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Abstract

In-context learning (ICL) has shown impres-
sive results in few-shot learning tasks, yet its
underlying mechanism is still not fully under-
stood. A recent line of work, suggesting that
ICL performs gradient descent (GD)-based op-
timization implicitly, has captured the imagi-
nation of researchers. While promising, the
formal results mainly focus on simplified linear
settings and provide only a preliminary evalu-
ation of realistic scenarios. In this work, we
revisit evidence for ICL-GD correspondence.
We identify concerning evidence against these
claims. We find gaps in evaluation and the-
ory. We identify flaws in metrics and baselines
and insufficient theoretical justification. We
show that information flows in ICL and GD in
very different ways (we dub this discrepancy
Layer Causality), and show that a variant of
GD aligns with ICL consistently better than
vanilla GD. We find that even simple untrained
transformers are on par with trained models
on ICL-GD correspondence, leading to serious
doubts. Our code implementation is available
at: https://anonymized.

1 Introduction

In recent years, large language models have shown
strong emergent in-context learning ability (Brown
et al., 2020; Wei et al., 2022), where a pretrained
model’s performance significantly improves on var-
ious downstream tasks by simply conditioning on
a few input-label pairs (demonstrations). Despite
its success and substantial research, the inner work-
ings behind ICL remain elusive. In-context learn-
ing operates in a seemingly different manner from
finetuning. Nevertheless, a series of recent works
discusses apparent similarities between ICL and
gradient descent-based optimization (Irie et al.,
2022; Von Oswald et al., 2023; Akyiirek et al.,
2023; Dai et al., 2023). Specifically, there seems to
be some mechanism that allows ICL to implement
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Figure 1: Layer Causal GD: The output of each layer is
projected to the label space and used as an intermediate
prediction. We compute the prediction loss of each
intermediate layer sequentially.

implicit GD using in-context demonstrations as
training examples. In this paper, we take issue with
arguments made in the literature, showing signifi-
cant evidence against them (at least in the realistic,
non-linear case). Most crucially, we find that un-
trained models perform as good as pretrained mod-
els in terms of relevant similarity metrics between
ICL and GD.

In terms of theory, we identify a core discrepancy
between the two procedures: Layer Causality — an
intrinsic difference in information flow between
ICL and GD. In ICL, the information that influ-
ences the hidden state comes from the output of
lower layers alone. In GD, however, the update
to the weights of a layer depends on gradients —
coming from deeper layers.

We adopt the framework proposed by (Dai et al.,
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| SST2 SST5 MR Subj  AGNews CB Average
SimAOUwm (GD) 0.11+000 0.09:001 0221001 0.18+002 031+00¢ 0.21+001 0.187
SimAOUnom (LCGD) | 0.22+001  0.11+000 0.331000 0351000 0331000 0.34+ 000 0.279
SimAOU (GD) 0.05+000  0.04£002 0.17x005 0.06+£001  0.18+003 0.11+00m 0.102
SimAOU (LCGD) 0.13+000 0.11:000 0.21+005 0.18+000 0.13:t001  0.24+ 00 0.167
SimAM (GD) 0.59:000 0401005 0.49+1000 0.45:£006 0.48+004  0.20+003 0.435
SimAM (LCGD) 0.58+001  0.39x00s  0.30x000 0.27£001  0.12+000  0.04x001 0.283
SimAMAa (GD) 0.15£002  0.31+002 0.14+005s 0.25:007  0.50+005s 0.25+001 0.267
SimAMa (LCGD) 0301002 0332000 0.26+000 0.32:1000 0.43+002  0.38+00 0.336

Table 1: SImAOU and SimAM comparison of vanilla GD and layer causal GD across six classification datasets.
Layer causal GD achieves higher SimAOU across all tasks, yet its SimAM is significantly lower. SImAM A is higher

for layer causal GD, except for AGNews.

2023) as it allows evaluating natural language tasks
on pretrained transformers. In their original work,
they demonstrate empirically a better-than-random
correspondence between ICL and vanilla GD fine-
tuning on GPT models over six classification tasks.
We discuss the metrics used, SimAOU and SimAM,
and find elusive problems with both of them. We
make minor modifications that eliminate those
problems. However, we find these modifications
significantly diminish similarity scores. We also
find problems with some of the datasets used in
their benchmark.

Another weakness with current works is the lack
of fair comparison. In (Dai et al., 2023), which
we discuss extensively due to its realistic setting,
they compare only to a baseline of random vectors,
which gets a score of almost zero. We propose
two new benchmarks: (1) a straightforward mod-
ification that takes into account the layer causal
limitations of ICL, (2) untrained models (with and
without trained embeddings). We show that layer
causal GD is superior to vanilla GD in terms of
similarity scores. We show that even untrained
models are on par with pretrained models — despite
not having learned to perform ICL yet, or even a
good representation for tokens (in the case of un-
trained embeddings). This suggests that most of
the similarity comes from shallow features such
as text repetition. This means that tailored weight
constructions as in (Von Oswald et al., 2023) and
(Akyiirek et al., 2023) are not relevant to non-linear
transformers.

Our contributions are the following:

* We highlight core problems with the hypothe-
sis that GD approximates ICL.

* We present an alternative to GD and empiri-
cally demonstrate that it is better at simulating
ICL.

* We survey existing literature and tackle poten-
tial gaps in evaluation, in terms of baseline
methods, evaluation metrics, and datasets.

* When considering the above modifications,
we find it sensible to argue against ICL-GD
correspondence in realistic non-linear trans-
formers. We leave it for future research to
investigate more closely the extent to which
some of these conclusions apply to linear
transformers.

2 Background and Preliminaries

2.1 Notation

We use wuppercase A,B,C,X,Y,Z .. to
denote matrices and bold lowercase letters
a,b,c,x,y,z, ... for vectors. We define attention
as:

KT
Attn(V, K, q) = V softmax <q>

Vd
where K,V € R™¥4 q € R,

2.2 Linear Attention and Gradient Descent

The view of language models as meta-optimizers
originates from the presentation of the dual and
primal forms of the perceptron (Aizerman et al.,
2019). This notion was later expressed in terms of
key-value-query attention operation by (Irie et al.,
2022; Dai et al., 2023; Von Oswald et al., 2023).
They show that linear layers optimized by GD
have a dual representation as linear attention. We



use the linear attention model, whereby the soft-
max operation and the scaling factor are omitted:

V softmax(* ) ~ VKTg =: LA(V, K, q). In
linear attention, W = VKT can be thought of as a

(context-dependent) linear matrix applied to q.

Linear Attention Let us consider further the lin-
ear self attention module in linear transformers,
where the query, key, and values are projections
of the same matrix. Specifically, let x € R?
be the input representation of a query token ¢,
and q = Wpx € R? be the attention query
vector. Wo, Wi, Wy, € R?*¢ are the projec-
tion matrices for computing the attention queries,
keys, and values, respectively; X denotes the
input representations of query tokens before f.
Self attention is equal: LA(Wy X, Wk X,q) =
Wy X (WrX)'q = Wy XXTWEq. We can
now consider what happens to this expression when
we prepend training demonstrations to the input:

LA(V, K,q) = Wy [X'; X] (Wk[X'; X)) q

X' denotes the input representations of the demon-
stration tokens; and [X'; X| denotes the matrix
concatenation. Using simple linear algebra:

(mv X" (Wi x')" + Wy X (Wi X)" ) g

Importantly, the expression in parentheses de-
composes into two terms, one depending only
on the demonstrations and the other depending
only on the zero-shot input. The part that cor-
responds to the input is exactly the same as W
before adding the demonstrations, and we denote
it Wzs, = Wy X (WgX )T for zero-shot learn-
ing. The new additive term is denoted AWjcL =
Wy X' (WgX")" for in-context learning.

Linear Layer Let W € R%u*dn be the weight
matrix of a linear layer initialized at W. Let
x be the query input representation, and let
X1,...,X, € R% the representations of training
examples. A linear layer computes the function:
f(xz) = Wx. One step of gradient descent yields
a parameter update AWgp, after which the mod-
ified linear function is (W + AWgp)x which is
structurally similar to the equation for linear self
attention. We already see that if, for some myste-
rious reason, AWgp =~ AWijcL, we get a justifica-
tion for the claim that (linear) attention performs
gradient descent. It is worth noting that the lin-
ear layer can be part of a larger model, as long as

AWep = VwF(Wx), we don’t need to worry
about what F' is. Therefore, W x can even be part
of a transformer if we can find a connection to
AWicr. This can be hard to justify. Authors rely
on empirical evidence to a certain degree (e.g., (Dai
et al., 2023)) and some also have simplifying as-
sumptions, like linear transformers (Von Oswald
et al., 2023; Akyiirek et al., 2023).

3 Layer Causality

We characterize a core problem with ICL-GD cor-
respondence in the following statement:

Layer Causality In ICL, the update to the output
of the [-th attention layer is dependent only on the
output of previous (lower) layers. In contrast, the
update to the [-th attention output induced by fine-
tuning is determined by the gradient of the entire
model’s trainable parameters.

Motivated by this observation, we propose to
use a layer causality-compatible finetuning method,
where each layer is updated individually. Specifi-
cally, we project the output of each layer onto logits
in the vocabulary space using the pretrained projec-
tion head (the unembedding head) and compute the
cross-entropy loss of this prediction with respect to
the one-hot embedding of the next token. This mim-
ics regular finetuning which optimizes next-token
prediction, but instead of projecting the last hidden
state to the vocabulary, the current hidden state is
projected — this is called early exit (Teerapittayanon
et al., 2017). Unlike finetuning, it does not violate
the causal structure of the network, as it depends
only on data available in this layer. Early exit can
be justified by the residual stream hypothesis (nos-
talgebraist, 2020), which stipulates that language
models refine the next token prediction throughout
the layers, and projecting internal layers into the
vocabulary space gives the current prediction in
this layer.

Denote the unembedding projection by U(+),
which normally takes the final hidden state of the
model and projects it onto the logits over the vo-
cabulary. Let the detached hidden states after the
{-th attention layer at token ¢ be denoted:

At = Attn (WVSG(XE), Wk SG(X"), SG(qf))

where SG(-) stands for the “stop gradient” oper-
ation (also called .detach() in PyTorch) which
does not affect the forward pass, but in the back-
ward pass it does not back-propagate the gradient
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Figure 2: o averaged over all layers for each task. Computed for one seed per task.

to its input, meaning it is treated as a constant. Let
the tokens of the model be represented by a list of
one-hot vectors ey, es, ..., er. Then, the objective
function is:

S

-1

L= ZL:CE( (h%)

=1 (=1

)seit1) (1)

We assume U to be frozen as well. CE is cross-
entropy loss. We optimize by taking steps with
respect to the gradient VL, where the “stop gra-
dient” operator makes sure each layer is updated
independently. In Appendix B, we give some pre-
liminary motivation for this method.

Relevance to Linear Transformers Linear trans-
formers compute multivariate polynomials of
the input' (as a composition of LSA modules,
which have this property). Polynomials are
not affected by layer causality since they can
always be (theoretically) Wrif[ten in the form:

.. ’Ll 7,2 N
D Qg in ] TS xp (for some expo-
11,82, N

nentially large N) — where there’s no concept of
depth. Clearly, we can’t expect the model imple-
ment it’s own backward pass, but (Von Oswald
et al., 2023) have shown (empirically) that a vari-
ant of GD they call GD*™ aligns with in-context
learning in the case of a linear regression task. De-
spite this, we do not expect this to generalize, due
to the limitations of the setup and layer causality.

! Assuming for simplicity that input length is constant,
otherwise it’s a family of polynomials, one per input length.

4 Experimental Framework

Attention Output Similarity (SimAQOU)

We adopt similarity metrics from (Dai et al., 2023)
to compare the behavior of ICL and finetuning. The
first metric quantifies the similarity between two
updates to the attention output of a layer compared
to the zero-shot setting. For a given query example,
let hg? represent the output representation of the
last token at the [-th attention layer within setting
X. The updates induced by ICL and finetuning are
given by hI(QL — h(ZlgL and hg% — h(zlgL, respectively.
The attention output similarity (SimAOU) is de-
fined as the cosine similarity between these updates,
averaged across all layers. A higher SimAOU score
indicates that ICL is more inclined to adjust the at-
tention output in the same direction as finetuning.
For the sake of comparison, they compare with a
baseline of SImAOU with random attention out-
put updates: hfazld h(sz where hr(gld is sampled
uniformly.

It turns out that the original work (Dai et al.,
2023) considered a slight variation of this, where
they normalize h'Y for X € {ZSL,ICL,FT} —
we call this metric SImMAOU,orm. We will show
this metric is misleading. In the original set-
ting, (Dai et al., 2023) have shown that random
noise gets minuscule score on this metric. How-
ever, we show this is a function of its scale. Let
z = h(zls);L be the unnormalized attention output
in zero-shot. Assume r,r’ ~ N (0,01) are ran-
dom gaussian noise vectors with variance o2. Now,
choose o such that ||z|| = ||r|| = ||| and set
ZicL = Z + 1, zpr = z + r’. The random vectors
are approximately uncorrelated With each other and

T Ty! = 0. Therefore,

with z, thatis: z'r = r =z7



|zicL|| = llz +rl| = 2|z]| = ||z + 1’| = ||zer |-
We get that SImAOU o, equals:

ZicL_ __ _Z_ ZFT_ __ _Z_
lzicell =zl llzerll =l _
ezl T2
lziccll  [l=]l [zerll izl
z+r 7 z+r’ 7
20zl =l 20zl =zl _
sl Tl
2zl =l 2=zl =l
r—z r —z ||z 1
[r =zl (' =zl 2|zl 2]z 4

The main property we used was the fact that after
normalization z terms don’t cancel out completely
and interact with each other. This is a general
problem. We compare unnormalized SimAOU with
SimAOU,o;m in Table 1 and show it has substantial
impact on the similarity scores.

Attention Map Similarity

SimAM is used to measure the similarity between
attention maps for ICL and finetuning. For a query
example, let m{h represent the attention weights
before softmax in the h-th head of the [-th layer for
setting X . In ICL, we focus solely on query token
attention weights, excluding demonstration tokens.

We calculate the cosine similarity between ml(éh)

and m]ng’h) to obtain SimAM.

One complication with SimAM is that in layer
causal GD, gradients applied to lower layers have a
large magnitude. On the other hand, during vanilla
finetuning the gradient of early layers, which is
propagated throughout the model, usually has its
norm decreased. This is shown in Appendix A.
Figure 4 shows the norms of each method’s gra-
dients and supports the argument empirically. We
then use this realization to narrow the SimAM gap
between layer causal and vanilla GD. As a pre-
liminary solution, we suggest gradient clipping in
the layer causal variant, to help mitigate gradient
explosion. In the exploration provided in the Ap-
pendix, we use a manually selected clip value for
Subj. Results are shown in Table 3.

Attention Map Update Similarity In light of
the discussion above, we depart from (Dai et al.,
2023) and suggest a modified metric, SINAMA,
which computes the cosine similarity between

I(él}f) - m(zléh) and mgT’h) - m(zléh), the update vec-
tors. This way, the metric is less sensitive to the
size of the update vector. Without it, the cosine sim-

(L,h)

ilarity might be dominated by m,¢ ~ and the model

drifting further from m(zléh) will be penalized even

if the update direction is more similar to ICL’s. The
update size is controllable by adjusting the learning
rate, and so is not core to the comparison between
GD and layer causal GD (in our experiments we
don’t tune the learning rate and just use the one
from GD, thus giving it an advantage). For most
of the paper we will use this metric instead of the
original one for the reasons mentioned above.

S Experiments

5.1 Datasets

Following (Dai et al., 2023), we use six datasets for
our experiment: SST2 (Socher et al., 2013) SST5S
(Socher et al., 2013), MR (Pang and Lee, 2005) and
Subj (Pang and Lee, 2004) are four datasets for sen-
timent classification; AGNews (Zhang et al., 2015)
is a topic classification dataset; and CB (de Marn-
effe et al., 2019) is used for natural language in-
ference. Data statistics are provided in Table 4
(Appendix C).

5.2 Layer Causality

We use the same GPT-like pre-trained language
models used by (Dai et al., 2023) with 1.3B imple-
mented in fairseq.> We test vanilla and layer causal
GD in terms of their similarity to ICL with the four
variants we discussed in the previous Section. For
better results, we average across 3 different seeds.
The computation took 12 hours on one Tesla V100
GPU. Table 1 shows both variants of SimAOU and
SimAM for both methods.

Overall, with the exception of AGNews, layer
causal GD is significantly more aligned with ICL
in terms of the modified similarity metrics, and also
the normalized variant of SImMAOU. However, it is
important to note that the modified metrics are low
for both variants.

5.3 Does Layer Causal GD Approximate GD?

A natural question that might arise is how similar
GD is to the suggested layer causal method. Due to
their relatively similar scores, one might conjecture
that layer causal GD is a low-resource approxima-
tion for GD. We can gauge how similar the two
update vectors are to each other using a variant

of the attention map metric: SimAMgD’ LeGh
CosSim (mLCGD —myg,mgp’ — myg ). This

way we can measure how much of the score is

2https://github.com/facebookresearch/fairseq
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Figure 3: Similarity computed per layer aggregated across tasks and seeds. Error bar is presented. Blue bars
represent layer causal GD and orange is used for vanilla GD. Top: SimAQOU of each layer’s update vector. Bottom:

SimAMA of each layer’s update vector.

attributable to the similarity between the update
vectors. We will denote the metric by a.

We take one seed per task and compute the aver-
age « over the layers, for each task. Counter to our
expectations, Figure 2 shows that for most datasets,
a =~ 0.1 — 0.2, which is very low. This shows
that the updates are not very correlated, and most
of the score of either of the procedures cannot be
attributed to a common direction.

5.4 Layerwise Analysis

The reported metrics until now are averaged across
all layers. However, it is interesting to look at
similarity patterns across layers. In Figure 3, we
show the SimAOU and SimAMA scores averaged
across all tasks and seeds for each layer. Interest-
ing patterns emerge in the plots. First, we notice
that our variant outperforms vanilla GD in terms
of SimAOU (except for layers 1, 3, and the last
layer). In the second plot, we have a more compli-
cated case. In the first half of the model, SImMAM A
is greater for the causal variant (except for layer
9). However, for all layers 12-17, vanilla GD is
substantially greater than layer causal. Beginning

from layer 18, both scores decrease more or less
together.

With this discrepancy between the metrics,
it is worthwhile to discuss their different roles.
SimAOU captures the similarity to ICL’s hidden
states. They have a direct effect on the model’s
prediction. Attention logits on the other hand only
modulate the coefficients that determine the hidden
state. The hidden state mediates their interactions
with the rest of the model. They have no direct
effect on the prediction, conditioned on the hidden
state. On the other hand, attention maps can pro-
vide us insight into the way attention has shifted
as a response to the parameter update. The higher
this metric is, the better it replicates the way ICL
attends to its input. While not directly affecting the
output, it focuses on what “interests” ICL.

Finally, it is important to remember that our GD
variant was selected intentionally due to its sim-
plicity. Mild modifications might make it a better
contender. Moreover, the setting we consider is
limited to the one chosen by (Dai et al., 2023),
including reusing the same hyperparameters for
both methods. It is possible that tuning the hy-



perparameters for our variant would have yielded
better results. All in all, we can state rather confi-
dently that even this simple baseline performs on
par with vanilla GD across multiple benchmarks,
and in some cases outperforms it. Furthermore, it
has appealing features, such as being low resource,
simple, and causally plausible.

5.5 Similarity in Untrained Transformers

We have discussed variants of GD in trained mod-
els. We now turn to untrained models that are
not supposed to demonstrate in-context learning.
This comparison is important in order to under-
stand to what extent the similarity can be attributed
to learned parameters and what is attributable to
the inductive biases of the architecture and the data
itself. In Table 2, we analyze the scores of two base-
lines: a completely untrained model (No Training)
and a model where we kept the input and output
embeddings (including positional embeddings) and
layer norms (Trained Embeddings). Our results
paint a striking picture. We find that in terms of
SimAOU the untrained baselines are on par and
even exceed vanilla GD. It is even competitive with
layer causal GD on a trained model. This means
that structure of the data enables SimAOU similar-
ity to some extent. We now can confidently say
that SimAOU was low for the trained model, as an
untrained model achieves the same score.

Much of the literature on ICL-GD correspon-
dence relies on tailored weight constructions.
These constructions are supposed to be learned
during pretraining. Note that such constructions
are necessary in order to “break” layer causality
and encode gradient descent in the weights of a
transformer.

SimAMA has a better case, where there seems
to be some gain from pretraining in the similarity
score, though results are mixed. It stands to rea-
son, since the model has learned important skills
like semantic information that is encoded in both
the embeddings and the model’s layers. This infor-
mation can be used to identify which parts of the
sequence to pay attention to. It is noteworthy that
just keeping the embeddings doesn’t seem to im-
prove the score, which makes sense, as the layers
are also expected to play a role in extracting the
information.

Due to high variance of the similarity scores,
it’s to hard to make a definite statement about the
dominance of one variant over the other (except
for LCGD SimAMA), but it is plain that the scores

are on par with each other. The evidence for a non
trivial SImAOU similarity between ICL and GD
variants is weak or non-existent.

6 Discussion and Limitations

In this section, we discuss future directions and
limitations of our work. We discuss problems with
the metrics and the datasets, as well as promising
directions for future work and the main takeaways
we wish to emphasize.

Benchmark: We use the same benchmark used
in the original paper by (Dai et al., 2023) to make
sure we do not introduce factors that benefit our
method unintentionally. The set of datasets needs
to be diversified. Four out of six datasets are senti-
ment classification datasets. One of the other tasks,
CB, is very small, which contributes to instabil-
ity. Similarly, we consider a specific model in all
our experiments. In order to make a general claim,
other models should be tested too.

Evidence Against GD-ICL: Overall, we find rea-
sons to doubt that learning makes ICL and GD
more aligned. In fact, we see evidence that an un-
trained model picks up approximately the same
signals that a fully trained model does in terms of
attention output score, and isn’t far behind in terms
of attention maps, hinting that these are indeed just
shallow features, such as template repetition. These
features seem to be identifiable even with untrained
transformers due to its inductive bias.

Layer Causality: We see some evidence that
layer causal GD performs better than the vanilla
version which is on par with untrained baselines
in terms of ICL-GD alignment. Our layer causal
variant was simple by design. Multiple different
design choices can be made, such as applying each
layer’s parameter update before moving to the next
and trying different loss functions.

7 Related Work

Recent works explore the similarities between ICL
and gradient descent-based optimization. (Akyiirek
et al., 2023) show that transformer-based in-context
learners can implicitly implement standard opti-
mization algorithms on linear models. (Von Os-
wald et al., 2023) demonstrate how a linear
attention-only transformer model can perform a
gradient descent-like procedure implicitly. (Irie
et al., 2022) rewrite the dual form of a linear per-
ceptron in terms of query-key-value attention, and
use it to analyze how a trained model is affected by



| SST2  SST5 MR Subj CB
SimAOU | Trained 0.05+001  0.04x002  0.17x003  0.06£001  0.11x001
Trained Embeddings 0.11+002  0.06+000 0.241000 0.20£000 0.01x000
No Training 0.09+00 0.07+003 0.18+003  0.06+001  0.04+ 001
Trained LCGD 0.13:000  0.11:000 0211003 0.18x000 0.24x001
SimAMA | Trained 0.15+002 0.31+002 0.14+005 0.25+007 0.25+001
Trained Embeddings | 0.09+£002  0.03£000 0.18+002 0.16x002 0.05x0.10
No Training 0.11+004  0.05+003 0.16+005 0.17+x003  0.26+ 005
Trained LCGD 0.30+£002  0.33:001  0.261000 0.32:1001  0.38+001

Table 2: SimAOU and SimAM comparison of vanilla GD for trained and untrained transformers. When the
difference between the highest and second-highest score in a column is < (.01, we underline both scores. We also
add a row for LCGD for comparison, which we write in boldface if it’s the highest score, however, we still write the

highest score excluding LCGD in boldface.

its training samples.

Unlike these works, (Dai et al., 2023), which we
are heavily influenced by, study large GPT trans-
formers on structured language classification tasks.
We study how different aspects of ICL can affect
the results of the comparison made in (Dai et al.,
2023). While (Dai et al., 2023) compare standard
GD-based finetuning, we test a layer causal finetun-
ing procedure. Recently, new works have emerged
(Todd et al., 2023; Hendel et al., 2023) suggesting
a different approach to interpreting ICL as an al-
gorithm that compresses training demonstrations
into a function/task vector that steers the model to
perform the task. Other explanations of ICL from
other perspectives include induction heads (Olsson
et al., 2022) and Bayesian inference (Xie et al.,
2022).

Most similar to our paper is the concurrent work
of (Shen et al., 2023), which points to another dis-
crepancy between full batch GD and ICL. They
show that vanilla full batch GD and ICL cannot be
reconciled due to ICL’s sensitivity to the order of
the demonstrations, which full batch GD is invari-
ant to. However, this discrepancy can be mitigated
easily by applying GD sequentially, as was done in
the work of (Dai et al., 2023) that we compare to.

Layer causal GD is similar to (Bengio et al.,
2006) where a similar idea was proposed to accel-
erate training by finding a good starting point using
a greedy layer-wise approach.

8 Conclusions

Inspired by recent work, we attempt to explore the
relationship between in-context learning and gradi-

ent descent-based finetuning in practical settings.
We address a fundamental difference in information
flow between the methods and suggest a variant
that respects layer causality. Contrary to common
belief, we find no evidence of that ICL and GD are
similar in the latent space. We show that untrained
models perform on par with the pretrained model
in terms of similarity scores. We hope that parts
of the theory can still be salvaged. For example,
the results of (Von Oswald et al., 2023) seem to be
robust in the restricted case they consider. This can
be the object of future exploration. There might
be other metrics that represent a subtler similarity
than those considered in this paper.
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A Additional Material
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Figure 4: Heatmap of /5 norms of the gradients computed during finetuning on the Subj task. Note the different
scales of magnitude. Horizontal Axis: training demonstration index. Vertical Axis: layer index in ascending order
(from input to network output). Left: Vanilla GD. Right: Layer Causal GD (norm magnitude in logarithmic scale).

‘ Subj
SimAUO (GD) 0.1932
SimAUO (LCGD Clipped) | 0.3480
SimAM (ZSL) 0.3786
SimAM (GD) 0.4870
SimAM (LCGD Clipped) 0.4227

Table 3: Comparison of layer causal GD with gradient clipping. These results show that even arbitrary clipping may
resolve the drop in SimAM shown in Table 1.

B Heuristic ‘“Derivation” of Objective

In this section, we give some heuristic motivation for Eq. (1). For simplicity, we will focus on the case
of one demonstration and a test example. First, a simple observation. Let us consider the output of
the attention layer of a token in the test example. We will assume a single attention head. We want to
express it in terms of two expressions, o; € R?, the (zero-shot) output of the i-th attention layer at the
test token without the demonstration, and 6; € R? the cross-attention output between the token and the
demonstration at layer ¢:

softmax( [qu K demos qiT Klest]) [Vitemo; Viest) Wo =

;i softmax(q; Kaemo) ViemoWo + (1 — a;) softmax(q; Kiest)ViesWo =
a; 6, + (1 — ;)0; = 0; — ;(0; — 0;) = 0; — %VoiHOi —&i|]* =

0; — ;Vo,{(0;,0;)

Where £(0;,8;) = 3||0; — &;||? is the squared error loss. The second line comes from the fact that
softmax is almost an elementwise operation, except for a normalization factor, and it is easy to see that
the softmax of a concatenation of vectors is the concatenation of the softmax vectors where each is scaled
by a normalization factor. Since the vector still needs to sum up to one, the coefficients need to sum up to
one as well. We denote these factors by «; and 1 — «;. The next step follows from definition, and the rest
is computation. This statement is tautological and it holds in every attention layer. It is noteworthy that
we made the attention update look like a gradient step. Also, notice that it is very strongly contingent on
stopped gradients. However, o; is not a parameter, but rather an intermediate computation step. To have
an optimization process, we need a parameter update. We approximate this process by replacing it with

10



gradient descent on the current attention layer. We will motivate this presently. It is important for us to
explain two parts: Why should we expect that gradient descent on the attention layer can approximate this
shallow gradient step? And why only this attention layer and not other layers?

We draw intuition from the chain rule and backpropagation. A gradient step is used to shrink the error
on the provided training example’s loss. Interestingly, backpropagation barely makes a distinction between
trainable parameters and intermediate steps. If it is a trainable parameter, it is a leaf of the gradient
computation, and no further steps are required. Otherwise, the gradient continues to propagate upstream.
This is because we cannot directly optimize intermediate steps like o;, but we can optimize parameters
upstream to make this error smaller for o;. Gradient descent gives the best local direction to make the
downstream error smaller. Unfortunately, o, is not a parameter. Therefore, to minimize (o; — 6i)2 using
gradient descent when o; is a parameter, the next best thing is to continue the propagation to the trainable
parameters.

On the other hand, as discussed throughout the paper, we cannot let the gradient propagate to previous
layers. The existence of the demonstration examples affects the computation only through the attention
map, which is the only part that mixes information between tokens.

So, putting all parts together, we gave some substance to the claim that the model is expected to make a
layer causal gradient step with a per-parameter learning rate cv;, which also changes in every step. This is
not different from some other optimization algorithms and schedules that change the learning rate across
these two axes as well. However, note that the loss function is different from Eq. (1). Also, when there is
more than one demonstration, the argument becomes even more delicate.

C Data Statistics

# Train | # Validation | Avg. # of Tokens

SST2 67,349 1,821 55.43

SSTS 8,544 2,210 102.95
MR 8,530 1,066 113.39
Subj 8,000 2,000 129.23
AGNews | 120,000 7,600 237.72
CB 250 250 295.80

Table 4: Data statistics of all the datasets in the benchmark
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