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

1 Introduction

The advent of Large Language Models (LLMs)
has enabled machines to understand and generate
human-like text with unprecedented accuracy. One
of the most remarkable abilities of LLMs is in-
context learning (ICL), where the model can ab-
stract the underlying rule defined by a few demon-
strations and provide answers that comply with

that rule (Brown et al., 2020; Liu et al., 2023; Dong
et al., 2023). This capability has garnered signifi-
cant attention from the research community, as it
demonstrates the flexibility of LLMs to adapt to
new tasks without extensive training, which is a sig-
nature of human cognition (Binz and Schulz, 2023).
Unlike prompt fine-tuning (Lester et al., 2021) or
chain-of-thought prompting (Wei et al., 2022), ICL
simply relies on several demonstrations that share
the same structure as the question.

Previous mechanistic work suggests that task in-
formation in ICL can be represented as compact
vectors localized at specific token positions and lay-
ers in the model. (Hendel et al., 2023; Wang et al.,
2023a; Liu et al., 2024; Li et al., 2024). Specifically,
the task vector is computed by averaging the em-
bedding of the last token at a particular layer across
samples from the same task dataset. Researchers
have shown that by transferring the task vector to
the corresponding positions with zero-shot dummy
inputs, LLMs can achieve performance similar to
few-shot learning. This task vector is therefore
deemed to carry a full abstraction of the task. We
term it the global task vector to distinguish it from
the local task vector defined below.

While patching the global task vector works as
expected in some tasks (e.g., knowledge tasks), we
find that it does not work well in other tasks, partic-
ularly those in which the rule can only be inferred
from multiple demonstrations (e.g. learning an ar-
bitrary categorization boundary). This is consistent
with recent large-scale evidence that complex ICL
tasks may rely on multiple subtask-specific vectors
rather than a single averaged task vector (Tikhonov
et al., 2025). Instead, we find that patching the to-
kens at the answer positions of each demonstration
to the corresponding positions of a dummy input
sequence leads to higher accuracy in these situa-
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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.

tions. Inspired by the previous study that reveals
the importance of label words in the information
flow of ICL (Wang et al., 2023a), we propose that
these label words serve as local task vectors that
carry the task rule information in a distributed man-
ner. In addition, we show that even in tasks where
a global task vector exists, the local task vectors
appear in earlier layers than the global task vector.
The information contained in the local task vectors
converges and forms the global task vectors in later
layers.

Taken together, these results point to a simple
picture of ICL: each demonstration first writes task-
relevant information into the hidden state at its
answer token, forming a local task vector, and the
model answers the query by aggregating informa-
tion from these local vectors. This picture also
helps explain when global task vectors succeed: in
knowledge tasks, local task vectors across demon-
strations tend to become increasingly aligned in
later layers, making an averaged global task vec-
tor effective, whereas in categorization tasks they
can remain heterogeneous and complementary, so
averaging may discard essential information.

2 Preliminaries

2.1 In-context Learning

We use T to denote a decoder-only transformer
LLM, S to denote the set of demonstrations
used as the inputs to the LLM, and x to denote
the query that needs to be answered. We use
T ([S, x]) to denote the output of LLM on the con-
catenation of S and x. For clarity, we define
S = [Q0I0A0D0, Q1I1A1D1, ..., QJIJAJDJ ]
and x = [QJ+1IJ+1], where Qj , Ij , Aj , and Dj

are the tokens for the query, the is, the answer
and the dot of demonstration j (j = 1, ..., J). For

example, “cat is 0. monkeys is 1. dog is”, each
demonstration can be divided into four parts: Q, I ,
A, and D.

2.2 Global Task Vector

We follow the definition in (Hendel et al., 2023).
Assume that ICL operates within a hypothesis
space. This mode of operation can be defined as
a learning algorithm (denoted A). A maps S to
the global task vector θ. Next, the LLM maps the
query x to the output through rule application (de-
noted by f ), based on θ ≡ A(S), without direct
dependence on S. Here, the global task vector θ is
at position IJ+1. In our experiments, we consider
different versions of θ and ϕj , including those ex-
tracted from a single trial and those averaged across
samples. We refer to these as No Avg and Trial Avg,
respectively; see Section A.1 and Table 2 for for-
mal definitions. Consider the mapping from a set of
demonstrations and a query to the predicted output:

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

ICL can be viewed as operating on the following
hypothesis class: H = {f(·; θ) | θ}.

2.3 Saliency Score

We use the saliency score (Michel et al., 2019; Si-
monyan et al., 2013; Wang et al., 2023a) to identify
the level of attention that the LLM gives to each
token in the input. The saliency score is defined as

Il =

∣∣∣∣∣
∑

h

Ah,l ⊙
∂L(x)
∂Ah,l

∣∣∣∣∣ , (2)

Here, Ah,l is the value of the attention matrix of the
h-th attention head in the l-th layer, x is the input,
and L(x) is the loss function of the task.
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2.4 dPCA
Following (Kobak et al., 2016), we use demixed
PCA (dPCA) to isolate the subspace of representa-
tions associated with a specific factor. In Sec. 4.2
we use dPCA to identify the subspace predictive of
the demonstration’s string length and remove it by
projecting answer-position states to the null space
of that subspace. We find a compressing matrix D
and a decompressing matrix F by minimizing:

LdPCA = ||XL − FDX||2 (3)

where X is the h × n activity matrix, where h is
the dimension of the hidden state, and XL is a label
average matrix. XL has the same size as X , but all
rows are replaced by the mean activity vector with
the same label.

We then project the local task vectors onto the
null space of the informative subspace:

B = Null(D) (4)

X̃ = B(BTB)−1BTX (5)

where D ∈ Rd×h is the compression matrix,
Null( · ) is the null space computation so that
D · Null(D) = 0. X̃ is the manipulated activity
matrix. The mean is subtracted before the opera-
tion and then added back when we put the matrix
back into the model.

3 Tasks

We analyze two representative tasks in depth, and
evaluate generality on additional tasks listed in Ta-
ble 1. Throughout the paper, we distinguish knowl-
edge tasks, where the input–output mapping is

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

largely consistent with associations likely learned
during pretraining (e.g., Country→Capital), from
rule-induction (categorization) tasks, where the
mapping is defined by the demonstrations in the
prompt and must be inferred by aggregating multi-
ple examples (e.g., length thresholding, 2-D bound-
aries).

The first task is a country-capital knowledge task
(Hendel et al., 2023; Wang et al., 2023a). The
model should give the capital of a given country.
For example, the prompt “China is Beijing. Japan
is Tokyo. Germany is” should lead to the answer
“Berlin”. In this setup, the final is position (after
“Germany”) corresponds to the global task vector
location, while each answer position (e.g., “Bei-
jing”, “Tokyo”) serves as a local task vector.

Similarly, the second task is a two-alternative
categorization task. In this task, the final is token
before the model prediction is the global task vector
position, while each number token (e.g., “0”, “1”)
in the demonstrations serves as a local task vector.

Details of these roles are analyzed in the follow-
ing sections. In the second task, the model is given
a string of random characters, with the length vary-
ing between 1 and 10. The model should answer 0
when the string is shorter than 6 characters and 1
otherwise. An example question is “cat is 0. mon-
keys is 1. dog is”. The number of demonstrations
ranges from 1 to 16. We show that models are
capable of solving these problems (Fig. 2). Consis-
tent with previous work (Hendel et al., 2023), the
accuracy increases sharply in the middle layers.

Table 6 includes results for more knowledge
tasks and categorization tasks. Unless otherwise
noted, we use 4 demonstrations for knowledge
tasks and 8 demonstrations for categorization tasks,
chosen to yield comparable baseline ICL accuracy
and avoid ceiling effects.

Full details on models, tokenization, and evalua-
tion protocols are deferred to Appendix A.1.

4 Local Task Vectors

4.1 The Importance of Answer Positions

Previous research (Hendel et al., 2023; Wang et al.,
2023a) shows that the information of each demon-
stration converges at its respective answer position
and is important in in-context learning. We further
verify this result in the two representative tasks. Us-
ing layer 14 as a representative layer, the saliency
scores in both tasks are the highest between the
answer-position tokens of the demonstrations and
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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.

the is-position token of the final query, suggesting
that the task-related information from each demon-
stration is transmitted via the corresponding answer
position’s token to the token at the is position of the
query to form the output (Fig. 3a). The is position
token of the query is the global task vector.

In addition, we found that the saliency score is
higher for later demonstrations in the knowledge
task, suggesting further information aggregation to
the answer positions of later demonstrations. How-
ever, such a trend is not found in the categorization
task (Fig. 3b). Lesion experiments on the answer
tokens also reveal the difference between the two
tasks. While setting the tokens at the answer po-
sitions to zero or random values does not harm
the model’s performance unless all answer tokens
are erased, the same manipulation leads to a grad-
ual decrease in performance in the categorization
task (Fig. 4). This difference suggests that the ICL
mechanism may differ in the two tasks.

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).

4.2 Answer Positions As Local Task Vectors

To verify that the information from each demon-
stration converges at its answer position, we use
the principal component analysis (PCA) to explore
the information encoded at the answer positions
(Fig. 5). In the categorization task, each demonstra-
tion provides a string and its associated category
label. For each layer, we collect the hidden states
at the demonstrations’ answer positions from 1000
samples and perform PCA on these vectors (Fig. 5).
To quantify which factor is encoded, we group
the answer-position vectors (i) by the string length
(1–10) and (ii) by the label token (0/1), and com-
pute the average pairwise Mahalanobis distance
between group centroids in the space spanned by
the top two PCs.

The results suggest that the clusters formed by
strings with different lengths are well segregated,
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with the distance peaking at layer 2 and gradually
decreasing. In comparison, the category label is en-
coded at the answer positions stably across layers.

To confirm that the string length information con-
tained at the answer positions is critical for ICL,
we carry out an experiment in which we selectively
remove the string length information from the local
task vectors. For each answer-position token, we
first find its subspace that contains the correspond-
ing demonstration’s string length information with
dPCA and then project the token onto the null space
of the found subspace. We set the dimensionality
of the discarded subspace to d = 10. This value
strikes a balance between effectively isolating the
string-length feature in early layers and preserving
task-relevant abstract information in later layers.
This procedure erases all information from the sub-
space that contains the string length information
while keeping the rest of the information intact.

We apply this selective information removal at
each layer (Fig. 7). Interestingly, the procedure
leads to poor performance when applied in the early
layers, where the string length is best encoded in
the PCA space. However, starting from the middle
layers, around layer 13, the ablation results in only
a minimal decrease in performance. Nevertheless,
in the following sections, we demonstrate that these
layers encode sufficient task-relevant information
for the model to perform the task effectively. These
results suggest that in the later layers, the task infor-
mation encoded in the answer tokens is a high-level
abstraction of query-answer information that is not
affected by selective information removal.

These results suggest that the answer position
tokens contain task-related information provided
by each demonstration and are critical for ICL. As
they are local to each demonstration, we term them
local task vectors.

5 Patching Local vs. Global Task Vectors

If the local task vectors contain sufficient infor-
mation for solving the task, copying them to a
dummy sequence should yield reasonable perfor-
mance. Following the previous work (Hendel
et al., 2023), we patch the local task vectors to
a dummy sequence with those from a normal se-
quence. Here, the dummy input contains random
labels and its demonstrations are different from the
original sequence to prevent information leakage.
More specifically, given an original sequence S and
a dummy sequence D, we patch Sj

a to Dj
a as illus-

trated in Fig. 6b, where ∗ja denotes the j-th answer
position (or local task vector) of the sequence.

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

For comparison, we also show the results from
patching the global task vector. Given an original
sequence S and a dummy sequence D, we patch
Ŝj
i to D0

i as illustrated in Fig. 6a, where ∗ji denotes
the j-th is position of the sequence and Ŝj

i is the av-
eraged task vector across samples described in the
Preliminaries. This dummy sequence is zero-shot,
i.e., it contains no demonstrations. When calculat-
ing the accuracy of each layer, we apply the final
layer normalization and the language model head
to the hidden states in these layers as in (Hendel
et al., 2023). Patching with the local task vectors
and the global task vector has different effects in
the two tasks.

Patching with the global task vector restores the
ICL performance with dummy inputs in the knowl-
edge task. The layers where patching works the
best coincide with the layers where we see the
sharp increases in accuracy (Fig. 2). Global task
vectors created with more demonstrations lead to
higher accuracy (Fig. 9). With global task vectors
based on three or more demonstrations, the zero-
shot performance of the patched LLM is on par
with that receiving the real demonstrations. How-
ever, the global task vector does not restore the
performance with dummy inputs in the categoriza-
tion task. The patched LLM performs near the
chance level, which is 50% (Fig. 8). In these failed
global-vector patching cases, the model often as-
signs highest probability to non-label tokens (i.e.,
outputs arbitrary tokens instead of {0, 1}), consis-
tent with an insufficient task representation.

In contrast, patching with the local task vectors
in the middle layers rescues the performance of the
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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.

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.

model in the categorization task (Fig. 8, bottom).
The more demonstrations’ local task vectors are
patched, the better the performance is (Fig. 10). In-
terestingly, patching with the local task vectors also
improves the LLM’s performance in the knowledge
task.

In addition, the global and local task vectors
work differently at different layers (Fig. 8). We
examine the LLM performance when we apply the
patch at different layers and find that patching the
local task vectors works best in earlier layers (6-10),
and patching the global task vector works better in
relatively later layers (12-15). This result supports
the previous finding (Wang et al., 2023a) that the
information contained within the local task vectors
converges toward the global task vector in the later
layers during the knowledge task. However, such
translation of task information representation is not
found in the categorization task (Fig. 8 Bottom).

We carry out further patching experiments on
various knowledge-based tasks and categorization

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.

tasks and on different LLMs. Main results are
summarized in Table 2. We additionally validate
the findings on larger and different model families;
see Table 5 and 6 in Appendix A.3. For knowledge-
based tasks, we selected different types of factual
tasks. The categorization tasks require multiple
demonstrations to establish the correct association
rules. We find that in some tasks, patching the
global task vector to the dummy position leads to
poor performance, especially in the categorization
tasks. In cases where patching with the global task
vector does not work well, patching with the local
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task vectors usually makes up for the performance.
Besides, patching with the global task vector is

often more effective when we calculate the global
task vector by averaging across the dataset, which
makes it not just global for a particular question,
but also global in the sense of the whole dataset.
This method may extract the most accurate task in-
formation. However, in many categorization tasks,
local task vectors often outperform the global task
vector, even with averaging. Moreover, averaging
across datasets is not feasible in normal inference.
Therefore, our findings on the local task vector
may unveil a more general mechanism underlying
In-Context Learning.

Across different architectures, we observe a
consistent trend where local task vectors outper-
form global ones in categorization tasks. Notably,
Vicuna-7B shows strong performance with local
vector patching in the Simple String and Digit
tasks, highlighting the robustness of this mecha-
nism across model families.

We also observe the same qualitative pattern
on two multi-token generation tasks evaluated on
LLaMA3-8B (Appendix Table 4). On a translation
task, local task vector patching reaches 0.81 exact-
match accuracy versus 0.79 for global patching; on
an arithmetic generation task, the gap is larger (0.61
vs. 0.50). These results suggest that the advantage
of local task vectors is not limited to single-token
outputs.

6 Limitations

Neither global nor local task vectors work consis-
tently across all tasks and in all types of LLMs
tested. We are yet to determine the mechanism
causing this inconsistency. Although patching lo-

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

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

cal task vectors works well in most tasks, it fails to
restore the few-shot performance in a small number
of models and tasks, and the reason for this has yet
to be explored. Our knowledge-vs.-categorization
distinction should therefore be understood as an op-
erational contrast rather than a complete taxonomy
of ICL tasks. We also include preliminary multi-
token generation results in Appendix Table 4, but
a broader study of open-ended generation remains
for future work.

7 Conclusion

Our results reveal a more general mechanism in-
volving distributed local task vectors that encapsu-
late the task information contained in the demon-
strations during ICL. The local task vectors en-
code the task information in an abstract manner.
Patching the local task vectors to models receiving
dummy inputs yields performance levels compara-
ble to few-shot learning. Notably, local task vectors
are present in certain tasks where global task vec-
tors are absent, particularly in categorization tasks.
This suggests a more nuanced, distributed approach
to processing information and extracting task rules
in ICL.

8 Related Work

8.1 Neuroscience

Our work is inspired by studies from the field of
neuroscience (Barrett et al., 2019; Richards et al.,
2019; Yamins and DiCarlo, 2016; Yousefi et al.,
2023) that explore the computational mechanisms
underlying cognitive functions of the brain. The
current study adopts a categorization task similar
to what has been used widely in testing animals
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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 5 and Table 6. 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

and humans in neuroscience. These experiments
typically provide the demonstrations sequentially.
Subjects learn the task through trial-and-error. This
process is typically modeled as reinforcement learn-
ing (Niv, 2009). However, it has been shown that
a system that stores behavior history could model
the learning equally well without using explicit re-
inforcement learning (Zhang et al., 2018). This is
conceptually similar to ICL in LLMs. The demixed-
PCA (dPCA) (Kobak et al., 2016) used in our study
is also initially developed to study how information
is encoded in a high-dimensional space represented
by population neuronal activities.

8.2 In-Context Learning

Brown et al. (2020) discovered that LLMs pos-
sess few-shot learning abilities, enabling them to
perform reasoning across different tasks from just
a few demonstrations. Meta-learning capabilities
may be behind the models’ capability to efficiently
adapt to new information (Dai et al., 2023). It
has been further proposed that transformers utilize
gradient descent to perform linear regression tasks
(Ahn et al., 2024; Akyürek et al., 2023; Von Os-
wald et al., 2023). Another approach to understand-
ing ICL in LLMs is to view pre-trained models as
implicit Bayesian models, and the demonstrations
provided in the prompts allow the model to com-
pute the posteriors (Ahuja et al., 2023; Wang et al.,
2023b; Xie et al., 2022). Mechanistic analyses fur-

ther link few-shot ICL to concrete circuits such as
induction heads, whose ablation can substantially
reduce the benefit from demonstrations (Crosbie
and Shutova, 2025). Our work complements these
circuit-level analyses by providing a spatial per-
spective on how information aggregates across dif-
ferent tokens.

8.3 Task Vector

It is proposed that LLMs might be either compress-
ing abstract rule information from demonstrations
(Hendel et al., 2023) or aggregating demonstration
information layer-by-layer (Wang et al., 2023a).
An example is to tell the capital of a country. We
term these tasks knowledge tasks. Reference (Hen-
del et al., 2023) argued that ICL is achieved through
a single task vector in the middle layers extracted
from the demonstrations. Recent evidence also
suggests that complex ICL may rely on multiple
task-relevant components rather than a single aver-
aged vector (Saglam et al., 2025; Tikhonov et al.,
2025), which our local-vs-global analysis mecha-
nistically contextualizes.
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A Appendix: Supplemental Material

A.1 Analysis Details

Models and Datasets We employ the LLaMA
from HuggingFace (Touvron et al., 2023) as our
primary model, and the model weights are also
sourced from HuggingFace. No further processing
on the weights is performed.

We also use the Pythia (Biderman et al., 2023),
Vicuna (Chiang et al., 2023), LLaMA 3 (Dubey
et al., 2024) and Qwen 2.5 (Qwen et al., 2024)
models. Results on LLaMA-7B are reported in

Table 2; results on other models are reported in
Tables 5 and 6.

The task formats listed in Table 1 follow existing
task definitions used in prior works such as Hendel
et al. (2023) and Wang et al. (2023a). These refer-
ences provide detailed descriptions for both factual
knowledge and synthetic categorization tasks.

Tokenization Our experiments require us to re-
trieve tokens at specific positions. However, the to-
kenizer used with LLaMA generates variable num-
bers of tokens even for strings of the same length.
Therefore, we insert a special character, e.g., “∼”,
into the original input text to force the tokenizer
to generate the same number of tokens for strings
of the same length. We remove the token of these
special characters after the tokenization step.

We verified that the inclusion of the special char-
acter “∼” for length normalization does not intro-
duce inductive biases or alter model performance.
Inference results with and without “∼” are identi-
cal across all benchmarked tasks, confirming the
robustness of this strategy.

Evaluation Details We use 5000 samples for cal-
culating network performance. PCA and dPCA
analyses are done with 1000 samples. More sam-
ples produce similar results. All experiments are
done with a single V100 GPU. Accuracy is evalu-
ated with the token with the largest logit without
temperature or any other probabilistic sampling
methods.For binary categorization tasks, a predic-
tion is counted as correct only if the top-1 token
matches the label token (0 or 1); outputs outside
{0, 1} are counted as incorrect.

To ensure the reliability of our results, all experi-
ments were conducted across 5 random seeds for
demonstration selection and ordering. We observed
minimal variance (standard deviation < 0.01 for
most tasks), and the performance gaps between lo-
cal and global patching are statistically significant
(p < 0.05 under a paired t-test).

We denote the three types of averaging strate-
gies in Table 2 as follows: No Avg indicates that
the result is from a single trial without averaging
across runs. Trial Avg refers to averaging results
of the same position across multiple trials. Pos
Avg represents averaging across different positions
within a single trial. These settings allow us to
assess the consistency and locality of task vector
effectiveness.
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A.2 Ablation at Answer Position
In Figure 4, we perform an ablation experiment
by setting the tokens at the answer positions of
the demonstrations to zero. For the knowledge
task, the ablation of the answer tokens across all
demonstrations is necessary for a significant ef-
fect. In contrast, for the categorization task, the
performance decreases gradually as the number of
ablated answer tokens increases, suggesting a dis-
tributed mechanism. This gradual decline indicates
that task information is spread across multiple to-
kens, highlighting the robustness of the model in
categorization tasks even when partial information
is removed.

Additionally, we performed preliminary tests by
shuffling the order of demonstrations within the
prompt. We observed that demonstration order-
ing had minimal impact on the qualitative trends
reported in Section 5 (Fig. 8, 9 and 10), further
supporting the distributed nature of the identified
local task vectors.

A.3 Table of Experiment
We conduct additional experiments across several
models and tasks and report the performance both
with and without averaging across samples. For the
local task vectors, we perform extra experiments by
averaging across the demonstration, which leads to
a poorer performance. The result suggests that the
information contained in different local task vectors
cannot be simply averaged. It further supports the
distributed nature of these vectors.

A.4 Multi-token Generation Tasks
To test whether the local-vector effect extends be-
yond single-token prediction, we additionally eval-
uate two multi-token generation tasks on LLaMA3-
8B using exact string match accuracy over 100
samples per task. As shown in Table 4, local task
vector patching remains competitive with or better
than global task vector patching, with the larger
gain appearing on the more compositional arith-
metic generation task.

A.5 Licenses for existing assets
We follow the license of LLaMA (LLaMA Li-
cense), Pythia (Pythia License) and Vicuna (Vicuna
License) and Apache License 2.0 for HuggingFace.
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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. Patching results on multi-token generation tasks evaluated on LLaMA3-8B. Accuracy is exact string match over 100
samples.

Task Example Rule Global Task Vector Local Task Vector

Translation Good morning is Bonjour. Thank you is Merci.
Black cat is → Chat noir

0.79 0.81

Arithmetic Generation 12+34 = 46. 15+27 = 42. 11+22 = → 33 0.50 0.61

Table 5. (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 5. (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 6. 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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