason is that it requires runtime interaction to call the callback functions provided by the CPLEX
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Figure 4: Relative primal gaps at different times. Three downstream tasks, i.e., fix-and-optimize,
local branching, and node selection, are evaluated with a time limit of 800 seconds. The results of the
same downstream task use the same color. In addition, the relative primal gap of the Tuned CPLEX
running on a single thread is also reported as the blue dashed line.

Python APIs, which can slow down the whole solving process. However, such a flaw does not affect
the demonstration of the effectiveness of our proposed method.

For the primal gap at 800 seconds shown in Table 3] the models trained through r significantly
improve all downstream tasks. The performance gain of the model trained through r, is calculated
by computing the relative gaps between our approach’s gap improvements and that of the baselines.
Average gains over the three downstream tasks are 50.3%, 66.5% and 45.4%, respectively. The
overall results demonstrate the effectiveness of the proposed empirical risk ;. We also provide the
corresponding p-values for the significance of improvements in Appendix [F.2]

Table 3: Average relative primal gaps (J) of different downstream tasks at 800 second. The values in
this table are averaged over primal gaps of all test data for each benchmark problem. “Tuned CPLEX”
is the result of the tuned CPLEX running on a single thread.

Dataset  Tuned CPLEX Fix&optimize Local branching Node Selection
ND  SymILO gain(?) PS SymILO gain(t) MIP-GNN SymILO gain(T)
1P 0.188 0.201 0.124 384% 0.168  0.102 39.4% 0.312 0.190 39.2%
SMSP 0.190 0.300  0.180 40.0% 0230  0.160 30.4% 1.180 0.740 37.3%
PESP 0.056 0.084  0.050 39.8% 0306  0.000 100% 1.899 0.280 85.3%
PESPD 3.194 2389 0.404 83.1% 3.442  0.127 96.3% 3.755 3.006 20%
50.3% 66.5% 45.4%

Avg.

7 Limitations and conclusions

In conclusion, we propose SymILO, a novel symmetry-aware learning framework for enhancing the
prediction of solutions for integer linear programs by incorporating symmetry into the training process.
Our approach shows significant performance improvements over symmetry-agnostic methods on
benchmark datasets. Despite the significant advancements presented in our symmetry-aware learning
framework, SymILO, several limitations must be acknowledged. Firstly, while we provide realizations
for three commonly encountered symmetry groups—symmetric, cyclic, and dihedral—the framework
requires specific formulations for optimizing permutations, which limits its immediate applicability
to other symmetry groups not discussed in this work. Secondly, for large-scale problem instances
with extensive and complex symmetry groups, the sub-problems involved in optimizing permutations
can significantly slow down the training process. Enhancing the computational efficiency of our
alternating optimization algorithm for these cases remains a challenge and an area for future research.
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A Theoretical proofs

A.1 Proposition[4.1]

Non-rigorous Proof: Consider the case where s; = s9, y1 # ¥2, and £ is the mean squared error,
and let § = fy(s1) = fo(s2). Then,

« A R 1
r Zmﬁm§(Ily—y1|\2+Hy—yzll2) = 7l =) >0.

While for the symmetry-aware risk, since s; and s, corresponds to identical instances, there must
exist permutations 7} and 75, such that 7] (y1) = 75(y2). Consequently,

ri = min [l = (y) I+ 1§ = ma(ye) I = 0 < "

A.2 Proposition[d.2]

Proof: When the loss function ¢(-, -) is the squared error (SE) or the binary cross-entropy loss (BCE),

tsp(X,XP)=|X - XP|% (12)

=tr(X'X -2XTXP+P'XTXP) (13)

—tr(XTX —2XTXP+ X"X), (14)

lpep(X,XP) == ([XPljlog Xk + (1 — [X P];x)log(1 — X)), (15)
7,k

equations (I3) to (I4) hold for permutations of a matrix’s rows and columns don not change its
Frobenius norm, i.e., tr(PT X XP) = | XP|% = || X||% = tr(X T X). and (15 show that
these two loss functions are linear w.r.t P, with which (8) becomes a linear assignment problem
Kuhn| (1955). It is easy to verify that the constriant matrix of a linear assignment problem is totally
unimodular—-it satisfies the four conditions of Hoffman and Gale (see Page 252 in|Dantzig| (1956)),
thus an optimal solution of the relaxed problem (9) must be integral as well, namely an optimal
solution to problem (g).

B ILP examples with different symmetry group

Example B.0.1. Consider a bin packing problem, in which there are three items I = {1, 2, 3} with
sizes {a1 = 1, a2 = 2,a3 = 3} and three identical bins J = {1, 2, 3} with capacity B = 3. Items
are packed into bins, and it is required to use a minimum number of bins without exceeding the
capacity. The specific formulation is as follows:

min - y1 +y2 +y3
zi;,9;€{0,1}

1215 + aToj + azxrs; < Byj, ViedJ (16a)
Ti1 + Tig + 243 = 1, Viel (16b)
where y; = 1 denotes j-th bin is used and x;; = 1 denotes -th item is placed in j-th bin.

Figure 5: Equivalent solutions of Example [B.0.1]

Since all bins are identical, arbitrarily swapping them does not change the feasibility and the objective
value, e.g., the different assignments shown in Figure 5] are all equivalent. Specifically, assume

Y1 Y2 Y3 1 1 0
X é 11 12 T13 _ 0 1 0
T21 T2 T23 0 1 O
T31  T32 X33 1 0 0
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is an optimal solution to the problem (T6), then

o 1 1
e 1 0
&= 1)1 1 0

’

0
0
0
0

(sl en M en N an]
O R ==

0
0
O b
0

= o o
= O o

0 0 0 1

are all equivalent solutions to X. Formally, this problem has a symmetric group S3 =
{(1,2,3),(1,3,2),(2,1,3),(2,3,1),(3,1,2), (3,2,1)} w.r.t. its bin numbers .J.
Example B.0.2. Given a circle with circumference 8, place 3 ticks at integer points around the circle
such that all distances between inter-ticks along the circumference are distinct. The formulation of
this problem is as follows:

min 0
T1,T2,T3
s.t. Yij = ‘JJZ‘ — l‘j‘, V(Z,j) S S, (178.)
dij = min{y;;, 8 — yi; }, v(i,j) € S, (17b)
dio # di3,d12 # da3, d13 # da3 v(i,j) € S, (17¢)

where S = {(1,2),(1,3),(2,3)}, x1, 22,23 € {1,2,3,4,5,6,7,8} denote the positions of each
tick, d;; are distances between ticks ¢ and j with auxiliary variables y;;. The constraints in this
formulation are nonlinear, we linearize them by big-M methods. Equalities (T7a) can be linearized by
introducing auxiliary variables a;; € {0,1},V(3,j) € S as

Yij = Ti — Tj, v(i,7) € S, (18a)
Yij = Tj — T4y Y(i,7) € S, (18b)
Yij < @ — x5+ 8- agy, v(i,j) € S, (18c¢)
Yij < — 2 + 8- (1 —ayy), (18d)
when z; > x;, a;; = 0, otherwise a;; = 1. Similarly, equalities are equivalent to
dij < Yijs Y(i,5) € S, (19a)
di; < 8 = yij, Y(i,5) € S, (19b)
dij > yij — 8- myj, V(i,7) € S, (19¢)
dij 28—yij —8-(1—mij), V(i,j) ES, (l9d)

where m;; € {0,1},V(¢,7) € S are auxiliary variables, with m;; = 0 when y;; < 8 — y;;.
The not-equal constraints ([17d) can be linearized by

dij > die +1— 8- tijre, V(i,j, k,0) € K, (20a)

dk@ Z dz] +1-8- (l_tijké)? V(Z,j,kj,f) GK, (ZOb)
where K = {(1,2,1,3),(1,2,2,3),(1,3,2,3)}. By introducing auxiliary variables t;;5; €
{0,1},Y(i,4,k,¢) € K, we have d;; > dpe + 1 if t;60 = 1, otherwise d;; < dye — 1, ie.,
dij # dp.
Assume {x1 = T1,x9 = To,x3 = T3} is a feasible solution of this problem and let [-]; denote
the mod — T operation, then it’s easy to verify that {z; = [Z; + b|s}?_, (rotation) and its reverse
{z; = [(8 — Z;) + bls}3_,,V b € Z (reflection of the rotation) are both equivalent feasible solutions.

It is more intuitive to see the illustration in Figure[6] rotation and reflection acting on the ticks do not
change their corresponding distances.

When representing 1, z2, x3 by binary variables z;, € {0,1},Vi € 1,2,3,Vp € {1,...,8}:

8
zi =Y p-Zip, Vi e {1,2,3}, (21a)
p

8
>z =1, Vi e {1,2,3} (21b)
p
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the modulo symmetry leads to a dihedral group Dg along the p dimension of z;,. Specifically, let Z
be a feasible solution with its (¢, p)-th entry as the value of z;,, then any permutation 7 € Dg acting

on the columns of Z yields another equivalent solution [Z..(1), . .., Z.x(s)]-

Figure 6: Equivalent solutions of Example [B.0.2]

C Bipartite graph representation for MILP

Gasse et al.| (2019) proposed to represent a MILP (also works for ILP) by a bipartite graph G =
(V,C, E) with two disjoint sets of nodes, V' = {v1,v2,...,v,} and C = {c1,¢a, ..., ¢ }, denoting
the decision variables and constraints in Problem (1)), respectively. And E = {A;x|A;r # 0,¢; €
C, v, € V} is the set of weighted edges connecting variable nodes and constraint nodes, where
A is the coefficient matrix in Problem (T). Each node has a feature vector vy, or c; describing the
information of the variables or constraints. For example, in our experiments, these features include
variable types (continuous or binary), variable positions, lower and upper bounds, right-hand side
coefficients, constraint types (=, <, >), etc.

D Graph convolutional neural network

In the graph convolutional neural network (GCNN)-based approach proposed by |Gasse et al.| (2019),
a bipartite graph G = (V, C, E)) (with node features 0 = cj, vlio) = vy, and edge features Ajy) is
taken as the input. Stacked layers are applied to aggregate information from neighbors and update
node embeddings. Each layer has two consecutive half convolutions computed as

=TS gD (e ) | (22)
J:(4,k)EE
v;(cl) = fﬁl) v;(ql_l)7 Z gq(,l) (c;l),v;(@l_l)w‘ljk) ) (23)
k:(j,k)EE
where [ € {0, -, L} denotes the layer index, fgl) and ggl) are non-linear transformations gathering

information from variable nodes and update on constraint nodes, fl(,l) and qu” are on the contrary. All

of these four transformations are two-layer perceptrons with ReL.U activations. Lastly, another two-
layer perceptron f,,; with sigmoid activation is used to convert the final embeddings to the predictions
of integer variables by &, = Sigmoid( fout(v,(f))). We denote fy as the GNN parameterized by 6,
and the output vector for the discrete part as & = fy(G) in the remaining sections.

E Detailed experimental settings

E.1 Hyper-parameter tuning

The experiments involved three downstream tasks: fix&optimize, local branching, and node selection.
For the first two, we utilized grid search for hyperparameter tuning. In fix&optimize, we adjusted «,
the fraction of variables to fix, exploring values from 0.1 to 0.9. For local branching, we varied (3, the
percentage of variables in the local branching constraint, within the same range. For node selection,
we adhered to default settings as stated in [Khalil et al.| (2022). In Table[E.I] we report the optimal
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hyperparameters for each task and dataset, ensuring clarity and aiding in the reproducibility of our
work.

Table 4: Hyper-parameters for different down-stream tasks

r Ts

a B a B

P 01 02 01 0.1
SMSP 05 05 05 06
PESP 0.1 0.1 03 04
PESPD 0.1 0.1 03 02

Dataset

E.2 Computational resources and software

All evaluations are performed under the same configuration. The evaluation machine has one AMD
EPYC 7H12 64-Core Processor @ 2.60GHz, 256GB RAM, and one NVIDIA GeForce RTX 3080.
CPLEX 22.2.0 and PyTorch 2.0.1 (Paszke et al., [2019)) are utilized in our experiments. The time
limit for running each experiment is set to 800 seconds since a tail-off of solution qualities was often
observed after that.

F Other supplements
F.1 Dataset details

Table 5: More information about benchmark problems include average number of variables (“bin.”
for bianry while “int.” for integer) and constraints, as well as symmetry groups.

problem # of Var. #of Cons. symmetry

1P 208 ~ 1050 bin. 46~196 Sy~ Sio
SMSP 22k ~ 24k bin. 20k ~ 22k S111
PESP 5k ~ 15k int. Tk ~21k  Cs5~Cy5
PESPD 5k ~ 15k int. 10k ~ 30k D5 ~ D5

F.2 p-values for the significance of improvement

We use the paired-sample T-test in MATLAB and report p-values in the following table. A p-value
less than 0.05 means the mean difference (improvement) is significant. It shows that our proposed
framework is effective in finding a better solution.

Table 6: p-values of paired-sample T-tests for the difference of means of the relative primal gaps

p-value Fix and Optimize Local Branching Node Selection

Ip 0.0012352 0.0007626 0.0044869
SMSP  0.0000441 0.0007752 0.0000026
PESP 0.0589491 0.0585871 0.0012326
PESPD  0.0000002 0.0000054 0.0088221

G Problem formulation and their corresponding symmetry group

G1 IP

There are [ items, J bins, and K resource types. Each item ¢ has a fixed resource requirement ay,
for each resource type k. Each bin j has a fixed capacity by for each resource type k. The goal is to
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place all items in bins, while minimizing the imbalance of the resources used across all bins. This
problem has a formulation as follows:

inﬁ Z Z agYjk + Z Br 2k

JjEJkEK keK
s.t. d wy=1 Viel (24a)

jeJ

Zaikxij < by Vje JVkeK (24b)

el

> digwij +yir > 1 Vje JVke K (24¢)

i€l

Yjk < 2k Vje JVke K (24d)

;€ {0,1} VielVjelJ (24e)

Yjk > 0 Vie JVkeK (24f)

where z;; = 1 denotes assigning item ¢ to bin j, d;, is normalized resource requirement for each
item, ¥, and z;, are implicit decision variables to track the imbalance of the resources. Since each
bin in this problem is identical (i.e., with the same capacity), reordering bins would not change a
feasible solution’s feasibility and objective value. This problem naturally has a symmetric group
S|7| w.r.t. the ordering of bins J. Specifically, let X € {0, 1}11x17] be a feasible solution of an IP
instance with its (7, j)-th entry as the value of variable x;;. Then arbitrary permutation = € S|,

acting on its columns {X.;,Vj € J} yields an equivalent solution [X:wu), Xir2),- - ,X;,r(m)]

G.2 SMSP
Given order set O, and slab set S. Color set C, and slab weights @ = {ug = 0, u1, ua, ..., ug }. ug

denotes unused slab. The ILP formulation of SMSP used in our experiments is from (Gargani &
Refalo, [2007)) as

min E q X Ygs
T,Y,2

s€S,qeQ

Sy Toe =1 Vs € S, (25a)
oe0
> yge =1 Vs € 8, (25b)
q€Q
Z WoTos < Z q X Ygs Vs € S, (25C)
0€O qeQ
Tos S Zeos VO S O7 RS S, (25(1)
Dz <2 Vs €S, (25¢)
ceC
Tos, Ygss Zes € 10,1} YocO,5€8,ccC,qeQ. (25f)

G.3 PESP

Periodic event scheduling problem involves determining optimal schedules for a set of events that
occur repeatedly over a fixed period, such as bus or train departures. Consider a set of events £. For
each event i € £ we would like to schedule a time ¢; € {1,...,T — 1}, where T is the periodic
length. Besides, a set of activities A C £ x £ connect events with each other. Each activity a € A
has a lower bound ¢, € N, an upper bound u, € N, and a weight w,. The goal is to minimize the
weighted sum of the slack y, of all activities, while ensuring all activity slacks are within [0, u, — £,].
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It can be formulated as:

Hltln Z wa(ya + éa)

acA

st yq = [t; — tilr Va = (i,7) € A, (26a)
0 <y, Sug—4y Va € A, (26b)
t; € {0,....T—1}, Vie (26¢)

where [-]r denotes the modulo operation, which enforces the periodic nature. It is modeled as
[t; — tilr = t; — t; + z,T by introducing additional implicit variables {z, € N}. Due to the
existence of modulo operation, we can regard {¢;,Vi € £} as frames in a clock with intervals
[0,...,T — 1]. If all ¢; rotate the same angles simultaneously, then the activity slacks y, remain
unchanged. In our experimentation, we substitute ¢; by t; = > w(k—1)-z;; and > x Tit = 1, where
zi, € {0,1},Vi € £,k € {1,T}. Let X € {0, 1}/ denotes a feasible solution with its (i, k)-th
entry as the value of variable x;, then this problem has a cyclic group Cr w.r.t. the column indices
of X, i.e., any permutation 7 € C'r acting on the columns of X yields an equivalent feasible solution
[X:Tr(l)7 e 7X:7T(T)]'

G.3.1 Data generation by perturbation

As mentioned above, a PESP instance has a set of events £ and a set of activities A C £ x £
connecting events with each other. Each activity has a weight w,. The goal is to assign an appropriate
time ¢; to each event 7 € £ to meet some constraints while minimizing the total time slack weighted
by {wg,a € A}. These weights heavily impact the time assignment. We perturb these weights to
generate new instances by introducing Gaussian noises, i.e., w), = w, + ng, where ng, ~ N(pu =
Wa,0 = 0.1 xw,).
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1. Claims

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

Answer: [Yes]
Justification: Please refer to Abstract and Section 1.
Guidelines:

e 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: Please refer to Section [
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: See Appendix A

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.

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: Please refer to Section[5]and Appendix [E]

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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Answer: [Yes]
Justification: We provide a code link in Section [5]
Guidelines:

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

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/pu
blic/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: See Section 3]
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: We report the p-values in Appendix [F2]
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).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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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% CIL, 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.
8. 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: See Appendix E.2.
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).

9. 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 research presented in this paper adheres to the NeurIPS Code of Ethics.
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).
10. Broader Impacts

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

Answer: [NA]

Justification: This paper presents work whose goal is to advance the field of Machine
Learning. There are many potential societal consequences of our work, none of which we
feel must be specifically highlighted here.

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).

11. 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: Our paper does not present any such risks.
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.

12. 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: Please refer to Section
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.

24433 https://doi.org/10.52202/079017-0769


paperswithcode.com/datasets

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets

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

Answer: [Yes]
Justification: See the code link in Section
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.

14. 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: Our paper does not involve any crowdsourcing or research with human subjects.
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.

15. 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: Our paper does not involve any crowdsourcing or research with human subjects.
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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