


Table 11: Train classification accuracy of all models in the different-size tasks.

Model 1S-Maze GoTo Pong Doorkey

NeuralSolver 99.99 ±0.00 99.99 ±0.01 100.00 ±0.00 99.69 ±0.03

Bansal et al. [6] 100.00 ±0.00 99.99 ±0.01 100.00 ±0.00 99.97 ±0.02

FeedForward 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00 99.85 ±0.05

Table 12: Validation classification accuracy of all models in the different-size tasks.
Model 1S-Maze GoTo Pong Doorkey
NeuralSolver 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00

Bansal et al. [6] 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00

FeedForward 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00 99.94 ±0.04

extrapolating to 256 × 256 (Table 19) and 512 × 512 (Table 20) observations. Due to the large
dimensionality of the tasks and the large number of iterations required to solve the tasks, we only
consider 100 testing examples2The results show that only NeuralSolver is able to maintain perfect
accuracy across all tasks. Moreover, our model does not suffer from overthinking, as shown in
Figure 13.

C.8 Hyperparameter Scan

In Fig. 14 we perform a small hyperparameter scan on the choosen default values in Table 9.

2Each test on the 1S-Maze task with observations of size 512× 512 took on average 28 hours on a Nvidia
4090 GPU.
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Table 13: Extrapolation accuracy for different values of α on the different-size tasks and in the
Thin-Maze task.

α 1S-Maze GoTo Pong Doorkey Thin-Maze

0.00 67.16 ± 5.80 62.98 ±12.21 69.24 ± 7.60 93.81 ±6.84 46.78 ±37.49

0.01 63.47 ±12.73 64.69 ± 9.23 71.97 ±10.70 97.13 ±1.46 42.76 ±37.56

0.10 73.36 ± 7.56 62.09 ±13.38 62.53 ±10.11 93.44 ±4.71 22.26 ±27.65

0.50 74.14 ± 2.60 58.45 ± 5.81 68.13 ±13.27 93.19 ±8.70 0.22 ± 0.17

1.00 66.55 ±13.75 60.52 ±11.75 71.48 ±14.83 94.71 ±2.96 5.32 ± 5.84

Table 14: Extrapolation performance NeuralSolver in the proposed different-size tasks with
different number of channels in the LSTM’s output and hidden state (model width). Higher is better.

Model Width 1S-Maze GoTo Pong Doorkey

64 (Default) 100.00 ±0.00 100.00 ± 0.00 100.00 ±0.00 100.00 ± 0.00

48 98.79 ±3.82 99.94 ± 0.20 100.00 ±0.00 99.76 ± 0.63

32 78.75 ±3.82 96.56 ±10.13 100.00 ±0.00 98.65 ± 2.89

24 80.05 ±3.31 96.96 ± 7.91 100.00 ±0.00 91.21 ±17.69

Table 15: Extrapolation accuracy of NeuralSolver with different recurrent modules in the proposed
different-size tasks. Higher is better.

Model 1S-Maze GoTo Pong Doorkey

LSTM (Default) 100.00 ±0.00 100.00 ± 0.00 100.00 ±0.00 100.00 ± 0.00

GRU [28] 83.24 ±10.09 99.94 ± 0.13 100.00 ±0.00 95.85 ± 4.34

LocRNN [29] 87.65 ±9.13 82.56 ±17.73 94.08 ±8.81 86.02 ±11.75

Table 16: Total parameter count of NeuralSolver with different recurrent modules in the proposed
different-size tasks, in the scale of millions of parameters. Lower is better.

Model 1S-Maze GoTo Pong Doorkey

LSTM (Default) 0.231 0.231 0.230 0.231
GRU [28] 0.192 0.192 0.192 0.192
LocRNN [29] 0.236 0.236 0.236 0.236

Table 17: Computational complexity (in gigaMACs) of NeuralSolver with different recurrent
modules in the proposed different-size tasks. Lower is better.

Model 1S-Maze GoTo Pong Doorkey

LSTM (Default) 4.12 9.76 9.76 9.76
GRU [28] 3.19 7.55 7.54 7.55
LocRNN [29] 4.33 10.25 10.25 10.25
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Table 18: Extended extrapolation accuracy of different ablated versions of NeuralSolver in the
proposed different-size tasks. Higher is better.

Model 1S-Maze GoTo Pong DoorKey

NeuralSolver 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00 100.00 ±0.00

No LN 75.53 ± 0.87 99.55 ±1.49 100.00 ±0.00 97.11 ±1.99

No Dropout 90.61 ±11.23 98.48 ±3.05 100.00 ±0.00 99.65 ±0.89

With Projection 97.24 ± 8.25 99.93 ±0.21 100.00 ±0.00 99.45 ±1.02

Table 19: Extrapolation accuracy on different-size tasks considering 256× 256 observation size.

Model 1S-Maze GoTo Pong Doorkey

NeuralSolver 100.00 ±0.00 100.00 ± 0.00 100.00 ±0.00 100.00 ±0.00

Bansal et al. [6] 77.20 ±2.48 60.33 ±12.38 65.00 ±9.01 100.00 ±0.00

Table 20: Extrapolation accuracy on different-size tasks considering 512× 512 observation size.

Model 1S-Maze GoTo Pong Doorkey

NeuralSolver 100.00 ±0.00 100.00 ± 0.00 100.00 ±0.00 100.00 ±0.00

Bansal et al. [6] 79.20 ±5.81 57.22 ±10.15 63.60 ±2.42 99.71 ±0.45

GoTo 1S-Maze Pong DoorKey
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Figure 13: Accuracy results of extrapolation to large observation sizes (512×512). All results are
averaged over 10 randomly-selected seeds. In the 1S-Maze environment, the real number of iterations
is 10x larger. Higher is better.
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Figure 15: Almost Stochastic Order scores of the same-size task results presented in Section 5.1.
ASO scores are expressed in ϵmin, with a significance level α = 0.05 that is adjusted accordingly by
using the Bonferroni correction [17]. Read from row to column: e.g., NeuralSolver (row) is almost
stochastically dominant over Bansal et al. [6] (column) in the Prefix-Sum task with ϵmin of 0.28.

D Statistical Significance

The Almost Stochastic Order test (ASO; [15, 16]) was recently introduced to assess statistical
significance in Deep Neural Networks across multiple runs. The ASO test measures the presence of a
stochastic order between two models or algorithms based on their respective sets of evaluation scores.
Using the individual scores of algorithm A and B across various random seeds, the method calculates
a test-specific value (ϵmin), representing how far algorithm A is from being significantly superior to
algorithm B. The lower the value of ϵmin, the more likely it is that A is better than B. For ϵmin < 0.5, A
is said to be almost stochastically dominant over B in most cases than vice versa, and thus A could be
considered superior to B, although with less confidence. We claim that A is stochastically dominant
over B with a predefined significance level when ϵmin = 0.0. We use the implementation by [30] to
perform these statistical tests. We present the comparison of all pairs of models using ASO with a
confidence level of α = 0.05 (before adjusting for all pair-wise comparisons using the Bonferroni
correction [17]).
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Figure 16: Almost Stochastic Order scores of the different-size task results presented in Section 5.2.
ASO scores are expressed in ϵmin, with a significance level α = 0.05 that is adjusted accordingly
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Figure 17: Almost Stochastic Order scores of the ablation study on the different-size tasks presented
in Section 5.3. ASO scores are expressed in ϵmin, with a significance level α = 0.05 that is adjusted
accordingly by using the Bonferroni correction [17]. Read from row to column: e.g., NeuralSolver
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24

3481https://doi.org/10.52202/079017-0114



F
e
e
d

F
o
rw

a
rd

B
a
n

sa
l 

e
t 

a
l.

N
e
u

ra
lS

o
lv

e
r

O
ra

cl
e

FeedForward

Bansal et al.

NeuralSolver

Oracle

1.00 1.00 1.00 1.00

1.00 1.00 1.00 1.00

0.80 0.49 1.00 1.00

0.06 0.02 0.06 1.00

Size 8

F
e
e
d

F
o
rw

a
rd

B
a
n

sa
l 

e
t 

a
l.

N
e
u

ra
lS

o
lv

e
r

O
ra

cl
e

FeedForward

Bansal et al.

NeuralSolver

Oracle

1.00 1.00 1.00 1.00

0.00 1.00 1.00 1.00

0.00 0.30 1.00 1.00

0.00 0.02 0.06 1.00

Size 20

F
e
e
d

F
o
rw

a
rd

B
a
n

sa
l 

e
t 

a
l.

N
e
u

ra
lS

o
lv

e
r

O
ra

cl
e

FeedForward

Bansal et al.

NeuralSolver

Oracle

1.00 1.00 1.00 1.00

0.55 1.00 1.00 1.00

0.00 0.00 1.00 1.00

0.00 0.00 0.36 1.00

Size 32

0.0

0.2

0.4

0.6

0.8

1.0

F
e
e
d

F
o
rw

a
rd

B
a
n

sa
l 

e
t 

a
l.

N
e
u

ra
lS

o
lv

e
r

O
ra

cl
e

FeedForward

Bansal et al.

NeuralSolver

Oracle

1.00 1.00 1.00 1.00

0.35 1.00 1.00 1.00

0.00 0.00 1.00 1.00

0.00 0.00 0.22 1.00

Size 64

F
e
e
d

F
o
rw

a
rd

B
a
n

sa
l 

e
t 

a
l.

N
e
u

ra
lS

o
lv

e
r

O
ra

cl
e

FeedForward

Bansal et al.

NeuralSolver

Oracle

1.00 1.00 1.00 1.00

0.29 1.00 1.00 1.00

0.00 0.00 1.00 1.00

0.00 0.00 0.00 1.00

Size 128

0.0

0.2

0.4

0.6

0.8

1.0

Figure 18: Almost Stochastic Order scores of the Doorkey sequential decision-making task results
presented in Section 5.4. ASO scores are expressed in ϵmin, with a significance level α = 0.05 that
is adjusted accordingly by using the Bonferroni correction [17]. Read from row to column: e.g.,
NeuralSolver (row) is stochastically dominant over Bansal et al. [6] (column) starting at scenarios
with observations of size 32 with an ϵmin of 0.00.
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Figure 19: Almost Stochastic Order scores of the fine tuning progressive loss results presented in
Appendix C.3. ASO scores are expressed in ϵmin, with a significance level α = 0.05 that is adjusted
accordingly by using the Bonferroni correction [17]. Read from row to column: e.g., a progressive
loss alpha value of 0.5 (row) is almost stochastically dominant over the value of 1. (column) in the
1S-Maze task with ϵmin of 0.23.
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Figure 20: Propagation of information in NeuralSolver for the 1S-Maze task: Top: we highlight
the difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 35× 35 environment. The white pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move right (R), down (D), left (L), or up (U).

E Learned Algorithms with NeuralSolver

Similar to Section 3.2, we show visualizations of the recurrent space of NeuralSolver while solving
the different-size tasks. More specifically, we visualize the difference between the current recurrent
state of the LSTM and the last recurrent state, for each iteration. The following figures show two
plots per iteration: the one on top shows the difference between the recurrent states in a certain color
superimposed over the input image, while the one below shows the predicted action probabilities
outputted by the model.

With these visualizations we notice how the information propagates through the input problems,
giving a hint of the algorithm that the model is performing. An interesting observation across these
visualizations is how the final prediction of the model only converges to the correct action after the
recurrent iterations have converged to a fixed state around the player position.

E.1 1S-Maze

By looking at how the information propagates through the maze paths in Figure 20 and 21, the model
appears to learn a parallel algorithm that starts with the dead ends until finding the optimal path
between the player (green) and the goal (red). At iteration #90 in Figure 20, the visible difference
between the current and last recurrent states actually represents the optimal path between the player
and the goal. The algorithm converges to the optimal task after the difference of the state converges
near the player. Figure 21 shows that finding the optimal path is not necessary to predict the next
action.
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Figure 21: Propagation of information in NeuralSolver for the 1S-Maze task: Top: we highlight
the difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 61× 61 environment. The white pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move right (R), down (D), left (L), or up (U).

Figure 22: Propagation of information in NeuralSolver for the GoTo task: Top: we highlight the
difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move right (R), down (D), left (L), or up (U).

E.2 GoTo

We highlight three examples of possible player and goal positions that influence the final predicted
action. Namely, if the player (green) is above the goal (red), below the goal, or at the same level in
height.

In Figure 22, we can notice that the model chooses by default the up action, while across the iterations
a signal is sent from the goal position to the positions above, propagating in a circular/oval shape.
Thus the model appears to learn an algorithm that attempts to signal the player if it should go down.
Similarly, in Figure 23 the recurrent state does not change near the player, as such the predicted action
remains the same.

In Figure 24 we see a case in which the player is on the left of the goal. In this setting, the horizontal
line with a slightly different contrast ranging from the goal position appears to communicate across
that line the player should go left or right to reach the goal.
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Figure 23: Propagation of information in NeuralSolver for the GoTo task: Top: we highlight the
difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move right (R), down (D), left (L), or up (U).

Figure 24: Propagation of information in NeuralSolver for the GoTo task: Top: we highlight the
difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move right (R), down (D), left (L), or up (U).

E.3 Pong

We present two examples our learned algorithms solving the simplified game of Pong: one when
the ball is on the left of the paddle, and the other when on the right. We can notice that the model
learns a similar algorithm to the model in the GoTo task. In both cases the model starts by predicting
that the paddle should move right. In Figure 25, the model prediction changes once the information
propagation reaches the paddle, changing it to the left action. In Figure 26, we see that this propagation
of information does not reach the paddle, and as such the action remains unchanged.

We can also see a line with a slightly different contrast leaving the center of the ball, thus signaling
that the model should instead predict the stay action. This could indicate that different contrasts
might represent different algorithms running simultaneously.
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Figure 25: Propagation of information in NeuralSolver for the Pong task: Top: we highlight the
difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move left (L), stay (S) and right (R).

E.4 Doorkey

We provide two examples of learned algorithms in Doorkey: in Figure 27 we show a case when the
player is almost reaching the goal, and in Figure 28 a case when it already captured the key and is
reaching for the door.

These visualizations are harder to interpret than the other ones. This phenomenon might occur since,
to solve this task, the agent needs to follow a complex sequence of tasks, thus requiring multiple
algorithms to find where the positions of the objects are and which action to do next. We can notice
this in Figure 28, where there is a line that shoots vertically from the door position that is not present in
Figure 27. This shows that for more complex tasks, better visualization and interpretation techniques
of the recurrent states are required.
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Figure 26: Propagation of information in NeuralSolver for the Pong task: Top: we highlight the
difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
where the agent can move left (L), stay (S) and right (R).

Figure 27: Propagation of information in NeuralSolver for the DoorKey task: Top: we highlight
the difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
namely Forward (L), Rotate Right (R), Pickup (P), and Toggle (T).
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Figure 28: Propagation of information in NeuralSolver for the DoorKey task: Top: we highlight
the difference between the current iteration and last iteration (not represented) of the internal state of
the recurrent module of our model in a 64× 64 environment. The black pixels represent the pixel
positions of the recurrent state that converged to a fixed final state. Larger differences are represented
in deep blue color. Bottom: the predicted action probabilities by the model at different iterations,
namely Forward (L), Rotate Right (R), Pickup (P), and Toggle (T).
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F Additional Example Trajectories

In Figure 29 we present additional trajectories of agents that execute policies learned using
NeuralSolver and other baselines, following the same procedure as in Section 5.4.

Oracle NeuralSolver Bansal et al. FeedForward

Figure 29: Visualization of the trajectories of NeuralSolver, Bansal et al. [6], and FeedForward
models against the Oracle trajectory. The first row is a task of size 32 × 32, second and third of
64×64, and fourth and fifth of 128×128.
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G Examples of tasks with observations of size 512× 512

We present additional visualizations of examples of tasks with large observations (512× 512).

Figure 30: Example of a 1S-Maze task with 512× 512 observations.
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Figure 31: Example of a DoorKey task with 512× 512 observations.
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NeurIPS 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: Our claims are properly justified through the paper, with experimental support
in Section 5.

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: Even though we did not provide a specific section to discuss the limitations,
through the article our experiments show possible improvements in the extrapolating from
smaller training sizes, Section 5.1 and Section 5.2, as well slightly worse performance when
training on fewer training examples, Section C.1.

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
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: [NA]
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: We include in the appendix all the details necessary to successfully implement
the NeuralSolver architecture and different-size tasks, even without the provided code. In
Section B.3 we provided the hyperparameters used in the training of all tasks and in Sec-
tion B.6 we highlight the main differences between the Bansal et al. [6] and NeuralSolver
implementations that allow also to faithfully implement our model based on the available
Bansal et al. [6] descriptions and available code. In Section A we give the details on how to
implement the different-size tasks.
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).
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(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?

Answer: [Yes]

Justification: We provide a GitHub repository with the code, the data, and a Readme file
detailing how to perform the main experimental results.

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/
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 URLs 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: We provide complete details of the training and test details in Appendix B.

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 our experiments are accompanied with standard deviation errors and with
the ASO[15, 16] significance test described in Section D.

Guidelines:
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• 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.
• 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.

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: Section B.4 and Section B.5.

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: Our research does not involve human participants. As this is an empirical work
that studies the extrapolation abilities of deep learning models when learning algorithms we
do not have direct negative society impacts. Our training tasks and use of previous datasets
do not contain any personally identifiable information, do not use or refer to any sort of real
people information, as well respect the previous task licenses.

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
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Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: As this is an empirical work that studies the extrapolation abilities of deep
learning models when learning algorithms we do not have direct negative society impacts.
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.

• 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: [NA]
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: Our models and tasks are based on previous work that are all properly cited
and referenced.
Guidelines:
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• 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.

• 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: In Section A we give the details on how to implement the different-size tasks.
We also provide the code and description to create these tasks.
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: [NA]
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]
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Justification: [NA]
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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