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Abstract

Large Language Models (LLMs) have demon-001
strated remarkable abilities, one of the most im-002
portant being in-context learning (ICL). With003
ICL, LLMs can derive the underlying rule from004
a few demonstrations and provide answers that005
comply with the rule. Previous work hypoth-006
esized that the network creates a task vector007
in specific positions during ICL. The task vec-008
tor can be computed by averaging across the009
dataset. It conveys the overall task information010
and can thus be considered global. Patching the011
global task vector allows LLMs to achieve zero-012
shot performance with dummy inputs compara-013
ble to few-shot learning. However, we find that014
such a global task vector does not exist in all015
tasks, especially in tasks that rely on rules that016
can only be inferred from multiple demonstra-017
tions, such as categorization tasks. Instead, the018
information provided by each demonstration019
is first transmitted to its answer position and020
forms a local task vector associated with the021
demonstration. In some tasks but not in cate-022
gorization tasks, all demonstrations’ local task023
vectors converge in later layers, forming the024
global task vector. We further show that local025
task vectors encode a high-level abstraction of026
rules extracted from the demonstrations. Our027
study provides novel insights into the mecha-028
nism underlying ICL in LLMs, demonstrating029
how ICL may be achieved through an informa-030
tion aggregation mechanism.031

1 Introduction032

The advent of Large Language Models (LLMs)033

has enabled machines to understand and generate034

human-like text with unprecedented accuracy. One035

of the most remarkable abilities of LLMs is in-036

context learning (ICL), where the model can ab-037

stract the underlying rule defined by a few demon-038

strations and provide answers that comply with039

that rule (Brown et al., 2020; Liu et al., 2023; Dong040

et al., 2023). This capability has garnered signifi- 041

cant attention from the research community, as it 042

demonstrates the flexibility of LLMs to adapt to 043

new tasks without extensive training, which is a sig- 044

nature of human cognition (Binz and Schulz, 2023). 045

Unlike prompt fine-tuning (Lester et al., 2021) or 046

chain-of-thought prompting (Wei et al., 2022), ICL 047

simply relies on several demonstrations that share 048

the same structure as the question. 049

Previous mechanistic work suggests that task in- 050

formation in ICL can be represented as compact 051

vectors localized at specific token positions and lay- 052

ers in the model. (Hendel et al., 2023; Wang et al., 053

2023a; Liu et al., 2024; Li et al., 2024). Specifically, 054

the task vector is computed by averaging the em- 055

bedding of the last token at a particular layer across 056

samples from the same task dataset. Researchers 057

have shown that by transferring the task vector to 058

the corresponding positions with zero-shot dummy 059

inputs, LLMs can achieve performance similar to 060

few-shot learning. This task vector is therefore 061

deemed to carry a full abstraction of the task. We 062

term it the global task vector to distinguish it from 063

the local task vector defined below. 064

While patching the global task vector works as 065

expected in some tasks (e.g., knowledge tasks), we 066

find that it does not work well in other tasks, partic- 067

ularly those in which the rule can only be inferred 068

from multiple demonstrations (e.g. learning an ar- 069

bitrary categorization boundary). This is consistent 070

with recent large-scale evidence that complex ICL 071

tasks may rely on multiple subtask-specific vectors 072

rather than a single averaged task vector (Tikhonov 073

et al., 2025). Instead, we find that patching the to- 074

kens at the answer positions of each demonstration 075

to the corresponding positions of a dummy input 076

sequence leads to higher accuracy in these situa- 077

tions. Inspired by the previous study that reveals 078

the importance of label words in the information 079

flow of ICL (Wang et al., 2023a), we propose that 080

these label words serve as local task vectors that 081
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Figure 1. Illustration of local and global task vectors. Left: In a categorization task, local task vectors contain information
associated with each demonstration, but they do not converge and form a global task vector. Right: In a knowledge task, local
task vectors aggregate into a coherent global task vector that aligns with the LLM’s prior knowledge, enabling effective task
representation.

carry the task rule information in a distributed man-082

ner. In addition, we show that even in tasks where083

a global task vector exists, the local task vectors084

appear in earlier layers than the global task vector.085

The information contained in the local task vectors086

converges and forms the global task vectors in later087

layers.088

Taken together, these results point to a simple089

picture of ICL: each demonstration first writes task-090

relevant information into the hidden state at its091

answer token, forming a local task vector, and the092

model answers the query by aggregating informa-093

tion from these local vectors. This picture also094

helps explain when global task vectors succeed: in095

knowledge tasks, local task vectors across demon-096

strations tend to become increasingly aligned in097

later layers, making an averaged global task vec-098

tor effective, whereas in categorization tasks they099

can remain heterogeneous and complementary, so100

averaging may discard essential information.101

2 Preliminaries102

2.1 In-context Learning103

We use T to denote a decoder-only transformer104

LLM, S to denote the set of demonstrations105

used as the inputs to the LLM, and x to denote106

the query that needs to be answered. We use107

T ([S, x]) to denote the output of LLM on the con-108

catenation of S and x. For clarity, we define109

S = [Q0I0A0D0, Q1I1A1D1, ..., QJIJAJDJ ]110

and x = [QJ+1IJ+1], where Qj , Ij , Aj , and Dj111

are the tokens for the query, the is, the answer112

and the dot of demonstration j (j = 1, ..., J). For113

example, “cat is 0. monkeys is 1. dog is”, each114

demonstration can be divided into four parts: Q, I ,115

A, and D.116

2.2 Global Task Vector 117

We follow the definition in (Hendel et al., 2023). 118

Assume that ICL operates within a hypothesis 119

space. This mode of operation can be defined as 120

a learning algorithm (denoted A). A maps S to 121

the global task vector θ. Next, the LLM maps the 122

query x to the output through rule application (de- 123

noted by f ), based on θ ≡ A(S), without direct 124

dependence on S. Here, the global task vector θ is 125

at position IJ+1. In our experiments, we consider 126

different versions of θ and ϕj , including those ex- 127

tracted from a single trial and those averaged across 128

samples. We refer to these as No Avg and Trial Avg, 129

respectively; see Section A.1 and Table 2 for for- 130

mal definitions. Consider the mapping from a set of 131

demonstrations and a query to the predicted output: 132

T ([S, x]) = f(x;A(S)) (1) 133

ICL can be viewed as operating on the following 134

hypothesis class: H = {f(·; θ) | θ}. 135

2.3 Saliency Score 136

We use the saliency score (Michel et al., 2019; Si- 137

monyan et al., 2013; Wang et al., 2023a) to identify 138

the level of attention that the LLM gives to each 139

token in the input. The saliency score is defined as 140

Il =

∣∣∣∣∣∑
h

Ah,l ⊙
∂L(x)
∂Ah,l

∣∣∣∣∣ , (2) 141

Here, Ah,l is the value of the attention matrix of the 142

h-th attention head in the l-th layer, x is the input, 143

and L(x) is the loss function of the task. 144

2.4 dPCA 145

Following (Kobak et al., 2016), we use demixed 146

PCA (dPCA) to isolate the subspace of representa- 147

tions associated with a specific factor. In Sec. 4.2 148
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we use dPCA to identify the subspace predictive of149

the demonstration’s string length and remove it by150

projecting answer-position states to the null space151

of that subspace. We find a compressing matrix D152

and a decompressing matrix F by minimizing:153

LdPCA = ||XL − FDX||2 (3)154

where X is the h × n activity matrix, where h is155

the dimension of the hidden state, and XL is a label156

average matrix. XL has the same size as X , but all157

rows are replaced by the mean activity vector with158

the same label.159

We then project the local task vectors onto the160

null space of the informative subspace:161

B = Null(D) (4)162

163
X̃ = B(BTB)−1BTX (5)164

where D ∈ Rd×h is the compression matrix,165

Null( · ) is the null space computation so that166

D · Null(D) = 0. X̃ is the manipulated activity167

matrix. The mean is subtracted before the opera-168

tion and then added back when we put the matrix169

back into the model.170

3 Tasks171

We analyze two representative tasks in depth, and172

evaluate generality on additional tasks listed in Ta-173

ble 1. Throughout the paper, we distinguish knowl-174

edge tasks, where the input–output mapping is175

largely consistent with associations likely learned176

during pretraining (e.g., Country→Capital), from177

rule-induction (categorization) tasks, where the178

mapping is defined by the demonstrations in the179

Figure 2. Accuracy increases sharply in the middle layers.
The shades of blue indicate demonstration numbers. Top:
knowledge task; Bottom: categorization task.

prompt and must be inferred by aggregating multi- 180

ple examples (e.g., length thresholding, 2-D bound- 181

aries). 182

The first task is a country-capital knowledge task 183

(Hendel et al., 2023; Wang et al., 2023a). The 184

model should give the capital of a given country. 185

For example, the prompt “China is Beijing. Japan 186

is Tokyo. Germany is” should lead to the answer 187

“Berlin”. In this setup, the final is position (after 188

“Germany”) corresponds to the global task vector 189

location, while each answer position (e.g., “Bei- 190

jing”, “Tokyo”) serves as a local task vector. 191

Similarly, the second task is a two-alternative 192

categorization task. In this task, the final is token 193

before the model prediction is the global task vector 194

position, while each number token (e.g., “0”, “1”) 195

in the demonstrations serves as a local task vector. 196

Details of these roles are analyzed in the follow- 197

ing sections. In the second task, the model is given 198

a string of random characters, with the length vary- 199

ing between 1 and 10. The model should answer 0 200

when the string is shorter than 6 characters and 1 201

otherwise. An example question is “cat is 0. mon- 202

keys is 1. dog is”. The number of demonstrations 203

ranges from 1 to 16. We show that models are 204

capable of solving these problems (Fig. 2). Consis- 205

tent with previous work (Hendel et al., 2023), the 206

accuracy increases sharply in the middle layers. 207

Table 5 includes results for more knowledge 208

tasks and categorization tasks. Unless otherwise 209

noted, we use 4 demonstrations for knowledge 210

tasks and 8 demonstrations for categorization tasks, 211

chosen to yield comparable baseline ICL accuracy 212

and avoid ceiling effects. 213

Full details on models, tokenization, and evalua- 214

tion protocols are deferred to Appendix A.1. 215

4 Local Task Vectors 216

4.1 The Importance of Answer Positions 217

Previous research (Hendel et al., 2023; Wang et al., 218

2023a) shows that the information of each demon- 219

stration converges at its respective answer position 220

and is important in in-context learning. We further 221

verify this result in the two representative tasks. Us- 222

ing layer 14 as a representative layer, the saliency 223

scores in both tasks are the highest between the 224

answer-position tokens of the demonstrations and 225

the is-position token of the final query, suggesting 226

that the task-related information from each demon- 227

stration is transmitted via the corresponding answer 228

position’s token to the token at the is position of the 229
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Figure 3. Saliency scores in layer 14, shown as heatmaps. The color at each location shows the saliency score between the
positions in the respective row and column. The last row is where the highest scores are observed at the demonstrations’ answer
position, which is plotted on the right as a function of the demonstration index. (a) Knowledge task; (b) Categorization task.

Figure 4. Model accuracy of ablated models. The shades
of blue indicate the index of layers. Top: knowledge task;
Bottom: categorization task.

query to form the output (Fig. 3a). The is position230

token of the query is the global task vector.231

In addition, we found that the saliency score is232

higher for later demonstrations in the knowledge233

task, suggesting further information aggregation to234

the answer positions of later demonstrations. How-235

ever, such a trend is not found in the categorization236

task (Fig. 3b). Lesion experiments on the answer237

tokens also reveal the difference between the two238

tasks. While setting the tokens at the answer po-239

sitions to zero or random values does not harm240

the model’s performance unless all answer tokens241

are erased, the same manipulation leads to a grad-242

ual decrease in performance in the categorization243

task (Fig. 4). This difference suggests that the ICL244

mechanism may differ in the two tasks.245

4.2 Answer Positions As Local Task Vectors246

To verify that the information from each demon-247

stration converges at its answer position, we use248

the principal component analysis (PCA) to explore249

the information encoded at the answer positions250

(Fig. 5). In the categorization task, each demonstra-251

Figure 5. The encoding of question and answer information
in answer positions. (a) Plotted is the Mahalanobis distance
of the clusters defined by the demonstrations’ string’s length
(blue) and by the corresponding answer (green) in the space
defined by the two largest PCA components of the answer
positions. Peaking at layer 2, the Mahalanobis distance for
the string length gradually decreases across layers. (b) Two
example layers’ task spaces defined by the first two largest
PCA components. Blue and red indicate answers 0 and 1,
and the color gradient indicates string length. Notice that the
segregation between the two answers (blue and red color) is
maintained across the layers, while the dots with the same
color but different gradients are more mixed in later layers
(e.g. layer 12) than in earlier layers (e.g. layer 2).

tion provides a string and its associated category 252

label. For each layer, we collect the hidden states 253

at the demonstrations’ answer positions from 1000 254

samples and perform PCA on these vectors (Fig. 5). 255

To quantify which factor is encoded, we group 256

the answer-position vectors (i) by the string length 257

(1–10) and (ii) by the label token (0/1), and com- 258

pute the average pairwise Mahalanobis distance 259

between group centroids in the space spanned by 260

the top two PCs. 261

The results suggest that the clusters formed by 262

strings with different lengths are well segregated, 263

with the distance peaking at layer 2 and gradually 264

decreasing. In comparison, the category label is en- 265

coded at the answer positions stably across layers. 266

To confirm that the string length information con- 267

tained at the answer positions is critical for ICL, 268

we carry out an experiment in which we selectively 269
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Figure 6. Patching experiments. (a) Patching global task vector. The global task vector, which is the token at the is position of
the final query, in a network receiving normal demonstrations is copied to a network performing zero-shot inference. (b) Patching
distributed local task vectors. The local task vectors, which are tokens at the answer position of each demonstration in an LLM
receiving normal demonstrations are copied to an LLM receiving the same number of demonstrations but with random answers.

remove the string length information from the local270

task vectors. For each answer-position token, we271

first find its subspace that contains the correspond-272

ing demonstration’s string length information with273

dPCA and then project the token onto the null space274

of the found subspace. We set the dimensionality275

of the discarded subspace to d = 10. This value276

strikes a balance between effectively isolating the277

string-length feature in early layers and preserving278

task-relevant abstract information in later layers.279

This procedure erases all information from the sub-280

space that contains the string length information281

while keeping the rest of the information intact.282

We apply this selective information removal at283

each layer (Fig. 7). Interestingly, the procedure284

leads to poor performance when applied in the early285

layers, where the string length is best encoded in286

the PCA space. However, starting from the middle287

layers, around layer 13, the ablation results in only288

a minimal decrease in performance. Nevertheless,289

in the following sections, we demonstrate that these290

layers encode sufficient task-relevant information291

for the model to perform the task effectively. These292

results suggest that in the later layers, the task infor-293

mation encoded in the answer tokens is a high-level294

abstraction of query-answer information that is not295

affected by selective information removal.296

These results suggest that the answer position297

tokens contain task-related information provided298

by each demonstration and are critical for ICL. As299

they are local to each demonstration, we term them300

local task vectors.301

5 Patching Local vs. Global Task Vectors 302

If the local task vectors contain sufficient infor- 303

mation for solving the task, copying them to a 304

dummy sequence should yield reasonable perfor- 305

mance. Following the previous work (Hendel 306

et al., 2023), we patch the local task vectors to 307

a dummy sequence with those from a normal se- 308

quence. Here, the dummy input contains random 309

labels and its demonstrations are different from the 310

original sequence to prevent information leakage. 311

More specifically, given an original sequence S and 312

a dummy sequence D, we patch Sj
a to Dj

a as illus- 313

trated in Fig. 6b, where ∗ja denotes the j-th answer 314

position (or local task vector) of the sequence. 315

Table 1. Tasks used in our study. Full input–output examples
are provided in Appendix Table 3.

Task Name Task Rule

Categorization tasks (y ∈ {0, 1})
Simple String y = 1 iff len(s) > 5.
Complex String y = 1 iff len(s) > 5 (random chars).
Digit y = 1 iff digit ≥ 5.
2-D Data y = 1 iff y ≥ x for input (x, y).

Knowledge tasks
Antonyms Adjective → Antonym.
Capital Country → Capital.
Language Location → Language.
Profession Person → Profession.
Religion Person → Religion.

5.1 Accuracy Per Layer 316

For comparison, we also show the results from 317

patching the global task vector. Given an original 318

sequence S and a dummy sequence D, we patch 319
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Ŝj
i to D0

i as illustrated in Fig. 6a, where ∗ji denotes320

the j-th is position of the sequence and Ŝj
i is the av-321

eraged task vector across samples described in the322

Preliminaries. This dummy sequence is zero-shot,323

i.e., it contains no demonstrations. When calculat-324

ing the accuracy of each layer, we apply the final325

layer normalization and the language model head326

to the hidden states in these layers as in (Hendel327

et al., 2023). Patching with the local task vectors328

and the global task vector has different effects in329

the two tasks.330

Figure 7. The model’s accuracy after string length information
in the local task vector is removed in the dPCA space. Note
the ablation is only effective in early layers.

Patching with the global task vector restores the331

ICL performance with dummy inputs in the knowl-332

edge task. The layers where patching works the333

best coincide with the layers where we see the334

sharp increases in accuracy (Fig. 2). Global task335

vectors created with more demonstrations lead to336

higher accuracy (Fig. 9). With global task vectors337

based on three or more demonstrations, the zero-338

shot performance of the patched LLM is on par339

with that receiving the real demonstrations. How-340

ever, the global task vector does not restore the341

performance with dummy inputs in the categoriza-342

tion task. The patched LLM performs near the343

chance level, which is 50% (Fig. 8). In these failed344

global-vector patching cases, the model often as-345

signs highest probability to non-label tokens (i.e.,346

outputs arbitrary tokens instead of {0, 1}), consis-347

tent with an insufficient task representation.348

In contrast, patching with the local task vectors349

in the middle layers rescues the performance of the350

model in the categorization task (Fig. 8, bottom).351

The more demonstrations’ local task vectors are352

patched, the better the performance is (Fig. 10). In-353

terestingly, patching with the local task vectors also354

improves the LLM’s performance in the knowledge355

task.356

In addition, the global and local task vectors357

work differently at different layers (Fig. 8). We358

Figure 8. Patching with the global and local task vectors.
The accuracy of the network patched with the global task
vector and the local task vectors in different layers in the
knowledge task (top) and the categorization task (bottom) is
plotted against the layer number. Blue dashed lines indicate
the baseline performance, which is the network receiving
normal demonstrations. Red dashed lines indicate the chance
level.

examine the LLM performance when we apply the 359

patch at different layers and find that patching the 360

local task vectors works best in earlier layers (6-10), 361

and patching the global task vector works better in 362

relatively later layers (12-15). This result supports 363

the previous finding (Wang et al., 2023a) that the 364

information contained within the local task vectors 365

converges toward the global task vector in the later 366

layers during the knowledge task. However, such 367

translation of task information representation is not 368

found in the categorization task (Fig. 8 Bottom). 369

We carry out further patching experiments on 370

various knowledge-based tasks and categorization 371

tasks and on different LLMs. Main results are 372

summarized in Table 2. We additionally validate 373

Figure 9. Patching the global task vectors in 8-16 layers. Top:
knowledge task; Bottom: categorization task.
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Figure 10. Patching the local task vectors in 8-16 layers. Top:
knowledge task; Bottom: categorization task.

the findings on larger and different model families;374

see Table 4 and 5 in Appendix A.3. For knowledge-375

based tasks, we selected different types of factual376

tasks. The categorization tasks require multiple377

demonstrations to establish the correct association378

rules. We find that in some tasks, patching the379

global task vector to the dummy position leads to380

poor performance, especially in the categorization381

tasks. In cases where patching with the global task382

vector does not work well, patching with the local383

task vectors usually makes up for the performance.384

Besides, patching with the global task vector is385

often more effective when we calculate the global386

task vector by averaging across the dataset, which387

makes it not just global for a particular question,388

but also global in the sense of the whole dataset.389

This method may extract the most accurate task in-390

formation. However, in many categorization tasks,391

local task vectors often outperform the global task392

vector, even with averaging. Moreover, averaging393

across datasets is not feasible in normal inference.394

Therefore, our findings on the local task vector395

may unveil a more general mechanism underlying396

In-Context Learning.397

Across different architectures, we observe a398

consistent trend where local task vectors outper-399

form global ones in categorization tasks. Notably,400

Vicuna-7B shows strong performance with local401

vector patching in the Simple String and Digit402

tasks, highlighting the robustness of this mecha-403

nism across model families.404

6 Limitations405

Neither global nor local task vectors work consis-406

tently across all tasks and in all types of LLMs407

tested. We are yet to determine the mechanism408

causing this inconsistency. Although patching lo- 409

cal task vectors works well in most tasks, it fails to 410

restore the few-shot performance in a small number 411

of models and tasks, and the reason for this has yet 412

to be explored. 413

7 Conclusion 414

Our results reveal a more general mechanism in- 415

volving distributed local task vectors that encapsu- 416

late the task information contained in the demon- 417

strations during ICL. The local task vectors en- 418

code the task information in an abstract manner. 419

Patching the local task vectors to models receiving 420

dummy inputs yields performance levels compara- 421

ble to few-shot learning. Notably, local task vectors 422

are present in certain tasks where global task vec- 423

tors are absent, particularly in categorization tasks. 424

This suggests a more nuanced, distributed approach 425

to processing information and extracting task rules 426

in ICL. 427

8 Related Work 428

8.1 Neuroscience 429

Our work is inspired by studies from the field of 430

neuroscience (Barrett et al., 2019; Richards et al., 431

2019; Yamins and DiCarlo, 2016; Yousefi et al., 432

2023) that explore the computational mechanisms 433

underlying cognitive functions of the brain. The 434

current study adopts a categorization task similar 435

to what has been used widely in testing animals 436

and humans in neuroscience. These experiments 437

typically provide the demonstrations sequentially. 438

Subjects learn the task through trial-and-error. This 439

process is typically modeled as reinforcement learn- 440

ing (Niv, 2009). However, it has been shown that 441

a system that stores behavior history could model 442

the learning equally well without using explicit re- 443

inforcement learning (Zhang et al., 2018). This is 444

conceptually similar to ICL in LLMs. The demixed- 445

PCA (dPCA) (Kobak et al., 2016) used in our study 446

is also initially developed to study how information 447

is encoded in a high-dimensional space represented 448

by population neuronal activities. 449

8.2 In-Context Learning 450

Brown et al. (2020) discovered that LLMs pos- 451

sess few-shot learning abilities, enabling them to 452

perform reasoning across different tasks from just 453

a few demonstrations. Meta-learning capabilities 454

may be behind the models’ capability to efficiently 455

adapt to new information (Dai et al., 2023). It 456
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Table 2. Best accuracy after patching global vs. local task vectors on LLAMA-7B across tasks. Baseline is standard ICL with
real demonstrations; patched models receive dummy demonstrations. Averaging settings follow Sec. A.1. Results for other
models are reported in Appendix Table 4 and Table 5. Results are averaged over 5 random trials; variances are small and omitted
for brevity.

Model Task Name 1-shot Baseline Global Task Vector Local Task Vector
No Avg Trial Avg No Avg Trial Avg Pos Avg

LLaMA-7B

Simple
String 0.37 0.79 0.49 0.63 0.66 0.58 0.66

Complex
String 0.57 0.80 0.55 0.56 0.65 0.61 0.39

Digit 0.43 0.69 0.63 0.57 0.65 0.68 0.60
2-D

8 Demo 0.00 0.59 0.53 0.49 0.59 0.52 0.38

2-D
16 Demo - 0.67 0.53 0.49 0.55 0.52 0.43

Antonyms 0.56 0.86 0.75 0.79 0.81 0.80 0.00
Capital 0.68 0.86 0.83 0.92 0.80 0.83 0.00

Language 0.67 0.82 0.64 0.79 0.77 0.85 0.00
Profession 0.35 0.54 0.32 0.53 0.48 0.51 0.00
Religion 0.60 0.87 0.49 0.71 0.80 0.92 0.00

has been further proposed that transformers utilize457

gradient descent to perform linear regression tasks458

(Ahn et al., 2024; Akyürek et al., 2023; Von Os-459

wald et al., 2023). Another approach to understand-460

ing ICL in LLMs is to view pre-trained models as461

implicit Bayesian models, and the demonstrations462

provided in the prompts allow the model to com-463

pute the posteriors (Ahuja et al., 2023; Wang et al.,464

2023b; Xie et al., 2022). Mechanistic analyses fur-465

ther link few-shot ICL to concrete circuits such as466

induction heads, whose ablation can substantially467

reduce the benefit from demonstrations (Crosbie468

and Shutova, 2025). Our work complements these469

circuit-level analyses by providing a spatial per-470

spective on how information aggregates across dif-471

ferent tokens.472

8.3 Task Vector473

It is proposed that LLMs might be either compress-474

ing abstract rule information from demonstrations475

(Hendel et al., 2023) or aggregating demonstration476

information layer-by-layer (Wang et al., 2023a).477

An example is to tell the capital of a country. We478

term these tasks knowledge tasks. Reference (Hen-479

del et al., 2023) argued that ICL is achieved through480

a single task vector in the middle layers extracted481

from the demonstrations. Recent evidence also482

suggests that complex ICL may rely on multiple483

task-relevant components rather than a single aver-484

aged vector (Saglam et al., 2025; Tikhonov et al.,485

2025), which our local-vs-global analysis mecha- 486

nistically contextualizes. 487
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A Appendix: Supplemental Material643

A.1 Analysis Details644

Models and Datasets We employ the LLaMA645

from HuggingFace (Touvron et al., 2023) as our646

primary model, and the model weights are also647

sourced from HuggingFace. No further processing648

on the weights is performed.649

We also use the Pythia (Biderman et al., 2023),650

Vicuna (Chiang et al., 2023), LLaMA 3 (Dubey651

et al., 2024) and Qwen 2.5 (Qwen et al., 2024)652

models. Results on LLaMA-7B are reported in653

Table 2; results on other models are reported in654

Tables 4 and 5.655

The task formats listed in Table 1 follow existing656

task definitions used in prior works such as Hendel657

et al. (2023) and Wang et al. (2023a). These refer-658

ences provide detailed descriptions for both factual659

knowledge and synthetic categorization tasks.660

Tokenization Our experiments require us to re-661

trieve tokens at specific positions. However, the to-662

kenizer used with LLaMA generates variable num-663

bers of tokens even for strings of the same length.664

Therefore, we insert a special character, e.g., “∼”,665

into the original input text to force the tokenizer666

to generate the same number of tokens for strings667

of the same length. We remove the token of these668

special characters after the tokenization step.669

We verified that the inclusion of the special char-670

acter “∼” for length normalization does not intro-671

duce inductive biases or alter model performance.672

Inference results with and without “∼” are identi-673

cal across all benchmarked tasks, confirming the674

robustness of this strategy.675

Evaluation Details We use 5000 samples for cal- 676

culating network performance. PCA and dPCA 677

analyses are done with 1000 samples. More sam- 678

ples produce similar results. All experiments are 679

done with a single V100 GPU. Accuracy is evalu- 680

ated with the token with the largest logit without 681

temperature or any other probabilistic sampling 682

methods.For binary categorization tasks, a predic- 683

tion is counted as correct only if the top-1 token 684

matches the label token (0 or 1); outputs outside 685

{0, 1} are counted as incorrect. 686

To ensure the reliability of our results, all experi- 687

ments were conducted across 5 random seeds for 688

demonstration selection and ordering. We observed 689

minimal variance (standard deviation < 0.01 for 690

most tasks), and the performance gaps between lo- 691

cal and global patching are statistically significant 692

(p < 0.05 under a paired t-test). 693

We denote the three types of averaging strate- 694

gies in Table 2 as follows: No Avg indicates that 695

the result is from a single trial without averaging 696

across runs. Trial Avg refers to averaging results 697

of the same position across multiple trials. Pos 698

Avg represents averaging across different positions 699

within a single trial. These settings allow us to 700

assess the consistency and locality of task vector 701

effectiveness. 702

A.2 Ablation at Answer Position 703

In Figure 4, we perform an ablation experiment 704

by setting the tokens at the answer positions of 705

the demonstrations to zero. For the knowledge 706

task, the ablation of the answer tokens across all 707

demonstrations is necessary for a significant ef- 708

fect. In contrast, for the categorization task, the 709

performance decreases gradually as the number of 710

ablated answer tokens increases, suggesting a dis- 711

tributed mechanism. This gradual decline indicates 712

that task information is spread across multiple to- 713

kens, highlighting the robustness of the model in 714

categorization tasks even when partial information 715

is removed. 716

Additionally, we performed preliminary tests by 717

shuffling the order of demonstrations within the 718

prompt. We observed that demonstration order- 719

ing had minimal impact on the qualitative trends 720

reported in Section 5 (Fig. 8, 9 and 10), further 721

supporting the distributed nature of the identified 722

local task vectors. 723
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A.3 Table of Experiment724

We conduct additional experiments across several725

models and tasks and report the performance both726

with and without averaging across samples. For the727

local task vectors, we perform extra experiments by728

averaging across the demonstration, which leads to729

a poorer performance. The result suggests that the730

information contained in different local task vectors731

cannot be simply averaged. It further supports the732

distributed nature of these vectors.733

A.4 Licenses for existing assets734

We follow the license of LLaMA (LLaMA Li-735

cense), Pythia (Pythia License) and Vicuna (Vicuna736

License) and Apache License 2.0 for HuggingFace.737
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Table 3. Full task formats with input–output examples (supplement to Table 1).

Task Name Task Rule Example

Categorization tasks (y ∈ {0, 1})
Simple String 1 if len> 5 else 0 abaabb→1, aab→0
Complex String 1 if len> 5 else 0 aFeXGb→1, axvb→0
Digit 1 if digit≥5 else 0 4→0, 7→1
2-D Data 1 if y ≥ x else 0 (0,1)→1, (7,4)→0

Knowledge tasks
Antonyms Given an English adjective, output an antonym Adjective→Antonym
Capital Given a country name, output its capital city Country→Capital
Language Given a location name, output its native language Location→Language
Profession Given a person name, output their profession Person→Profession
Religion Given a person name, output the associated religion Person→Religion

Table 4. (continued) Results on other 7B-scale models.

Model Task Name 1-shot Baseline Global Task Vector Local Task Vector
No Avg Trial Avg No Avg Trial Avg Pos Avg

Pythia-6.9B

Simple
String 0.37 0.80 0.47 0.59 0.58 0.61 0.00

Complex
String 0.52 0.69 0.53 0.55 0.49 0.51 0.00

Digit 0.55 0.66 0.58 0.55 0.60 0.52 0.00
2-D

8 Demo 0.03 0.63 0.55 0.50 0.59 0.53 0.00

2-D
16 Demo - 0.71 0.55 0.50 0.59 0.59 0.00

Antonyms 0.26 0.84 0.75 0.80 0.81 0.80 0.01
Capital 0.68 0.81 0.79 0.85 0.73 0.83 0.01

Language 0.45 0.66 0.62 0.69 0.51 0.68 0.00
Profession 0.2 0.23 0.27 0.47 0.33 0.39 0.00
Religion 0.60 0.84 0.49 0.87 0.83 0.85 0.00

Vicuna-7B

Simple
String 0.37 0.71 0.48 0.63 0.67 0.58 0.70

Complex
String 0.57 0.71 0.59 0.56 0.62 0.58 0.09

Digit 0.55 0.71 0.64 0.78 0.64 0.66 0.17
2-D

8 Demo 0.00 0.57 0.59 0.80 0.57 0.52 0.03

2-D
16 Demo - 0.58 0.59 0.80 0.55 0.55 0.03

Antonyms 0.47 0.83 0.56 0.77 0.84 0.83 0.00
Capital 0.63 0.87 0.76 0.92 0.77 0.85 0.00

Language 0.5 0.78 0.49 0.70 0.75 0.83 0.00
Profession 0.32 0.44 0.28 0.53 0.45 0.52 0.00
Religion 0.72 0.88 0.50 0.94 0.86 0.91 0.00
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Table 4. (continued) Results on other 7B-scale models.

Model Task Name 1-shot Baseline Global Task Vector Local Task Vector
No Avg Trial Avg No Avg Trial Avg Pos Avg

LLaMA3-8B

Simple
String 0.42 0.83 0.63 0.65 0.72 0.66 0.60

Complex
String 0.60 0.84 0.60 0.62 0.70 0.64 0.55

Digit 0.50 0.75 0.60 0.68 0.68 0.62 0.58
2-D

8 Demo 0.04 0.66 0.52 0.54 0.61 0.56 0.45

2-D
16 Demo - 0.73 0.54 0.56 0.66 0.60 0.48

Antonyms 0.60 0.90 0.86 0.85 0.88 0.87 0.01
Capital 0.72 0.92 0.90 0.91 0.88 0.89 0.00

Language 0.70 0.88 0.83 0.84 0.86 0.85 0.00
Profession 0.40 0.62 0.56 0.59 0.58 0.58 0.00
Religion 0.65 0.91 0.87 0.89 0.88 0.90 0.00

Qwen2.5-7B

Simple
String 0.46 0.85 0.66 0.67 0.74 0.68 0.62

Complex
String 0.62 0.86 0.62 0.63 0.72 0.66 0.56

Digit 0.52 0.78 0.61 0.63 0.71 0.64 0.60
2-D

8 Demo 0.06 0.68 0.54 0.63 0.62 0.57 0.46

2-D
16 Demo - 0.75 0.56 0.57 0.67 0.61 0.50

Antonyms 0.62 0.91 0.88 0.90 0.87 0.89 0.01
Capital 0.75 0.93 0.91 0.92 0.89 0.90 0.00

Language 0.72 0.90 0.86 0.88 0.87 0.89 0.00
Profession 0.42 0.65 0.60 0.62 0.59 0.61 0.00
Religion 0.68 0.92 0.88 0.90 0.89 0.91 0.00
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Table 5. Additional results on other model sizes (same setup as Table 2).

Model Task Name 1-shot Baseline Global Task Vector Local Task Vector
No Avg Trial Avg No Avg Trial Avg Pos Avg

LLaMA-13B

Simple
String 0.00 0.72 0.45 0.63 0.67 0.64 0.28

Complex
String 0.00 0.77 0.52 0.58 0.66 0.62 0.27

Digit 0.61 0.54 0.51 0.62 0.53 0.53 0.53
2-D

8 Demo 0.00 0.57 0.60 0.49 0.53 0.52 0.31

2-D
16 Demo - 0.56 0.61 0.49 0.53 0.48 0.26

Antonyms 0.61 0.77 0.65 0.78 0.85 0.85 0.09
Capital 0.74 0.84 0.82 0.88 0.80 0.83 0.05

Language 0.56 0.77 0.56 0.85 0.75 0.79 0.01
Profession 0.27 0.44 0.35 0.49 0.40 0.48 0.03
Religion 0.57 0.75 0.53 0.80 0.82 0.84 0.00

Pythia-2.8B

Simple
String 0.37 0.81 0.48 0.70 0.72 0.64 0.00

Complex
String 0.57 0.73 0.55 0.70 0.65 0.72 0.00

Digit 0.55 0.72 0.52 0.55 0.72 0.69 0.00
2-D

8 Demo 0.10 0.67 0.55 0.50 0.60 0.56 0.00

2-D
16 Demo - 0.73 0.55 0.50 0.60 0.60 0.00

Antonyms 0.05 0.70 0.09 0.13 0.63 0.73 0.00
Capital 0.58 0.78 0.78 0.82 0.68 0.80 0.01

Language 0.32 0.70 0.62 0.76 0.64 0.72 0.01
Profession 0.20 0.25 0.29 0.42 0.36 0.42 0.00
Religion 0.44 0.84 0.62 0.75 0.85 0.89 0.00

Pythia-12B

Simple
String 0.37 0.68 0.51 0.72 0.59 0.56 0.00

Complex
String 0.56 0.67 0.55 0.57 0.59 0.62 0.00

Digit 0.43 0.67 0.57 0.55 0.62 0.61 0.00
2-D

8 Demo 0.02 0.64 0.54 0.61 0.53 0.57 0.00

2-D
16 Demo - 0.64 0.53 0.61 0.53 0.53 0.00

Antonyms 0.12 0.55 0.13 0.14 0.68 0.67 0.00
Capital 0.12 0.28 0.29 0.50 0.39 0.68 0.00

Language 0.37 0.69 0.34 0.56 0.67 0.77 0.00
Profession 0.07 0.13 0.18 0.25 0.37 0.40 0.00
Religion 0.26 0.75 0.46 0.78 0.85 0.92 0.00

Vicuna-13B

Simple
String 0.00 0.53 0.40 0.37 0.53 0.51 0.03

Complex
String 0.00 0.34 0.40 0.56 0.39 0.41 0.02

Digit 0.13 0.37 0.48 0.55 0.45 0.45 0.05
2-D

8 Demo 0.00 0.36 0.47 0.50 0.46 0.49 0.00

2-D
16 Demo - 0.31 0.50 0.50 0.51 0.52 0.00

Antonyms 0.47 0.78 0.59 0.84 0.79 0.79 0.04
Capital 0.59 0.86 0.77 0.89 0.83 0.86 0.14

Language 0.42 0.75 0.33 0.72 0.79 0.83 0.04
Profession 0.71 0.46 0.34 0.55 0.52 0.53 0.07
Religion 0.74 0.88 0.64 0.84 0.86 0.90 0.00
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