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Abstract

In-context learning (ICL) refers to the ability of a model to learn new tasks from
examples in its input without any parameter updates. In contrast to previous
theories of ICL relying on toy models and data settings, recently it has been shown
that an abstraction of a transformer block can be seen as implicitly updating the
weights of its feedforward network according to the context [4]. Here, we provide
a simple generalisation of this result for (i) all sequence positions beyond the last,
(i1) any transformer block beyond the first, and (iii) more realistic residual blocks
including layer normalisation. We empirically verify our theory on simple in-
context linear regression tasks and investigate the relationship between the implicit
updates related to different tokens within and between blocks. These results help
to bring the theory of [4] even closer to practice, with potential for validation on
large-scale models.

1 Motivation and main result

Large-scale pretrained models show a remarkable emergent ability to learn new tasks from examples
in their input without any fine-tuning or parameter updates. This “in-context learning” (ICL) capability
was first noted for GPT-3 [3] and has more recently also been shown by large vision models [2]. For
this reason, there has been increasing interest in understanding the mechanisms behind ICL [5, 12],
using both empirical and theoretical approaches. While previous theoretical analyses of ICL have
relied on simplified models and data settings, recently [4] showed that an abstraction of a transformer
block—consisting of a “context-aware” layer such as self-attention [8] and a multi-layer perceptron
(MLP)—has the implicit effect of modifying the MLP weights according to the context.

However, among other limitations, the analysis of [4] applies only to the last token and the first
transformer block, and their extension to blocks with skip connections does not exactly correspond
to the standard Pre-LayerNorm (LN) transformer architecture used in practice [9, 10]. Our main
contribution is to generalise the main result of [4] in all these respects, namely for any token, block
and more accurate residual blocks including layer normalisation.

Following their setup, we define a contextual layer A : R¥>N — RI*N a5 any layer such as
self-attention that can process a d-dimensional input sequence of any length V. We ignore multiple
sequence batches for simplicity. The contextual layer can take as input either a single query vector
A (x) with x € R? or also a context sequence in addition to the query A (C, x), with C € R4 (V—1),
A contextual block is then defined as the stacking of a contextual layer with an MLP, Tw () =
W/ (o(WA(-) +b)) + b’ € RN with weights (W, W’), biases (b, b’) and activation function o.
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Figure 1: Empirical verification of Theorem 1 for in-context linear regression. (Left) Test losses
of a 5-layer transformer trained to solve linear regression tasks in context (see §A.2 for details).
The empirical and theoretical losses were computed using the left- and right-hand side of Eq. 2,
respectively, for the last block ¢ = 5 and token ¢ = V. (Right) Mean squared differences between the
theoretical and empirical predictions (see Eq. 35) of every block at different training steps ¢. Results
were consistent across different random seeds.

Based on these definitions, a simplified version of the main result of [4] can be stated as follows:'

(WAA(N))A(X)T
A G2

Tw(C,x)(v) = Twiawy(c)(x), AWN(C) = (1

where AA vy = A(C, x)(n) — A(x) is the difference in the contextual layer’s prediction of the last
token with and without context, and IV indexes the last sequence element, which is left implicit in
[4]. Eq. 1 shows that the last-token prediction of a contextual (e.g. transformer) block taking some
context and query as input (LHS) is equivalent to that of the same block with only the query as input
and the first weight matrix of the MLP updated by the context (RHS). Notably, the implicit weight
update AW y(C) is of rank one, as the outer product of a column vector and a row vector.

Our generalisation of Eq. 1, given in the following theorem, shows that the prediction of any token
i by any contextual block ¢ with more realistic skip connections including Pre-LN (see §A.1.4 for
details) is equivalent to that of the same block with only the previous query as input and specific
MLP parameters updated by the context. For any block other than the first, we can think of the inputs
(Cy,x¢) as “refined” versions of the original context and query.

Theorem 1. Consider a contextual block T{Mb, with skip connections, Pre-LN (as in Eq.
25) and input (Cy, x¢). Then, the following equality holds (see §A.1.4 for proof):

Tw b (Ce, X0) ) = T€V+AW1-(C),b’+Ab;(C)(Xf)7 (2)

where the MLP updates of the first weight matrix and the last layer’s biases are given in Egs.
29 and 30, respectively. The weight update (Eq. 29) is of rank one as in [4].

Following [4] and other previous works [6, | 1], we verified our theory on the well-defined problem
of in-context linear regression by testing multi-layer transformers to predict sequences of linear
functions that were not previously seen during training (see §A.2 for details). Figure 1 shows an
excellent match between the theory and experiment. Additional analyses of the implicit weight
updates related to different token positions within and between blocks are included in Appendix A.

To conclude, our results help to bring the theory of [4] even closer to practice, potentially allowing
for validation on large-scale models. In particular, it would be interesting to analyse the implicit
weight updates of models trained on language, which our generalisation enables. Our work is still
limited by considering one step of token generation, and it could be important to study ICL settings
where the answer is itself a sequence of tokens.

'"The more general version of the theorem considers any subset of the context Y C C that may modify
AW n(Y), which we will ignore for simplicity.
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A.1 Proofs and derivations
A.1.1 Extension to all sequence positions

Generalising the main result of [4] (Theorem 2.2) to all output sequence positions (including the
last) is simply a matter of indexing. As made explicit by our indexing in Eq. 1, [4] focus only on
the last-token prediction of the contextual block T'w (C, x) ). We can therefore relax the result by
simply considering any token position ¢

WAA ;)A(x)T
Tw(C,x);) = Twiaw,(©)(x), AW;(C) = ( ||AE>)<;||2(X) . 3)

where one only needs to index the output of the contextual layer AA ;) = A(C,x);) — A(x). Note
that different sequence positions will be associated with different weight updates AW ;(C) and that
each update retains rank 1. This result can also be rewritten in matrix form by stacking all the weight
updates related to different positions into a single matrix B

Tw(C,x) = Tian(c)(x) 4)
where the new matrix and its update are

W AW, (C)

W AW, (C)
B= , e RAM*d and  AB(C) = ) e R(AN)xd 5)
W AW (C)

with W € R"*4_ It is straightforward to show that the rank of this update matrix AB(C) is also 1.
AW, (C)
AW,(C)

In particular, rank < N. However, all the AW ;(C) can be written by definition

AWy (C)
as the outer product of a column vector and a row vector w;vT, where u; = WAA(i) € R” and the
same v = A(x) € R for all i. Hence

AWl(C) u1vT up

AWQ(C) u VT us
AB(C) = , - = 7|

AWN(C) uN.VT uyn

which shows that rank(AB(C)) = 1.



A.1.2 Extension to any contextual block

Similar to the previous extension to all sequence positions (§A.1.1), the main result of [4] can be
generalised to any contextual block beyond the first one by simple iterative application. For any block
¢ other than the first, we can do this by thinking of their inputs (Cy, x;) as refined versions of the
original (unprocessed) input context and query (Cy,x7). Hence

(WAAL)AL (x)"
[|Af ()2

where T{N and A’ indicate the /th contextual block and layer, respectively. Note that, as expected,
Eq. 6 simplifies to Eq. 1 fori = N and ¢ = 1.

Tw(Ce,x0) (i) = Twiaw,(c,) (%), AW;(Cp) = (6)

A.1.3 Extension to any block with more accurate skip connections

Motivated by the Pre-LN architecture [9, 10], [4] consider blocks with the following skip connections:

T(C, X)(N) =X+ A<C7 X)(N) + W/O'(WA(C, X)(N) + b) +b, @)
However, this fails to input the full contextual layer’s output into the MLP, specifically the input skip
X. The more exact block structure would be

T(C.x)(x) = X + A(C, X)) + W'o (W(A(C,X)w) + %) +b) + b ®)

where now the MLP is also fed the input skip x. To lay the groundwork for the proof of Theorem 1,
we proceed in 3 main steps. First, using the same logic as in §A.1.1, we extend Eq. 8 to any token
position ¢

where note that the input skip is equal to the query vector (C,x)(;) = x for the last position i = .
Second, we prove Theorem 1 without layer normalisation for the first block, which can be stated as
follows:
Tw b (C, %)) = Tw,(c).b/(C)(X) (10)
where the updates of the first MLP weight matrix and the biases of the last layer are given by
T
W(AA ) + Azy)) (A(x) +
1A (x) + x|
Ab;(C) = AA(i) + AZ(i), (12)

with Az(;) = (C,x)(;) —x as the difference between any input element and the query. The result now
follows by direct computation as in [4]. Let W;(C) = W + AW, (C) and b}(C) = b’ + Ab’(C).
Then by definition, the right-hand side of Eq. 10 is
TW’L(C)J)Q(C) (X) =X+ A(X) 4+ W/U((W + AWL(C)) (A(X) + X)) + b) + b/ + Ab;(C)
(13)
=x+ A(x) + Ab;(C) + W’a((W + AW;(C)) (A(x) +x)) + b) +b/,
(14)
where the second line simply moves the update of the last layer’s biases for later convenience.
Substituting AW, (C) (Eq. 11) and using the fact that ﬁx = 1, we obtain

(W(AAG) + Az))) (Alx) +x)”

1 (Ax) +x) |2
= W(AA(i) + AZ(Z-)), (16)

AW, (C)(A(x) +x)) = (A(x) +x) (15)
which gives

Tw,(c).b/(c)(X) = x + A(x) + Abj(C) + W’U(W(A(x) +x+AAG) + Az + b) +b'.
amn



By the above definitions, we have that A(x) + AA ;) = A(C,x)(;) and x + Az = (C,X) ;).
Hence,
Tw,(c) b (c)(X) =x + A(x) + Ab}(C) + W/U(W(A(C, X)) + (C, %) (i) + b) +b’.
(18)
Finally, by definition of Ab/(C), we obtain

TWi(C),b;(C)(X) = (C7X)(i) + A(C,X)(i) + W/0'<W(A(C7X)(i) + (C,X)(i)) + b) + b’
19)
= TW,b’(CaX)(i) (20)

The last step is to extend, following §A.1.2, the result to any contextual block ¢

T“(Ce,x0)(5) = (Co,x0) (5) + A (Crox0) (i) + W/0'<W(AZ(C& x¢)(iy + (Cexe) (i)) + b) + b’

2D
where we simply index the block T, layer A* and input (Cy, x;), with (Cy,x;) as the original
context and query. The parameter updates now become

(W(AAL) +Aaf,)) (A (xe) +x0) "
AW:{Ce) = TAT=) + x| and 22

AbL(Cy) = AA@) + Azfi), (23)

with Azfi) = (Cy, x¢)(s) — X¢. By exactly the same computation as above, this leads to

T%V;,(C@),b;(cl)(xf) = T (Ce,X0)(5) (24)

which proves Theorem 1 without layer normalisation.

A.1.4 Generalisation to any block with skips and layer normalisations (Theorem 1)

Building on the previous results in §A.1.1-A.1.3, here we prove Theorem 1 in its most general form,
namely for any token and block including both skip connections and Pre-LN. Omitting the layer
index ¢ for simplicity, the Pre-LN contextual block is given by

T(C,X)(Z) = (C,X)(l) + A(LN(C,X))(Z)

+Wo(WLN' [A(LN(C,x)) ) + (C,x))] +b) +b  @5)

where recall that layer normalisation (LN) [1] of some input vector x is given by LN(x) = v ®
x_Elx] 3, with some optional learnable factors <y and 3. Similar to the MLP weight matrices and

\/ Var[x]+e
biases, LN(-) and LN’(+) indicate the pre-attention and pre-MLP layer normalisations, respectively.
As in §A.1.3, we want to prove that there exist some MLP parameter updates such that

Tw b (Ce X)) = T<N+AW¢(Ce),b’+Ab;(Ce)(Xf) (26)

for any token position ¢ and block ¢. To derive the updates, we first show some more general
expressions that recover all the previous cases. Specifically, the general weight update is given by

W(g; — f)fT
|[£]]2

where g; and f are the full input to MLP with and without context, respectively. For example, in
the case of no skip connections, Eq. 27 reduces to the result of [4] (Eq. 1 for ¢ = N) where
gi = A(C,x)(;) and f = A(x), hence g; — f = AA(;). In this case, the difference in the MLP
input with and without context coincides with that of the contextual layer’s output (with and without
context). Note also that Eq. 27 shows that the implicit weight update has rank 1 for any g; and f.

If we add skip connections as in §A.1.3 (Eq. 9), Eq. 27 reduces to the derived update of Eq. 22,
where g; = A(C,x);) + (C,x)(;) and f = A(x) + x, hence g; — f = AA(;) + Az(;). Note that



now the input to the MLP with and without context no longer coincides with that of the contextual
layer’s output and also includes a skip connection delta Az(;) = (C, x) ;) — X. In this case, as shown
in §A.1.3, we also need an implicit update for the biases of the last MLP layer

Ab; =q; —p (28)

K

where q; and p are the full output of the contextual layer (including the skip) with and without
context, respectively. In this case, they reduce to the input to the MLP (with and without context) and
the derived update of Eq. 23, namely q; — p = g; — f = AA ;) + Az;).

Finally, if we consider a Pre-LN contextual block as in Eq. 25, the general weight update of Eq. 27
leads to

gi f f

AW,(C) =

(W( LN’ [A(LN(C,x)) ;) + (C,x)(;)] —LN' [A(LN(x)) + x| )) (LN’ [A(LN(x)) +x] )"

|| LN [A(LN(x)) +x] ||

f

(29)
where note that now the difference in the full input to the MLP g; — f (including the input skip and
LNs) does not simplify because of the nonlinear, nested LNs. The general update for the last layer’s
biases of Eq. 28 gives

Ab(C) = [A(LN(C,x)) ;) +(C,x)) | — [A(LN(x)) +x]
N———
i p

= AA(Z-) + AZ(i). (30)

Note (i) that now q; # g; and p # f because of the second (pre-MLP) LN, and (ii) that the update is
the same as that without LN except that the difference in the contextual layer’s output now includes
the first (pre-attention) LN, i.e. AA(;) = A(LN(C,x)) @ A (LN(x)). Using these updates (Egs.

29-30), it can be shown by direct computation as in §A.1.3 that

Tw b (Ce.xe)(s) = T<N+Awi(0g),b’+Ab;(Cg)(Xf) (€29)

for any token position ¢ and block ¢, which concludes the proof. This particular equality for Pre-LN
blocks is empirically verified in Figure A.3. Note that, as in §A.1.1, we can rewrite the result more
compactly in matrix-vector form:

T%V,b’(cfv x¢) = T%+AB(C¢),e+Ae(CZ)(X€) (32)

where the stacked weight matrices B and their updates AB(C;) are given in Eq. 5 for the first block
but can be similarly extended to any block, while all the biases e and their updates Ae(Cy) are
concatenated as follows

b’ Ab;(Cy)
b’ . Aby(Cy) .

e= . eR and Ae(Cy) = ) c R"V. (33)
b Aby(Cy)

Note that AB(C;) retains rank 1.

A.2 Experimental details

We trained transformers to learn linear regression tasks in context, following [4, 6, | 1]. This involved
exposing the model to a sequence of input-output pairs from linear functions at training time, and
testing it on previously unseen linear functions at inference time. An example sequence consists
of (x1,hp(X1), ..., XN—1, Wp(XN—1), Xquery)» Where x; ~ N(0,I4,) € R% and hy(x;) = (W, x;)
with w ~ N(0,1,,) € R Note that one function (or task) b is sampled for every N inputs. For
input to the model, all the input-output pairs are concatenated along the d, dimension as in [4],
such that the input or embedding matrix is (C,x) € R@=+D*N "with (C,x)n) = [Xquery, 0]7 .

2As a small side note, [4] write the context as having length N, leading to a N + 1 sequence. We use an
N — 1 context to keep the notation compact when indexing the last token.



Transformers were trained to minimise the last-token prediction error over a batch of tasks

B
1
L) =55 > lye = fo(C %) gam I (34)
b=1

where y, = hy (Xquery) and gy = fo(C, X) 5,4, n) indicates the model prediction of the last token over
the last input (target) dimension.

For the results of Figure 1, we used batch size B = 128, sequence length N = 51 and input
dimension d,, = 2. The transformers had L. = 5 residual blocks, each composed of a causal attention
layer with 3 heads followed by a standard 2-layer MLP with GeL U as activation function. All models
were trained for 100 steps using Adam [7] with learning rate = 5e~2. The mean squared differences
(MSDs) reported in Figure 1 were computed using

B N
1
MSD = 52> > | Tw o (Co X)) = T aws(o,br+ abye) X)a* - (39)
b=1 i=1
for every block ¢ = 1,..., L. This is simply a measure of the deviation of the theoretical predictions

from the empirical ones averaged over B batches, N sequence positions and d input dimensions.
Every run was repeated for different random seeds to ensure consistency. Code to reproduce all the
results will be made publicly available upon publication of this work. All experiments were run on a
CPU.

A.3 Alignment of implicit weight updates

Given our result that different token positions ¢ (as well as blocks ¢) are associated with different
implicit weight updates (Eq. 2), we investigated their relationship. The experimental setup was the
same as in Figure 1. As a metric of the “directional alignment” (DA) between any two weight updates
AW, (C) and AW ,(C), we computed their normalised Frobenius inner product

(AW, AW,)p
[[AW, || r|[AW;]|F’

DA(AW,;,AW;) (36)
where (A, B)r = Tr(ATB). We first investigated the alignment between the updates related to

different tokens across blocks. We find that, for a given task sequence b, the structure of the tokens’
alignment appears qualitatively consistent across blocks (Figures A.1, A.7 & A.8).

Block 1 Block 2 Block 3 Block 4

t=0

Directional alignm

ent

Directional alignm

AW(C) AW(C) AW(0) AW (C)

Figure A.1: The alignment of the implicit weight updates related to different tokens has a
qualitatively consistent structure across blocks. Directional alignment (Eq. 36) between weight
updates associated with different sequence positions DA(AW;, AW,) fori = j =1,..., N for
each block, at different steps in training. See also Figures A.7 & A.8 for other example tasks.



However, the alignment of the weight update related to only the last token of different blocks showed
no particular structure at any point during training (Figure A.2).
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Figure A.2: The alignment of the implicit weight update related to the last token does not share
a consistent structure between blocks. Directional alignment (Eq. 36) between weight updates
associated with the last sequence element of different blocks DA(AWY,, AWY,) for £ = k =
1,..., L for different tasks b, at different training steps ¢. Results were consistent across different
random seeds.

A.4 Supplementary figures

—12
ool
1.951 == theory = ot =1
v experiment 2 0.751 T t =50
§ 1.001 & 0t =100
7 ;: 0.50
£ 0.751 i
0.50 2 0251
.OU 1 o —‘ ’—‘
= 0.00
0 25 50 75 100 ' 1 2 3 4 5
Training step Block

Figure A.3: Empirical verification of Theorem 1 for Pre-LN transformer blocks. We plot
the same metrics as in Figure 1 for a transformer with layer normalisation (Pre-LN), with all
other hyperparameters held constant. Strangely, we found that it was more challenging to obtain
good generalisation performance on in-context linear regression tasks with LN for many different
hyperparameters. However, it should be noted that the Pre-LN architecture remains the standard for
most large language models.
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Figure A.4: Increasing the number of tasks B makes learning easier. Empirical vs theoretical test
losses on the same task as in Figure 1, varying the number of tasks B (i.e. number of sequences of
linear functions), while holding all other hyperparameters constant.

1.00 == theory 1.00 == theory 1.0 == theory
% 07 experiment % 07 experiment % experiment
Z 050 % 050 7 05
= = =

025 025

0.00 0.0
0 25 50 75 100 0 2 50 75 100 0 25 50 7 100
Training step Training step Training step

Figure A.5: Increasing the input sequence length NV facilitates learning. Empirical vs theoretical
test losses on the same task as in Figure 1, varying the data sequence length N, while holding all
other hyperparameters constant.
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Figure A.6: Increasing the input dimensionality d, makes learning more challenging. Empirical
vs theoretical test losses on the same task as in Figure 1, varying the input dimension d,, (i.e. number
of regression coefficients), while holding all other hyperparameters constant.
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Figure A.7: Same results as Figure A.1 for a different example task or input sequence.
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Figure A.8: Same results as Figures A.1 and A.7 for yet another example task.

11



NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
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Answer: [Yes]

Justification: Our claims are clearly stated in the abstract and introduction and are verified
by experiments.

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: The main limitation of our work is stated in the conclusion.
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: Complete proofs are provided in 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: We provide details needed to reproduce all the experimental results in §A.2.

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?

13



Answer: [Yes]

Justification: Code used to reproduce all the experimental results will be released upon
publication of this work.

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 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: We specify important details needed to reproduce and understand the experi-
ments in §A.2.

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:

Justification: Where relevant, we do not report error bars because results did not significantly
vary across different random seeds or runs, as we state in the captions of relevant figures.

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.)
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* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

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

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

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

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

Answer: [Yes]
Justification: All of our experiments were run on a single CPU, as stated in §A.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).

. 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:
Guidelines:

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

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

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

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

Answer: [NA]

Justification: We see no potential positive or negative societal impact of the work since the
models tested are too simple for modern Al applications.

Guidelines:

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

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

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

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

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

Safeguards

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

Answer: [NA]
Justification:
Guidelines:

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

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

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

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

Licenses for existing assets

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

Answer: [NA]
Justification:
Guidelines:

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

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

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

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

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

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

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

New assets

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

Answer: [NA]
Justification:
Guidelines:

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

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

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

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

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

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

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

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

Institutional review board (IRB) approvals or equivalent for research with human
subjects

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

Answer: [NA]
Justification:
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.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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