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Abstract

In-context learning (ICL) has shown impres-001
sive results in few-shot learning tasks, yet its002
underlying mechanism is still not fully under-003
stood. A recent line of work, suggesting that004
ICL performs gradient descent (GD)-based op-005
timization implicitly, has captured the imagi-006
nation of researchers. While promising, the007
formal results mainly focus on simplified linear008
settings and provide only a preliminary evalu-009
ation of realistic scenarios. In this work, we010
revisit evidence for ICL-GD correspondence.011
We identify concerning evidence against these012
claims. We find gaps in evaluation and the-013
ory. We identify flaws in metrics and baselines014
and insufficient theoretical justification. We015
show that information flows in ICL and GD in016
very different ways (we dub this discrepancy017
Layer Causality), and show that a variant of018
GD aligns with ICL consistently better than019
vanilla GD. We find that even simple untrained020
transformers are on par with trained models021
on ICL-GD correspondence, leading to serious022
doubts. Our code implementation is available023
at: https://anonymized.024

1 Introduction025

In recent years, large language models have shown026

strong emergent in-context learning ability (Brown027

et al., 2020; Wei et al., 2022), where a pretrained028

model’s performance significantly improves on var-029

ious downstream tasks by simply conditioning on030

a few input-label pairs (demonstrations). Despite031

its success and substantial research, the inner work-032

ings behind ICL remain elusive. In-context learn-033

ing operates in a seemingly different manner from034

finetuning. Nevertheless, a series of recent works035

discusses apparent similarities between ICL and036

gradient descent-based optimization (Irie et al.,037

2022; Von Oswald et al., 2023; Akyürek et al.,038

2023; Dai et al., 2023). Specifically, there seems to039

be some mechanism that allows ICL to implement040
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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 041

training examples. In this paper, we take issue with 042

arguments made in the literature, showing signifi- 043

cant evidence against them (at least in the realistic, 044

non-linear case). Most crucially, we find that un- 045

trained models perform as good as pretrained mod- 046

els in terms of relevant similarity metrics between 047

ICL and GD. 048

In terms of theory, we identify a core discrepancy 049

between the two procedures: Layer Causality – an 050

intrinsic difference in information flow between 051

ICL and GD. In ICL, the information that influ- 052

ences the hidden state comes from the output of 053

lower layers alone. In GD, however, the update 054

to the weights of a layer depends on gradients – 055

coming from deeper layers. 056

We adopt the framework proposed by (Dai et al., 057
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SST2 SST5 MR Subj AGNews CB Average

SimAOUnorm (GD) 0.11± 0.00 0.09± 0.01 0.22± 0.01 0.18± 0.02 0.31± 0.04 0.21± 0.01 0.187
SimAOUnorm (LCGD) 0.22± 0.01 0.11± 0.00 0.33± 0.01 0.35± 0.01 0.33± 0.01 0.34± 0.00 0.279

SimAOU (GD) 0.05± 0.01 0.04± 0.02 0.17± 0.03 0.06± 0.01 0.18± 0.03 0.11± 0.01 0.102
SimAOU (LCGD) 0.13± 0.01 0.11± 0.01 0.21± 0.03 0.18± 0.00 0.13± 0.01 0.24± 0.01 0.167

SimAM (GD) 0.59± 0.01 0.40± 0.03 0.49± 0.01 0.45± 0.06 0.48± 0.04 0.20± 0.03 0.435
SimAM (LCGD) 0.58± 0.01 0.39± 0.03 0.30± 0.00 0.27± 0.01 0.12± 0.00 0.04± 0.01 0.283

SimAM∆ (GD) 0.15± 0.02 0.31± 0.02 0.14± 0.05 0.25± 0.07 0.50± 0.05 0.25± 0.01 0.267
SimAM∆ (LCGD) 0.30± 0.02 0.33± 0.01 0.26± 0.00 0.32± 0.01 0.43± 0.02 0.38± 0.01 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∆ is higher
for layer causal GD, except for AGNews.

2023) as it allows evaluating natural language tasks058

on pretrained transformers. In their original work,059

they demonstrate empirically a better-than-random060

correspondence between ICL and vanilla GD fine-061

tuning on GPT models over six classification tasks.062

We discuss the metrics used, SimAOU and SimAM,063

and find elusive problems with both of them. We064

make minor modifications that eliminate those065

problems. However, we find these modifications066

significantly diminish similarity scores. We also067

find problems with some of the datasets used in068

their benchmark.069

Another weakness with current works is the lack070

of fair comparison. In (Dai et al., 2023), which071

we discuss extensively due to its realistic setting,072

they compare only to a baseline of random vectors,073

which gets a score of almost zero. We propose074

two new benchmarks: (1) a straightforward mod-075

ification that takes into account the layer causal076

limitations of ICL, (2) untrained models (with and077

without trained embeddings). We show that layer078

causal GD is superior to vanilla GD in terms of079

similarity scores. We show that even untrained080

models are on par with pretrained models – despite081

not having learned to perform ICL yet, or even a082

good representation for tokens (in the case of un-083

trained embeddings). This suggests that most of084

the similarity comes from shallow features such085

as text repetition. This means that tailored weight086

constructions as in (Von Oswald et al., 2023) and087

(Akyürek et al., 2023) are not relevant to non-linear088

transformers.089

Our contributions are the following:090

• We highlight core problems with the hypothe-091

sis that GD approximates ICL.092

• We present an alternative to GD and empiri- 093

cally demonstrate that it is better at simulating 094

ICL. 095

• We survey existing literature and tackle poten- 096

tial gaps in evaluation, in terms of baseline 097

methods, evaluation metrics, and datasets. 098

• When considering the above modifications, 099

we find it sensible to argue against ICL-GD 100

correspondence in realistic non-linear trans- 101

formers. We leave it for future research to 102

investigate more closely the extent to which 103

some of these conclusions apply to linear 104

transformers. 105

2 Background and Preliminaries 106

2.1 Notation 107

We use uppercase A,B,C,X, Y, Z, ... to 108

denote matrices and bold lowercase letters 109

a,b, c,x,y, z, ... for vectors. We define attention 110

as: 111

Attn(V,K,q) = V softmax

(
KTq√

d

)
112

where K,V ∈ Rd×d,q ∈ Rd. 113

2.2 Linear Attention and Gradient Descent 114

The view of language models as meta-optimizers 115

originates from the presentation of the dual and 116

primal forms of the perceptron (Aizerman et al., 117

2019). This notion was later expressed in terms of 118

key-value-query attention operation by (Irie et al., 119

2022; Dai et al., 2023; Von Oswald et al., 2023). 120

They show that linear layers optimized by GD 121

have a dual representation as linear attention. We 122

2



use the linear attention model, whereby the soft-123

max operation and the scaling factor are omitted:124

V softmax(K
Tq√
d
) ≈ V KT q =: LA(V,K,q). In125

linear attention, W = V KT can be thought of as a126

(context-dependent) linear matrix applied to q.127

Linear Attention Let us consider further the lin-128

ear self attention module in linear transformers,129

where the query, key, and values are projections130

of the same matrix. Specifically, let x ∈ Rd131

be the input representation of a query token t,132

and q = WQx ∈ Rd′ be the attention query133

vector. WQ,WK ,WV ∈ Rd′×d are the projec-134

tion matrices for computing the attention queries,135

keys, and values, respectively; X denotes the136

input representations of query tokens before t.137

Self attention is equal: LA(WV X,WKX,q) =138

WV X (WKX)T q = WV XXTW T
Kq. We can139

now consider what happens to this expression when140

we prepend training demonstrations to the input:141

LA(V,K,q) = WV [X
′;X]

(
WK [X ′;X]

)T
q142

X ′ denotes the input representations of the demon-143

stration tokens; and [X ′;X] denotes the matrix144

concatenation. Using simple linear algebra:145 (
WV X

′ (WKX ′)T +WV X (WKX)T
)
q146

Importantly, the expression in parentheses de-147

composes into two terms, one depending only148

on the demonstrations and the other depending149

only on the zero-shot input. The part that cor-150

responds to the input is exactly the same as W151

before adding the demonstrations, and we denote152

it WZSL = WV X (WKX)T for zero-shot learn-153

ing. The new additive term is denoted ∆WICL =154

WV X
′ (WKX ′)T for in-context learning.155

Linear Layer Let W ∈ Rdout×din be the weight156

matrix of a linear layer initialized at W . Let157

x be the query input representation, and let158

x1, . . . ,xn ∈ Rdin the representations of training159

examples. A linear layer computes the function:160

f(x) = Wx. One step of gradient descent yields161

a parameter update ∆WGD, after which the mod-162

ified linear function is (W + ∆WGD)x which is163

structurally similar to the equation for linear self164

attention. We already see that if, for some myste-165

rious reason, ∆WGD ≈ ∆WICL, we get a justifica-166

tion for the claim that (linear) attention performs167

gradient descent. It is worth noting that the lin-168

ear layer can be part of a larger model, as long as169

∆WGD = ∇WF (Wx), we don’t need to worry 170

about what F is. Therefore, Wx can even be part 171

of a transformer if we can find a connection to 172

∆WICL. This can be hard to justify. Authors rely 173

on empirical evidence to a certain degree (e.g., (Dai 174

et al., 2023)) and some also have simplifying as- 175

sumptions, like linear transformers (Von Oswald 176

et al., 2023; Akyürek et al., 2023). 177

3 Layer Causality 178

We characterize a core problem with ICL-GD cor- 179

respondence in the following statement: 180

Layer Causality In ICL, the update to the output 181

of the l-th attention layer is dependent only on the 182

output of previous (lower) layers. In contrast, the 183

update to the l-th attention output induced by fine- 184

tuning is determined by the gradient of the entire 185

model’s trainable parameters. 186

Motivated by this observation, we propose to 187

use a layer causality-compatible finetuning method, 188

where each layer is updated individually. Specifi- 189

cally, we project the output of each layer onto logits 190

in the vocabulary space using the pretrained projec- 191

tion head (the unembedding head) and compute the 192

cross-entropy loss of this prediction with respect to 193

the one-hot embedding of the next token. This mim- 194

ics regular finetuning which optimizes next-token 195

prediction, but instead of projecting the last hidden 196

state to the vocabulary, the current hidden state is 197

projected – this is called early exit (Teerapittayanon 198

et al., 2017). Unlike finetuning, it does not violate 199

the causal structure of the network, as it depends 200

only on data available in this layer. Early exit can 201

be justified by the residual stream hypothesis (nos- 202

talgebraist, 2020), which stipulates that language 203

models refine the next token prediction throughout 204

the layers, and projecting internal layers into the 205

vocabulary space gives the current prediction in 206

this layer. 207

Denote the unembedding projection by U(·), 208

which normally takes the final hidden state of the 209

model and projects it onto the logits over the vo- 210

cabulary. Let the detached hidden states after the 211

ℓ-th attention layer at token i be denoted: 212

ĥℓi = Attn
(
WV SG(Xℓ),WKSG(Xℓ), SG(qℓ

i)
)

213

where SG(·) stands for the “stop gradient” oper- 214

ation (also called .detach() in PyTorch) which 215

does not affect the forward pass, but in the back- 216

ward pass it does not back-propagate the gradient 217
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Figure 2: α averaged over all layers for each task. Computed for one seed per task.

to its input, meaning it is treated as a constant. Let218

the tokens of the model be represented by a list of219

one-hot vectors e1, e2, ..., eT . Then, the objective220

function is:221

L =

T−1∑
i=1

L∑
ℓ=1

CE
(
U(ĥℓi), ei+1

)
(1)222

We assume U to be frozen as well. CE is cross-223

entropy loss. We optimize by taking steps with224

respect to the gradient ∇WL, where the “stop gra-225

dient” operator makes sure each layer is updated226

independently. In Appendix B, we give some pre-227

liminary motivation for this method.228

Relevance to Linear Transformers Linear trans-229

formers compute multivariate polynomials of230

the input1 (as a composition of LSA modules,231

which have this property). Polynomials are232

not affected by layer causality since they can233

always be (theoretically) written in the form:234 ∑
i1,i2,..,iN

αi1,i2,...,iNx
i1
1 x

i2
2 · · · xiNN (for some expo-235

nentially large N ) – where there’s no concept of236

depth. Clearly, we can’t expect the model imple-237

ment it’s own backward pass, but (Von Oswald238

et al., 2023) have shown (empirically) that a vari-239

ant of GD they call GD++ aligns with in-context240

learning in the case of a linear regression task. De-241

spite this, we do not expect this to generalize, due242

to the limitations of the setup and layer causality.243

1Assuming for simplicity that input length is constant,
otherwise it’s a family of polynomials, one per input length.

4 Experimental Framework 244

Attention Output Similarity (SimAOU) 245

We adopt similarity metrics from (Dai et al., 2023) 246

to compare the behavior of ICL and finetuning. The 247

first metric quantifies the similarity between two 248

updates to the attention output of a layer compared 249

to the zero-shot setting. For a given query example, 250

let h(l)X represent the output representation of the 251

last token at the l-th attention layer within setting 252

X . The updates induced by ICL and finetuning are 253

given by h
(l)
ICL −h

(l)
ZSL and h

(l)
FT −h

(l)
ZSL, respectively. 254

The attention output similarity (SimAOU) is de- 255

fined as the cosine similarity between these updates, 256

averaged across all layers. A higher SimAOU score 257

indicates that ICL is more inclined to adjust the at- 258

tention output in the same direction as finetuning. 259

For the sake of comparison, they compare with a 260

baseline of SimAOU with random attention out- 261

put updates: h(l)rand − h
(l)
ZSL where h

(l)
rand is sampled 262

uniformly. 263

It turns out that the original work (Dai et al., 264

2023) considered a slight variation of this, where 265

they normalize h
(l)
X for X ∈ {ZSL, ICL,FT} – 266

we call this metric SimAOUnorm. We will show 267

this metric is misleading. In the original set- 268

ting, (Dai et al., 2023) have shown that random 269

noise gets minuscule score on this metric. How- 270

ever, we show this is a function of its scale. Let 271

z = h
(l)
ZSL be the unnormalized attention output 272

in zero-shot. Assume r, r′ ∼ N (0, σI) are ran- 273

dom gaussian noise vectors with variance σ2. Now, 274

choose σ such that ∥z∥ = ∥r∥ = ∥r′∥ and set 275

zICL = z + r, zFT = z + r′. The random vectors 276

are approximately uncorrelated with each other and 277

with z, that is: zT r = rT r′ = zT r′ = 0. Therefore, 278
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∥zICL∥ = ∥z + r∥ = 2∥z∥ = ∥z + r′∥ = ∥zFT∥.279

We get that SimAOUnorm equals:280

zICL
∥zICL∥ − z

∥z∥∥∥∥ zICL
∥zICL∥ − z

∥z∥

∥∥∥ ·
zFT

∥zFT∥ − z
∥z∥∥∥∥ zFT

∥zFT∥ − z
∥z∥

∥∥∥ =281

z+r
2∥z∥ − z

∥z∥∥∥∥ z+r
2∥z∥ − z

∥z∥

∥∥∥ ·
z+r′

2∥z∥ − z
∥z∥∥∥∥z+r′

2∥z∥ − z
∥z∥

∥∥∥ =282

r− z

∥r− z∥
· r′ − z

∥r′ − z∥
=

||z||2

2 ∥z∥ · 2 ∥z∥
=

1

4
283

The main property we used was the fact that after284

normalization z terms don’t cancel out completely285

and interact with each other. This is a general286

problem. We compare unnormalized SimAOU with287

SimAOUnorm in Table 1 and show it has substantial288

impact on the similarity scores.289

Attention Map Similarity290

SimAM is used to measure the similarity between291

attention maps for ICL and finetuning. For a query292

example, let m(l,h)
X represent the attention weights293

before softmax in the h-th head of the l-th layer for294

setting X . In ICL, we focus solely on query token295

attention weights, excluding demonstration tokens.296

We calculate the cosine similarity between m
(l,h)
ICL297

and m
(l,h)
FT to obtain SimAM.298

One complication with SimAM is that in layer299

causal GD, gradients applied to lower layers have a300

large magnitude. On the other hand, during vanilla301

finetuning the gradient of early layers, which is302

propagated throughout the model, usually has its303

norm decreased. This is shown in Appendix A.304

Figure 4 shows the norms of each method’s gra-305

dients and supports the argument empirically. We306

then use this realization to narrow the SimAM gap307

between layer causal and vanilla GD. As a pre-308

liminary solution, we suggest gradient clipping in309

the layer causal variant, to help mitigate gradient310

explosion. In the exploration provided in the Ap-311

pendix, we use a manually selected clip value for312

Subj. Results are shown in Table 3.313

Attention Map Update Similarity In light of314

the discussion above, we depart from (Dai et al.,315

2023) and suggest a modified metric, SimAM∆,316

which computes the cosine similarity between317

m
(l,h)
ICL −m

(l,h)
ZS and m

(l,h)
FT −m

(l,h)
ZS , the update vec-318

tors. This way, the metric is less sensitive to the319

size of the update vector. Without it, the cosine sim-320

ilarity might be dominated by m
(l,h)
ZS and the model321

drifting further from m
(l,h)
ZS will be penalized even 322

if the update direction is more similar to ICL’s. The 323

update size is controllable by adjusting the learning 324

rate, and so is not core to the comparison between 325

GD and layer causal GD (in our experiments we 326

don’t tune the learning rate and just use the one 327

from GD, thus giving it an advantage). For most 328

of the paper we will use this metric instead of the 329

original one for the reasons mentioned above. 330

5 Experiments 331

5.1 Datasets 332

Following (Dai et al., 2023), we use six datasets for 333

our experiment: SST2 (Socher et al., 2013) SST5 334

(Socher et al., 2013), MR (Pang and Lee, 2005) and 335

Subj (Pang and Lee, 2004) are four datasets for sen- 336

timent classification; AGNews (Zhang et al., 2015) 337

is a topic classification dataset; and CB (de Marn- 338

effe et al., 2019) is used for natural language in- 339

ference. Data statistics are provided in Table 4 340

(Appendix C). 341

5.2 Layer Causality 342

We use the same GPT-like pre-trained language 343

models used by (Dai et al., 2023) with 1.3B imple- 344

mented in fairseq.2 We test vanilla and layer causal 345

GD in terms of their similarity to ICL with the four 346

variants we discussed in the previous Section. For 347

better results, we average across 3 different seeds. 348

The computation took 12 hours on one Tesla V100 349

GPU. Table 1 shows both variants of SimAOU and 350

SimAM for both methods. 351

Overall, with the exception of AGNews, layer 352

causal GD is significantly more aligned with ICL 353

in terms of the modified similarity metrics, and also 354

the normalized variant of SimAOU. However, it is 355

important to note that the modified metrics are low 356

for both variants. 357

5.3 Does Layer Causal GD Approximate GD? 358

A natural question that might arise is how similar 359

GD is to the suggested layer causal method. Due to 360

their relatively similar scores, one might conjecture 361

that layer causal GD is a low-resource approxima- 362

tion for GD. We can gauge how similar the two 363

update vectors are to each other using a variant 364

of the attention map metric: SimAMGD, LCGD
∆ = 365

CosSim
(
m

(l,h)
LCGD −m

(l,h)
ZS ,m

(l,h)
GD −m

(l,h)
ZS

)
. This 366

way we can measure how much of the score is 367

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: SimAOU of each layer’s update vector. Bottom:
SimAM∆ of each layer’s update vector.

attributable to the similarity between the update368

vectors. We will denote the metric by α.369

We take one seed per task and compute the aver-370

age α over the layers, for each task. Counter to our371

expectations, Figure 2 shows that for most datasets,372

α ≈ 0.1 − 0.2, which is very low. This shows373

that the updates are not very correlated, and most374

of the score of either of the procedures cannot be375

attributed to a common direction.376

5.4 Layerwise Analysis377

The reported metrics until now are averaged across378

all layers. However, it is interesting to look at379

similarity patterns across layers. In Figure 3, we380

show the SimAOU and SimAM∆ scores averaged381

across all tasks and seeds for each layer. Interest-382

ing patterns emerge in the plots. First, we notice383

that our variant outperforms vanilla GD in terms384

of SimAOU (except for layers 1, 3, and the last385

layer). In the second plot, we have a more compli-386

cated case. In the first half of the model, SimAM∆387

is greater for the causal variant (except for layer388

9). However, for all layers 12-17, vanilla GD is389

substantially greater than layer causal. Beginning390

from layer 18, both scores decrease more or less 391

together. 392

With this discrepancy between the metrics, 393

it is worthwhile to discuss their different roles. 394

SimAOU captures the similarity to ICL’s hidden 395

states. They have a direct effect on the model’s 396

prediction. Attention logits on the other hand only 397

modulate the coefficients that determine the hidden 398

state. The hidden state mediates their interactions 399

with the rest of the model. They have no direct 400

effect on the prediction, conditioned on the hidden 401

state. On the other hand, attention maps can pro- 402

vide us insight into the way attention has shifted 403

as a response to the parameter update. The higher 404

this metric is, the better it replicates the way ICL 405

attends to its input. While not directly affecting the 406

output, it focuses on what “interests” ICL. 407

Finally, it is important to remember that our GD 408

variant was selected intentionally due to its sim- 409

plicity. Mild modifications might make it a better 410

contender. Moreover, the setting we consider is 411

limited to the one chosen by (Dai et al., 2023), 412

including reusing the same hyperparameters for 413

both methods. It is possible that tuning the hy- 414
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perparameters for our variant would have yielded415

better results. All in all, we can state rather confi-416

dently that even this simple baseline performs on417

par with vanilla GD across multiple benchmarks,418

and in some cases outperforms it. Furthermore, it419

has appealing features, such as being low resource,420

simple, and causally plausible.421

5.5 Similarity in Untrained Transformers422

We have discussed variants of GD in trained mod-423

els. We now turn to untrained models that are424

not supposed to demonstrate in-context learning.425

This comparison is important in order to under-426

stand to what extent the similarity can be attributed427

to learned parameters and what is attributable to428

the inductive biases of the architecture and the data429

itself. In Table 2, we analyze the scores of two base-430

lines: a completely untrained model (No Training)431

and a model where we kept the input and output432

embeddings (including positional embeddings) and433

layer norms (Trained Embeddings). Our results434

paint a striking picture. We find that in terms of435

SimAOU the untrained baselines are on par and436

even exceed vanilla GD. It is even competitive with437

layer causal GD on a trained model. This means438

that structure of the data enables SimAOU similar-439

ity to some extent. We now can confidently say440

that SimAOU was low for the trained model, as an441

untrained model achieves the same score.442

Much of the literature on ICL-GD correspon-443

dence relies on tailored weight constructions.444

These constructions are supposed to be learned445

during pretraining. Note that such constructions446

are necessary in order to “break” layer causality447

and encode gradient descent in the weights of a448

transformer.449

SimAM∆ has a better case, where there seems450

to be some gain from pretraining in the similarity451

score, though results are mixed. It stands to rea-452

son, since the model has learned important skills453

like semantic information that is encoded in both454

the embeddings and the model’s layers. This infor-455

mation can be used to identify which parts of the456

sequence to pay attention to. It is noteworthy that457

just keeping the embeddings doesn’t seem to im-458

prove the score, which makes sense, as the layers459

are also expected to play a role in extracting the460

information.461

Due to high variance of the similarity scores,462

it’s to hard to make a definite statement about the463

dominance of one variant over the other (except464

for LCGD SimAM∆), but it is plain that the scores465

are on par with each other. The evidence for a non 466

trivial SimAOU similarity between ICL and GD 467

variants is weak or non-existent. 468

6 Discussion and Limitations 469

In this section, we discuss future directions and 470

limitations of our work. We discuss problems with 471

the metrics and the datasets, as well as promising 472

directions for future work and the main takeaways 473

we wish to emphasize. 474

Benchmark: We use the same benchmark used 475

in the original paper by (Dai et al., 2023) to make 476

sure we do not introduce factors that benefit our 477

method unintentionally. The set of datasets needs 478

to be diversified. Four out of six datasets are senti- 479

ment classification datasets. One of the other tasks, 480

CB, is very small, which contributes to instabil- 481

ity. Similarly, we consider a specific model in all 482

our experiments. In order to make a general claim, 483

other models should be tested too. 484

Evidence Against GD-ICL: Overall, we find rea- 485

sons to doubt that learning makes ICL and GD 486

more aligned. In fact, we see evidence that an un- 487

trained model picks up approximately the same 488

signals that a fully trained model does in terms of 489

attention output score, and isn’t far behind in terms 490

of attention maps, hinting that these are indeed just 491

shallow features, such as template repetition. These 492

features seem to be identifiable even with untrained 493

transformers due to its inductive bias. 494

Layer Causality: We see some evidence that 495

layer causal GD performs better than the vanilla 496

version which is on par with untrained baselines 497

in terms of ICL-GD alignment. Our layer causal 498

variant was simple by design. Multiple different 499

design choices can be made, such as applying each 500

layer’s parameter update before moving to the next 501

and trying different loss functions. 502

7 Related Work 503

Recent works explore the similarities between ICL 504

and gradient descent-based optimization. (Akyürek 505

et al., 2023) show that transformer-based in-context 506

learners can implicitly implement standard opti- 507

mization algorithms on linear models. (Von Os- 508

wald et al., 2023) demonstrate how a linear 509

attention-only transformer model can perform a 510

gradient descent-like procedure implicitly. (Irie 511

et al., 2022) rewrite the dual form of a linear per- 512

ceptron in terms of query-key-value attention, and 513

use it to analyze how a trained model is affected by 514
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SST2 SST5 MR Subj CB

SimAOU Trained 0.05± 0.01 0.04± 0.02 0.17± 0.03 0.06± 0.01 0.11± 0.01

Trained Embeddings 0.11± 0.02 0.06± 0.00 0.24± 0.00 0.20± 0.00 0.01± 0.00

No Training 0.09± 0.00 0.07± 0.03 0.18± 0.03 0.06± 0.01 0.04± 0.01

Trained LCGD 0.13± 0.01 0.11± 0.01 0.21± 0.03 0.18± 0.00 0.24± 0.01

SimAM∆ Trained 0.15± 0.02 0.31± 0.02 0.14± 0.05 0.25± 0.07 0.25± 0.01

Trained Embeddings 0.09± 0.02 0.03± 0.00 0.18± 0.02 0.16± 0.02 0.05± 0.10

No Training 0.11± 0.04 0.05± 0.03 0.16± 0.03 0.17± 0.03 0.26± 0.05

Trained LCGD 0.30± 0.02 0.33± 0.01 0.26± 0.00 0.32± 0.01 0.38± 0.01

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 ≤ 0.01, 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.515

Unlike these works, (Dai et al., 2023), which we516

are heavily influenced by, study large GPT trans-517

formers on structured language classification tasks.518

We study how different aspects of ICL can affect519

the results of the comparison made in (Dai et al.,520

2023). While (Dai et al., 2023) compare standard521

GD-based finetuning, we test a layer causal finetun-522

ing procedure. Recently, new works have emerged523

(Todd et al., 2023; Hendel et al., 2023) suggesting524

a different approach to interpreting ICL as an al-525

gorithm that compresses training demonstrations526

into a function/task vector that steers the model to527

perform the task. Other explanations of ICL from528

other perspectives include induction heads (Olsson529

et al., 2022) and Bayesian inference (Xie et al.,530

2022).531

Most similar to our paper is the concurrent work532

of (Shen et al., 2023), which points to another dis-533

crepancy between full batch GD and ICL. They534

show that vanilla full batch GD and ICL cannot be535

reconciled due to ICL’s sensitivity to the order of536

the demonstrations, which full batch GD is invari-537

ant to. However, this discrepancy can be mitigated538

easily by applying GD sequentially, as was done in539

the work of (Dai et al., 2023) that we compare to.540

Layer causal GD is similar to (Bengio et al.,541

2006) where a similar idea was proposed to accel-542

erate training by finding a good starting point using543

a greedy layer-wise approach.544

8 Conclusions545

Inspired by recent work, we attempt to explore the546

relationship between in-context learning and gradi-547

ent descent-based finetuning in practical settings. 548

We address a fundamental difference in information 549

flow between the methods and suggest a variant 550

that respects layer causality. Contrary to common 551

belief, we find no evidence of that ICL and GD are 552

similar in the latent space. We show that untrained 553

models perform on par with the pretrained model 554

in terms of similarity scores. We hope that parts 555

of the theory can still be salvaged. For example, 556

the results of (Von Oswald et al., 2023) seem to be 557

robust in the restricted case they consider. This can 558

be the object of future exploration. There might 559

be other metrics that represent a subtler similarity 560

than those considered in this paper. 561
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A Additional Material668

Figure 4: Heatmap of ℓ2 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 Objective669

In this section, we give some heuristic motivation for Eq. (1). For simplicity, we will focus on the case670

of one demonstration and a test example. First, a simple observation. Let us consider the output of671

the attention layer of a token in the test example. We will assume a single attention head. We want to672

express it in terms of two expressions, oi ∈ Rd, the (zero-shot) output of the i-th attention layer at the673

test token without the demonstration, and õi ∈ Rd the cross-attention output between the token and the674

demonstration at layer i:675

softmax(
[
q⊤
i Kdemo;q

⊤
i Ktest

]
) [Vdemo;Vtest]WO =676

αi softmax(q⊤
i Kdemo)VdemoWO + (1− αi) softmax(q⊤

i Ktest)VtestWO =677

αi õi + (1− αi)oi = oi − αi(oi − õi) = oi −
αi

2
∇oi ||oi − õi||2 =678

oi − αi∇oiℓ (oi, õi)679

Where ℓ(oi, õi) =
1
2 ||oi − õi||2 is the squared error loss. The second line comes from the fact that680

softmax is almost an elementwise operation, except for a normalization factor, and it is easy to see that681

the softmax of a concatenation of vectors is the concatenation of the softmax vectors where each is scaled682

by a normalization factor. Since the vector still needs to sum up to one, the coefficients need to sum up to683

one as well. We denote these factors by αi and 1− αi. The next step follows from definition, and the rest684

is computation. This statement is tautological and it holds in every attention layer. It is noteworthy that685

we made the attention update look like a gradient step. Also, notice that it is very strongly contingent on686

stopped gradients. However, oi is not a parameter, but rather an intermediate computation step. To have687

an optimization process, we need a parameter update. We approximate this process by replacing it with688
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gradient descent on the current attention layer. We will motivate this presently. It is important for us to 689

explain two parts: Why should we expect that gradient descent on the attention layer can approximate this 690

shallow gradient step? And why only this attention layer and not other layers? 691

We draw intuition from the chain rule and backpropagation. A gradient step is used to shrink the error 692

on the provided training example’s loss. Interestingly, backpropagation barely makes a distinction between 693

trainable parameters and intermediate steps. If it is a trainable parameter, it is a leaf of the gradient 694

computation, and no further steps are required. Otherwise, the gradient continues to propagate upstream. 695

This is because we cannot directly optimize intermediate steps like oi, but we can optimize parameters 696

upstream to make this error smaller for oi. Gradient descent gives the best local direction to make the 697

downstream error smaller. Unfortunately, oi is not a parameter. Therefore, to minimize (oi − õi)
2 using 698

gradient descent when oi is a parameter, the next best thing is to continue the propagation to the trainable 699

parameters. 700

On the other hand, as discussed throughout the paper, we cannot let the gradient propagate to previous 701

layers. The existence of the demonstration examples affects the computation only through the attention 702

map, which is the only part that mixes information between tokens. 703

So, putting all parts together, we gave some substance to the claim that the model is expected to make a 704

layer causal gradient step with a per-parameter learning rate αi, which also changes in every step. This is 705

not different from some other optimization algorithms and schedules that change the learning rate across 706

these two axes as well. However, note that the loss function is different from Eq. (1). Also, when there is 707

more than one demonstration, the argument becomes even more delicate. 708

C Data Statistics 709

# Train # Validation Avg. # of Tokens

SST2 67,349 1,821 55.43
SST5 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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