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Abstract

To mitigate high inference costs for in-context
learning, prior works (Hendel et al., 2023;
Todd et al., 2024) have proposed activation-
space task vectors that encapsulate demonstra-
tion contexts into static representations. How-
ever, performance occasionally degrades across
tasks, leaving it unclear whether this stems
from sub-optimal extraction heuristics or fun-
damental limitations. We resolve this by de-
composing Transformer self-attention to es-
tablish a theoretical best-case approximation:
the Minimal-Gap Approximation. By isolat-
ing structural constraints from heuristic flaws,
the Minimal-Gap Approximation reveals that
task vectors are fundamentally bottlenecked
by attention and length gaps. Specifically, be-
cause task vectors lock contextual information
to fixed attention maps and positional align-
ments, they structurally fail under dynamic
routing, length mismatches, and multi-token
generation. We further show that these findings
consistently hold across training-free extract-
and-inject task vector methods, model architec-
tures, and model scales.

1 Introduction

To mitigate the quadratic inference cost of process-
ing extensive contexts such as in-context demon-
strations in LLMs, a growing body of literature has
proposed encapsulating these contexts into static,
O(d)-dimensional vectors. Such activation-space
representations that encapsulate contextual infor-
mation (Hendel et al., 2023; Todd et al., 2024; Li
et al., 2024a) are referred to as task vectors, ex-
tending the notion originally introduced in weight
space (Ilharco et al., 2022). Operating via an
extract-and-inject framework, these methods pre-
compute a single-vector representation from a ref-
erence request with the full context and inject it
into the hidden states of a zero-shot model. The
operational goal is highly appealing: bypass the

computational overhead of attending to context to-
kens while preserving the macroscopic behavioral
performance of full in-context learning.

Despite their promise, task vectors exhibit se-
vere performance degradation even on seemingly
simple classification tasks (Zheng et al., 2024). It
remains highly debated why these vectors fail (Todd
et al., 2024; Yin and Steinhardt, 2025; Tikhonov
et al., 2025; Dong et al., 2025). However, be-
cause existing methods rely on heuristic extrac-
tion strategies—such as searching for optimal in-
jection layers—it is entirely unclear whether their
performance bottlenecks are merely artifacts of
sub-optimal design choices, or if they represent
fundamental, insurmountable constraints of using
a static representation to bypass dynamic attention
recomputation.

In this work, we resolve this ambiguity by shift-
ing the evaluation of task vectors from a macro-
scopic behavioral lens to a microscopic represen-
tational one. We present a unified mathemati-
cal framework that decomposes the exact self-
attention computation to establish a Full Context
Baseline. Concretely, we derive absolute minimum
requirements for exact contextual reconstruction
without recomputing attention over context tokens.
This leads to a theoretical best-case approximation,
which we term the Minimal-Gap Approximation,
isolating the intrinsic limitations of the training-
free extract-and-inject paradigm from the quality
of heuristic vectors. With this theoretical best-case
approximation, we revisit existing challenges with
which task vectors struggle. Specifically, we use
it to identify which aspects of full-context self-
attention are lost in such static approximations, and
when those losses translate into performance degra-
dation.

The results show that task vector performance
is not primarily constrained by task complex-
ity (Tikhonov et al., 2025; Dong et al., 2025), but
rather by structural Attention and Length Gaps.
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Because task vectors mathematically lock context
representations to a fixed attention map and po-
sitional alignment, they inherently fail on tasks
that require dynamic routing or variable sequence
lengths. Our empirical analysis validates these bot-
tlenecks, demonstrating that static approximations,
including the Minimal-Gap construction, systemati-
cally degrade in settings requiring dynamic routing
or variable sequence lengths.

In summary, our main contributions are:

¢ Revisiting Task Vectors as Approximations
of Context: We show that static vector injec-
tion is an inherently lossy approximation of
full-context computation, and induces cascad-
ing errors.

* Minimal-Gap Approximation: We estab-
lish a theoretical best-case approximation to
isolate the fundamental constraints of task
vectors from the flaws of heuristic extraction
methods.

* Re-evaluating Task Vector Behaviors: We
demonstrate that underlying attention gaps ex-
plain when task vectors succeed or fail.

2 Related Work

Model Adaptation Methods for adapting or steer-
ing large language models have developed along
several complementary directions. Traditional ap-
proaches modify model parameters through fine-
tuning, parameter-efficient tuning, or weight in-
terpolation (Hu et al., 2021; Li and Liang, 2021;
Wortsman et al., 2022), while more recent acti-
vation steering methods intervene on internal rep-
resentations at inference time without additional
training (Panickssery et al., 2024; Li et al., 2023;
Park et al., 2025; Zou et al., 2023). In-context
learning (ICL) provides another form of adaptation,
as models can adjust to new tasks from demon-
strations in the prompt without explicit parameter
updates (Brown et al., 2020; Xie et al., 2021; Chan
et al., 2022; Akyiirek et al., 2023). Complementary
to this, a line of work explores compressing or re-
placing the context through learned or distilled rep-
resentations, enabling more efficient conditioning
without explicitly attending to all input tokens (Li
and Liang, 2021; Mu et al., 2023; An et al., 2025).
Within this broader context, the notion of a task
vector first emerged in weight space (Ilharco et al.,
2022) and was later extended to activation space,
where hidden states formed during ICL are inter-
preted as reusable task-relevant representations.

Task Vectors in In-Context Learning Recent

work has proposed extracting intermediate hidden
states or attention-derived representations from ICL
and injecting them during zero-shot inference to re-
cover few-shot behavior (Hendel et al., 2023; Todd
et al., 2024; Liu et al., 2023). Subsequent work fur-
ther improves extraction and injection through op-
timized layers, scaling coefficients, test-time adap-
tation, or additional training objectives that encour-
age more robust and query-independent task vec-
tors (Li et al., 2024a; Saglam et al., 2025; Yang
et al., 2025¢; Liu and Deng, 2025; Li et al., 2025a;
Zheng et al., 2024; Ardoin et al., 2026), and has
also been extended to multimodal settings (Huang
et al., 2024; Luo et al., 2024; Hojel et al., 2024). A
line of work has explored training-based task vec-
tors (Li et al., 2024b; Yang et al., 2025b), which re-
quire additional training data, making them concep-
tually closer to PEFT methods. Our work focuses
on the training-free extract-and-inject paradigm
and proposes a theoretical tool to revisit its fun-
damental limitations.

Analysis of Task Vectors A growing body of
work studies how task representations emerge and
when they are effective (Yin and Steinhardt, 2025;
Tikhonov et al., 2025; Zheng et al., 2024; Han
et al., 2024; Laiyk et al., 2026). At the same
time, some works highlighted clear limitations of
fixed task vectors. In particular, for compositional
tasks, multi-step generation, or settings where task-
relevant representations are temporally or seman-
tically distributed, a single fixed vector often fails
to reproduce the full effect of ICL (Li et al., 2025b;
Dong et al., 2025; Yang et al., 2025d). Our work is
closely related to this line of analysis, but instead
of simply cataloging success and failure cases, we
frame the problem as one of hidden-state decompo-
sition and approximation in ICL, which makes the
limits of fixed task vectors more explicit. Concur-
rently, Kwon et al. (2026) evaluate task vectors by
their next-token distribution discrepancy from ICL.
We instead decompose the attention computation
that produces those logits.

3 Task Vectors as Static, Lossy
Approximations of Context

In this section, we provide a unified mathematical
framework for analyzing the behavior of task vec-
tors. We first define their primary objective and
decompose the exact attention computation to es-
tablish the full context baseline (Section 3.1). We
then examine how standard task vectors attempt
to approximate this behavior and detail their struc-
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tural limitations (Section 3.2). Finally, by deriving
the minimal requirements for exact contextual re-
construction via our Minimal-Gap Approximation
(Section 3.3), we expose the inherent challenges
of the task vector paradigm (Section 3.4). These
theoretical findings form the basis of our empirical
analysis in Section 4.

3.1 Attention Decomposition in Transformers

The primary objective of task vector methods is to
enable a model processing only a user request R
to emulate the behavior of a fully contextualized
model processing both a fixed context C—such as a
set of demonstrations in few-shot prompting—and
the request R. This approach aims to retain the
guiding influence of the context while entirely by-
passing the computational overhead of attending to
the context tokens during inference.

Existing literature typically frames this goal
broadly as mimicking the macroscopic output be-
havior of a contextualized model. However, be-
cause autoregressive language generation is deter-
ministically driven by the final-layer logits, match-
ing the final output requires matching the interme-
diate latent states that produce those logits. There-
fore, any behavioral gap fundamentally stems from
a representation gap. To understand exactly what
these methods must approximate at the latent level,
we first decompose the exact self-attention compu-
tation within a single Transformer layer when the
full context is provided.

For an ¢-th token within the request suffix Rz, the
causal attention range naturally splits into two seg-
ments: the fixed context tokens C' and the preced-
ing request tokens in R. We define the unnormal-
ized attention contributions (h) and normalization
masses (z) for the context segment as:

hg) = Z exp(q;rkj)vj (1
jec

2 =Y expla]k;), )
jeC

where q;, k;, and v; are the query, key, and value
vectors projected from the layer’s input representa-
tions. For notational brevity, we omit the standard
scaling factor 1/+/dj, as well as the layer and head
indices. Similarly, for the request segment, the
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Figure 1: Task vectors as partial contextual approx-
imations. Task vectors are extracted from a reference
request R with context C' (bottom) and injected into
a zero-shot target request R (middle) to emulate full-
context latent states (top). Incomplete reproduction
creates a representation gap that drives a downstream
behavioral gap.
contributions are:

hg) = Z exp(q;rkj)vj 3)
JER
J<i

Zg) = Zexp(q;rkj). 4)
JER
Jj<i

In a Transformer, the final attention output is added
back to the input representation x(*) via a residual
connection. The exact layer output 0@, which ag-
gregates value vectors across both segments using
the full context, can thus be written as:
2 7
o0 _ (0 4 BC 1 5)

zg) + zg)

3.2 Task Vectors as Partial Approximations

When processing the zero-shot request R without
context C' during inference, the model intrinsically
computes only the zero-shot layer-input %) and its
corresponding request-side attention contributions
fl%) and Zg). Because reproducing the model’s fi-
nal contextual behavior necessitates approximating
its internal states, the operational goal of any task
vector is ultimately to properly approximate the ex-
act contextual output defined in Eq. (§) from these
restricted components.
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To achieve this, standard task vectors typically
operate via an extract-and-inject framework as
shown in Figure 1. During an offline phase, a fixed
representation is derived to encapsulate the trans-
formation induced by the demonstration context.
This representation is typically precomputed using
a specific reference request, with the goal of captur-
ing the "shift" in the model’s internal state—from
a base zero-shot model to one informed by the task
context. While the exact derivation varies, the re-
sulting vector v is intended to serve as a heuristic
proxy for the contextual information. In the sub-
sequent injection phase, this pre-extracted vector
is applied to the hidden states of new, unseen far-
get requests. However, this framework relies on a
rigid invariance assumption: a single vector derived
from a reference request is expected to serve as a
universal, static proxy for dynamic task-specific
computation.

Examining Eq. (5) reveals the inherent difficulty
of this approximation due to three causally linked
sources of deviation. The root cause is the com-
plete absence of the exact context-side terms (hg)

and zg)) during online inference. At the lowest lay-
ers of the Transformer, substituting these dynamic
terms with a static task vector immediately alters
the layer outputs. As these errors propagate up-
ward, they create a secondary deviation: the input
representation to subsequent layers, x(*), diverges
from the exact contextual input x(0), Consequently,
this altered input yields shifted queries, keys, and
values (q;, 1~<j, and v;), which in turn causes the
attention contributions computed purely over the
request tokens to deviate from their exact counter-

parts (fl%) % h%) and Zg) #* zg)).

Because prior task vector methods rely on par-
tial interventions —targeting isolated terms or ap-
plying only to specific layers and final token po-
sitions—they have inherent limitations, failing to
perfectly reconstruct the full context baseline in
Eqg. (5) even in the idealized scenario where the tar-
get request exactly matches the reference request.
Consequently, it remains unclear whether the per-
formance bottlenecks of standard task vectors are
merely artifacts of these incomplete approxima-
tions, or if they represent deeper, fundamental con-
straints of bypassing attention recomputation itself.

3.3 Minimal Requirements for Exact
Reconstruction

To resolve this ambiguity and systematically ex-
pose the hidden challenges inherent to bypassing
attention recomputation, we must establish a the-
oretical best-case approximation. Therefore, we
derive what is minimally needed to perfectly recon-
struct the output latents 0¥ without requiring any
recomputation of attention over the context tokens
C, given a specific reference request. By analyz-
ing this absolute best-case scenario, we can look
past the heuristic simplifications of standard task
vectors and identify the insurmountable limitations
inherent to the paradigm itself.

For an exact reconstruction of o) without con-
text attention, an approximation method must neu-
tralize the root source of zero-shot deviation. Be-
cause the initial word embeddings of the request to-
kens are identical to the full context baseline setup,
the input to the first layer is naturally exact. To
prevent deviations from originating and cascad-
ing upward, the method strictly requires extracting
and caching two precise token-level statistics from
the context: the unnormalized attention contribu-
tion h(CZ) and the normalization mass zg) written in
Eq. (1) and (2), respectively.

In a purely zero-shot setting where the model
processes only the request I?, the attention output
is simply o%) = h%)/ z}%). This allows us to re-
express the exact output as a rescaled mixture:

1

()

zo + 2R

hYY

Scaled context contribution

(i)

“R (i)
NONENON R, ©
C R

Scaled zero-shot request contribution

This formulation explicitly reveals that perfect re-
construction is achievable without recomputing
context attention by simply storing the context-side
statistics, h(cf) and zg), and injecting them during
the zero-shot forward pass. We refer to this theoret-
ically optimal caching strategy as the Minimal-Gap
Approximation. However, while this approach suc-
cessfully bypasses context attention and matches
the exact output, its reliance on static components
introduces profound structural bottlenecks. More
specifically, since h(cl) and zg) are formed by at-
tention weights whose queries originate from the

request tokens, injecting them into a forward pass
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driven by a different target request does not consti-
tute a clean transfer.

3.4 Inherent Challenges of the Task Vector

The exact reconstruction in Eq. (6) establishes a
clear best-case approximation, but it also delineates
the precise, insurmountable limitations of applying
task vectors to autoregressive generation.
Primarily, the static nature of the pre-computed
statistics mathematically locks the context represen-
tation. As shown in Eq. (6), the final output relies
on dynamically scaling the context contribution by
the combined mass zg) + zl(,%). If a target request re-
quires shifting attention to different semantic parts

of the context C, the true context mass zg)

vector hg) must change accordingly. Because task
vectors freeze these variables based on a reference
query, they cannot adapt to new attention maps,

leading to inevitable performance degradation.

and

Furthermore, to perfectly halt the cascading de-
viations, the variables hg) and zg) must be cached
across every layer not only for every token position
¢ in the request, but also for every subsequently
generated output token. Because real-world gener-
ation involves highly variable output lengths, this
requirement fundamentally scales the memory foot-
print with both the input sequence and the gener-
ation length, undermining the core motivation of
compressing a prompt into a single O(d) vector.

Finally, this token-wise injection assumes a strict
positional alignment. Since target requests and
their corresponding outputs vary wildly in length
and semantics, the position-locked injection across
arbitrary user queries is highly impractical.

To succeed in this task vector direction and
achieve scalable, efficient context compression,
future approaches must fundamentally overcome
these challenges by moving beyond static, position-
locked approximations. In the following section,
we present an empirical analysis designed to isolate
and quantify these exact degradation factors.

4 Empirical Analysis

We evaluate the representational and behavioral
discrepancies of task vectors across diverse tasks.
Using the Minimal-Gap Approximation, which iso-
lates the error attributable to structural bottlenecks,
we evaluate task vectors on tasks with varying atten-
tion gaps and input lengths, revealing the intrinsic
limitations of task vectors.

4.1 Experimental Setup

Our evaluation suite comprises a set of tasks from
prior work, including atomic tasks and composite
tasks (Tikhonov et al., 2025), as well as classifica-
tion (Zheng et al., 2024) and bidirectional transla-
tion (Dong et al., 2025), which have been identified
as challenging settings for task vector methods.
We additionally evaluate variable length settings
to validate the structural hypotheses developed in
Section 3.4. The full list of tasks is provided in
Appendix B.

Our analysis compares our analytic framework,
the Minimal-Gap Approximation (Min-Gap),
against the exact Full Context Baseline. We fur-
ther extend these observations to existing training-
free task vector methods, including Standard Task
Vectors (STV) (Hendel et al., 2023), Function Vec-
tors (FV) (Todd et al., 2024), and State Vectors
(SV) (Li et al., 2024a). Note that we report Min-
Gap as an analytical upper bound rather than as a
competing task vector method: it caches and injects
context statistics at every layer and token position,
and thus requires more computation than existing
task vector methods, which intervene in only a
single layer or a few heads. All extractions and
injections are performed dynamically during the
forward pass without any parameter updates, using
a cache extracted once from a single dummy query
and reused across all task queries. Training-based
task vectors (Yang et al., 2025b; Li et al., 2024b)
are based on different underlying mechanisms and
thus fall outside the scope of our framework. We
provide a separate discussion of these methods in
Appendix H.

We conduct experiments across diverse archi-
tectures and model scales, including LLaMA-3.1-
8B (Al@Meta, 2024), Qwen3-8B (Yang et al.,
2025a), and Ministral-3-8B and 14B (Liu et al.,
2026), and observe consistent trends across these
settings. Full results are provided in the Ap-
pendix E, while our main results are reported using
LLaMA-3.1-8B.

4.2 Task Vectors and Representation Gap

Section 3.2 suggests that existing task vector meth-
ods operate as lossy approximations to the latent
representations produced by exact full-context in-
ference. Here, we empirically validate this view by
examining how design and hyperparameter choices
in task vectors affect final latent representations
and, ultimately, downstream task performance.
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Figure 2: Approximation fidelity to the Full Context Baseline predicts task vector performance. (a) Performance
across various method—task pairs correlates strongly with the cosine similarity between the injected representation
and the Full Context Baseline. (b) Layer-wise similarity between the final hidden states of the vector-injected model
and the Full Context Baseline. Labels indicate the injection layer along with its final accuracy. Each curve represents
a different injection layer; the red curve corresponds to the layer that maximizes performance, which also exhibits

the highest representational similarity.

0.00

(b) English-French Bidirectional Translation

Figure 3: Visualization of Attention Gaps. (Left)
Attention distributions of an attention head over context
tokens, color-coded by query language: French and
English. (Right) Pairwise Jensen-Shannon Divergence
ordered by language. The language-based clustering
demonstrates the query-dependent attention modes that
a single task vector fails to capture.

Figure 2a examines the relationship between
downstream task accuracy and the similarity of the
approximated final-layer latents to the Baseline la-
tents. The results reveal strong positive correlations
(Pearson r = 0.936, Spearman p = 0.867), where
methods that shift the latent state closer to the exact
contextual representation achieve correspondingly
higher accuracy. This representation-centric per-
spective not only explains the relative success of
different algorithmic designs, but also demystifies
their empirical hyperparameter choices. For in-
stance, prior works heavily rely on full-network
sweeps to identify an optimal injection layer as
illustrated in Figure 2b, which shows the latent sim-
ilarities of the respective methods to the baseline
representation across layers. The results show that

Method Reference EN Input FR Input Overall
Baseline N/A 96.3+07  99.7+07  98.0+06
Min-Gap EN 97.7+17  91.0462 94.3+27
Min-Gap FR 51.04232  100.0+00 75.5+116
(a) English-French Classification
Method Reference EN Input FR Input Overall
Baseline N/A 84.1 19  81.4+17 82.8+13
Min-Gap EN 7534236 26.2+167  50.7+35
Min-Gap FR 5.5+26 793+14 424414

(b) English-French Bidirectional Translation

Table 1: Accuracy (%) across tasks using the Min-
Gap. The Baseline row corresponds to the exact Full
Context Baseline. The language of the Reference query
in the approximation is tested with different target query
languages (EN: English, FR: French). We report the
mean and standard deviation over 10 runs with different
seeds.

the empirically engineered injection layers for in-
dividual methods consistently match the layer that
induces the highest latent similarity. Consequently,
whether through the design of extraction heuristics
or the search for an optimal injection point, exist-
ing approaches function as empirical optimizers for
minimizing the representational gap.

Figure 2a further shows that Min-Gap closely
approximates the latent representations of the Full
Context Baseline. As a best-case approximation,
Min-Gap minimizes errors from heuristic design
choices, and isolates the structural limitations of
static context injection in the following analyses.

4.3 Validation of Structural Bottlenecks

We now validate the bottlenecks from Section 3.4,
demonstrating how static attention and variable
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. Length Match Length Mismatch
Baseline
Token-wise Mean Token-wise Mean
44.0 423 17y 40.2 (3.8 N/A 37.5 6.5)

Table 2: Impact of reference—target length mismatch.
All values indicate accuracy (%), with drops computed
relative to the full-context baseline. Match/Mismatch
denotes whether the reference and target sequence
lengths are identical. Mean pools context statistics
into a single vector, while Token-wise injects position-
specific statistics. Token-wise is unavailable under mis-
matched lengths due to strict positional alignment.

token lengths widen this representation gap.

Impact of Attention Gaps Certain tasks require
query-dependent attention routing over context. In
these scenarios, static task vectors—which mathe-
matically lock the representation to a fixed attention
map—cannot reproduce dynamic, input-specific
routing. To evaluate this failure, we examine two
tasks introduced in prior works (Zheng et al., 2024;
Dong et al., 2025): English-French Classification
and Bidirectional Translation.

Figure 3 visualizes the attention patterns from a
single representative head for both tasks, computed
via the Full Context Baseline. French and English
inputs (coded in blue and red) reveal drastically
different, query-dependent distributions: queries
predominantly attend to context examples of the
same language. This confirms that the model routes
attention based on semantic properties rather than
a monolithic pattern. Because task vectors inject a
static representation derived from a single reference
query, they are entirely blind to these critical, input-
dependent shifts.

As shown in Table 1, this mismatch causes se-
vere performance degradation with the Min-Gap
compared to the Baseline. Crucially, static approx-
imations become biased toward the reference re-
quest’s behavior. For instance, in the Bidirectional
Translation task, a Min-Gap extracted using an
English reference performs well on English test
queries (75.3%) but catastrophically fails when the
test query switches to French (26.2%). Similarly,
in Classification, a French reference defaults to
the reference language, failing on English inputs
(51.0%) while perfectly classifying French ones
(100.0%). This bias is also asymmetric. An En-
glish reference in the Classification task preserves
94.3% overall accuracy. Such variance highlights a
critical flaw: static approximations are not only in-
capable of dynamic routing but are acutely sensitive
to the arbitrary selection of the reference request.

Impact of Input Length Gaps To strictly isolate
the effect of input sequence variations, we evaluate
a retrieval task: identifying the second-to-last word
in a random list. We compare cases where the tar-
get query length matches or mismatches the refer-
ence query length used during extraction (Table 2).
We apply the Min-Gap via two strategies: Token-
wise (mapping statistics to exact positional indices)
and Mean (compressing statistics into a position-
agnostic vector). When the lengths match, Token-
wise achieves the highest Min-Gap performance
(42.3%), closely tracking the full-context Baseline
(44.0%), while Mean drops further to 40.2%. Un-
der length mismatch, Token-wise is not applicable
because strict positional alignment breaks down,
and Mean further decreases to 37.5%. This con-
firms that locking representations to fixed positions
or averaging limits task vector robustness.
Impact of Output Length Gaps We evaluate
multi-token generation using a task requiring the
model to reverse a list of n words, focusing on out-
put token length rather than input request length.
As shown in Figure 4, we compare two strategies:
Token-wise, which applies the Min-Gap indepen-
dently at every output position, and Copy, which
reuses the first-position vector for all subsequent
tokens. The results reveal that static injection is
acutely sensitive to output length. Token-wise
maintains relatively high fidelity but is structurally
restricted to the specific token count of the refer-
ence output; thus, it is inapplicable when the gener-
ated sequence length deviates from the reference.
Conversely, while Copy allows for variable-length
generation, it suffers a performance collapse as the
sequence progresses. This indicates that a single
static vector cannot capture the evolving attention
requirements of autoregressive generation. The
widening gap between these approximations and
the Baseline confirms that static representations
fail to model the dynamic trajectory of multi-token
outputs.

4.4 Revisiting Task Vectors with Attention
Dynamics

Attention Dynamics Statistics To evaluate the
attention dynamics of each task, we quantify the
gap between query-specific attention patterns with
Mean Attention Distance (MAD). MAD quan-
tifies the mean pairwise Jensen-Shannon Diver-
gence between the attention distributions of dif-
ferent queries within a task; a high MAD indicates
large pairwise divergence among query-specific
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Min-Gap Analysis Task Vector Accuracy

Task MAD (x10%) Baseline (A) Min-Gap (B) A (A—B) STV FV SV

Country—Capital 6.64-+0.13 98.4+05 98.2+05 0.2+04 979 0.0 96.8
Word-to-Uppercase 9.58+0.60 100.0+0.0 100.0+0.0 0.0+0.0 100.0 97.5 99.6
Antonym Generation 9.62+077 70.5+18 70.3+15 0.2+19 65.2 54.7 63.0
En—Es Translation 10.16+0386 88.0+09 87.6+08 0.4+1.1 84.1 45.7 82.2
En-Fr Classification 14.97 +0.92 98.0+0.6 75.5+116 22.5+117 2.5 0.8 12.5
Choose Last Word + First Letter 5.98+0.34 95.5+3.1 92.5433 3.0+33 347 4.0 17.0
Choose Last Word + Uppercase 7.51+0.54 99.5+07 88.7+56 10.7+538 0.0 75.8 0.0

Antonym + En—Fr 11.70+147 45.6+14 45.8+18 —0.1+20  10.5 1.8 8.7

Bidirectional En-Fr 14.43+072 82.8+13 424414 40.4+09 285 1.7 46.0

Table 3: Task-wise comparison of attention statistics and accuracy. MAD (Mean Attention Distance) denotes
the mean pairwise distance between attention patterns. We report the mean and standard deviation over 10 runs
with different seeds. The upper block shows atomic tasks and the lower block shows composite tasks. Existing task

vector methods (STV, FV, SV) are shown with a gray background.

Ref = 2 Ref = 3 Ref = 4

1.0

Accuracy
o
w

0.0
2 3 4 2 3 4 2 3 4

I Baseline Copy I Token-wise

Figure 4: Accuracy under output length mismatch.
Ref and the x-axis denote the reference and predicted
output token counts, respectively. Baseline uses the full
context C', while two Min-Gap variants, Token-wise
and Copy, approximate C' without context attention:
Token-wise transfers context statistics at every output
position, whereas Copy reuses the first-position vector.
Both variants show a performance gap relative to the
baseline, which is substantially larger for Copy.

attention distributions. We note that the gap con-
tributes to performance degradation but is not the
sole governing factor; accordingly, MAD is not
intended as a predictor of task vector performance.
Task Dependency of Attention Gaps Table 3
presents attention statistics and accuracy (%) across
tasks. Our results suggest that task vectors tend to
be more effective in regimes where this gap re-
mains small. Atomic tasks that have shown high
performance in prior task vector studies (Hendel
et al., 2023; Todd et al., 2024) (upper block in Ta-
ble 3) exhibit consistently low MAD. This suggests
that the perceived efficacy of task vectors in previ-
ous literature is largely a byproduct of evaluating
tasks with "lazy" attention dynamics that do not
significantly deviate across different queries. In
contrast, as the attention gap widens, in English-
French Classification and Bidirectional Translation,
transferability collapses. This result is consistent
across model architectures and sizes (Appendix E).
Revisiting Task Composition Prior literature
has suggested that task vectors are fundamentally

Choose Last Word Antonym+En-Fr Bidirectional En-Fr
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--- Baseline —e— Minimal-Gap STV

Figure 5: Denoising and Erasure Effects of Averaging.
Accuracy is shown as a function of the number of aver-
aged task vectors. For tasks with stable attention (left,
middle), averaging acts as a denoising mechanism that
improves performance. Conversely, for tasks with large
attention gaps (right), averaging washes out the distinct
representations required for different inputs, leading to
systematic performance degradation.

limited when applied to composite tasks (Tikhonov
et al., 2025; Li et al., 2025b), based on experiments
with methods that inject at only one or a few layers.
Revisiting these tasks with Min-Gap, we find that
compositionality is not, by itself, a fundamental
barrier. These findings suggest that task vectors fail
on composite tasks not because they are complex,
but because certain compositions happen to induce
large attention gaps we have identified. This result
is consistent across model architectures and sizes
(Appendix E).

Revisiting Prior Task Vectors The observations
derived from our Min-Gap analysis further extend
to existing training-free task vector methods. In
Table 3, the gray columns report the results of
prior methods, including STV (Hendel et al., 2023),
FV (Todd et al., 2024), and SV (Li et al., 2024a).
Despite occasional unexpected drops caused by
heuristic extraction and injection errors, the overall
association remains consistent: tasks where Min-
Gap degrades under large attention gaps also fail
with existing methods, indicating that this limita-
tion is intrinsic to task vectors.
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The Denoising vs. Erasure Effect of Averaging
In prior work, averaging is typically employed to
produce a more "robust" representation (Hendel
et al., 2023). Our framework suggests that this
works as denoising when attention patterns are
stable, suppressing idiosyncratic variations while
preserving the core task-relevant component. How-
ever, when attention patterns diverge across queries,
averaging becomes counterproductive: it washes
out query-specific representations and produces
a task vector that faithfully represents none of
them. As shown in Figure 5, low attention-gap
tasks (left, middle) benefit from pooling, whereas
high attention-gap tasks (right) suffer performance
drop below that of a single task vector.
Implications for Future Directions Our results
show that tasks fail when they induce a large atten-
tion or length gap, and that the binding constraint
is caching a static, position-locked representation
after the attention contraction. By making this
decomposition explicit, our analysis marks which
directions are likely and unlikely to be productive.
Future work should either address the dynamic
component directly or focus on the low-gap regime
where static approximation is structurally sound.

5 Conclusion

We introduce the Minimal-Gap Approximation to
isolate the fundamental limitations of task vectors
from heuristic artifacts. We isolate the intrinsic con-
straints of task vectors, revealing that task vector
performance is constrained by structural attention
and length gaps. Extensive experiments across ex-
isting extract-and-inject training-free task vector
methods, model architectures, and model scales
demonstrate that these limitations are consistent
and inherent to static context approximations.

6 Limitations

Although Minimal-Gap Approximation provides
an approximation to full-context computation, our
analysis and experiments are still conducted in con-
trolled settings centered on task vector benchmarks
and synthetic in-context tasks. In addition, while
Minimal-Gap Approximation clarifies the best-case
behavior of static task vector approximations, it
does not by itself solve the practical challenges
posed by highly query-dependent attention patterns.
Finally, attention and length gaps are not the only
factors governing performance. Developing reli-
able predictive signals for task vector success re-
mains an important direction for future work.

7 Societal Impact

Our analysis shows that static task vector methods
are not a uniformly safe replacement for explicit
context: on tasks with large attention gaps, per-
formance can collapse and the failures are input-
dependent. Moreover, a task vector extracted from
a French reference fails more often than one ex-
tracted from an English reference (Table 1), mean-
ing the method works less well when the reference
context is not in English.
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A Jensen—Shannon Divergence Across
Tasks

We visualize the pairwise Jensen—Shannon (JS) di-
vergence across all layers and heads for different
tasks. These patterns reveal how attention distribu-
tions vary across inputs. Some tasks exhibit more
structured and clustered attention patterns, while
others show more diffuse and heterogeneous distri-
butions, reflecting differences in how attention is
allocated rather than differences in task quality.

B Task Descriptions

We evaluate our method on a set of synthetic tasks
designed to probe different aspects of in-context
learning and compositional generalization. We
group the tasks into atomic tasks, which involve a
single transformation, and composite tasks, which
require sequentially applying multiple operations.
Each task contains 100 to 300 samples.

Atomic Tasks. These tasks involve a single trans-
formation applied to the input.

* Country— Capital: Return the capital of the
given country. e.g., Hungary — Budapest

* Word-to-Uppercase: Capitalize the first let-
ter. e.g., playful — Playful

¢ Extract First Letter: Return the first charac-
ter. e.g., playful — p

* Antonym Generation: Return a negated
antonym-like form of the input. e.g., psychic
— non-psychic

* En—Es Translation: Translate English to
Spanish. e.g., ten — diez

¢ Choose Last Word: Return the last item
from a list. e.g., toward, win, obtain —
obtain

* En-Fr Classification: Identify whether the
word is English or French. e.g., customs —
English, décés — French

Composite Tasks. These tasks require combina-
tion of two operations.

* Choose Last Word + First Letter: Select
the last item and return its first letter. e.g.,
toward, win, obtain — o

* Choose Last Word + Uppercase: Select the
last item and capitalize it. e.g., toward, win,
obtain — Obtain

* Antonym + En—Es: Translate the negated
antonym to Spanish. e.g., psychic — no
psiquico

* Bidirectional En-Fr: Translate between En-
glish and French in both directions. e.g.,
deaths — déces, décés — deaths

Length Generalization Tasks. To further eval-
uate robustness under varying input and output
lengths, we tested following tasks.

¢ Second-to-Last Word: Return the second-to-
last item from a list. e.g., toward, apple,
win, obtain — win

* Reverse List: Reverse the order of items in
the list. e.g., toward, apple, win, obtain
— obtain, win, apple, toward

C Task Vector Methods

Under our unifying view, prior baselines mainly
differ along four axes: (1) what representation is
extracted from the ICL run, (2) where that repre-
sentation is injected, (3) how it is aggregated or
adjusted across examples, layers, or heads, and
(4) whether the interaction between cached task
information and the current query representation is
fixed, tuned, or explicitly optimized.

¢ STV (Hendel et al., 2023). This is the base-
line for the “single cached task vector” view.
STV intervenes at a single layer ¢*, replacing
the query-only hidden state with a state extracted
from a contextualized reference request R:

o) «— o")(C,R). (7

The gap. It overwrites every term at once, dis-
carding the target query’s own computation and
carrying the reference query’s residue instead.

¢ FV (Todd et al., 2024). FV differs from STV
by assuming that task information is not concen-
trated in one hidden state, but distributed across
a small set of causally important attention heads.
The extracted vector is therefore not a raw hid-
den state but an aggregate of mean head outputs.
FV also intervenes at a single layer ¢*, adding
a task vector to the request-only state without
rescaling it. The added vector is constructed by
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averaging and summing the outputs of causally
selected heads:

o(“:x(g)—i-va—kogq), 0%): (}Z*).
“R
(8)

The gap. The rescaling of the request term is
missing. The added vector is also not an isolated
context term: the selected heads attend to both
the context and the reference request.

e State Vector (Li et al., 2024a). State Vector
keeps the early-layer compressed-task view, but
argues that the extracted vector can itself be im-
proved before reinjection. Its main novelty is
a set of refinement strategies: inner optimiza-
tion, momentum optimization, and divide-and-
conquer aggregation. SV replaces the attention
activation of the final separator token across all
of the first L layers:

o =x 4 v, , Vi<L,
) p (1)
SV.0) _ hq (R) + h’? ©)
SRy + 2

The gap. The injected activation fuses the context
term with the reference’s request term, so the
target query’s own request-side contribution is
discarded at every layer up to L.

D Discussion on Mean Attention Distance
(MAD)

While we use MAD to quantify the attention gap
of a given task, it is not intended as a predictive
metric. Its absolute value depends on the model,
on the input and output spaces of the task, and on
the context length, while task vector performance
additionally depends on properties of the task itself,
such as the sensitivity of its output. Once these
factors are controlled for, however, MAD provides
a measure of the attention gap.

E Cross-Model Generalization

We extend our empirical evaluation across multiple
model architectures and scales, including LLaMA,
Qwen, and Ministral-Instruct models. The results,
summarized in Table 6, confirm that our central ob-
servations hold across model families and parame-
ter sizes: tasks that degrade substantially under the
Minimal-Gap Approximation, such as Classifica-
tion and Bidirectional En-Fr, consistently exhibit

high MAD values. En-Fr Classification on Qwen
is an exception, showing only a small drop despite
a high MAD value. This suggests that a large at-
tention gap does not always translate into failure,
as some tasks are less sensitive to perturbations in
their output space. This also illustrates the limita-
tion of MAD as a standalone metric, as discussed
in Section D.

F Attention Gaps in Non-Linguistic
Bidirectional Tasks

The bidirectional translation results in Table 1 in-
volve a single English-French axis, leaving open
whether the observed reference-locked collapse is
specific to language. We therefore examine two
country—capital tasks whose bidirectional axis is
non-linguistic: classifying a word as a country or a
capital (Table 4), and mapping a country to its cap-
ital and a capital to its country (Table 5). Both are
expressed entirely in English, and we use Llama-
3.1-8B throughout. In both tasks, Min-Gap follows
its reference context: accuracy is high on the match-
ing input type and degrades on the other, while ICL
performs comparably in both directions. This re-
sult shows that the collapse in classification and
bidirectional tasks is not tied to language-specific
structure.

Method Reference Country Capital Overall
Baseline - 81.0 75.0 78.0
Min-Gap  Country 100.0 0.0 50.0
Min-Gap  Capital 0.0 100.0 50.0

Table 4: Country-Capital Classification. Given a
word, classify whether it is a country or a capital.
Columns indicate the input type at evaluation time.

Method Reference  Country Capital Overall
Baseline — 97.0 98.0 97.5
Min-Gap  Country 96.0 52.0 74.0
Min-Gap  Capital 84.0 96.0 90.0

Table 5: Country—Capital Bidirectional. Given a coun-
try, return its capital; given a capital, return its country.

G Relationship to KV caching

Min-Gap shares an operational goal with KV
caching: both cache quantities computed during
a full-context forward pass and reuse them for sub-
sequent requests. The two differ in where the cache
is taken relative to the query-dependent contraction.

34208



KV caching stores the pre-contraction keys and val-
ues {(k;, v;)}jec. so every new query re-evaluates
its attention over the context and the resulting at-
tention map remains free to vary with the input.
Min-Gap instead caches h(é) and zg), the outcome
of that contraction under a single reference query,
and existing task vectors further pool these post-
contraction aggregates into one O(d) vector. In this
sense, a task vector can be read as an extreme form
of KV compression, collapsing the context into a
static, position-locked cache. Framed this way, the
structural limitations exposed by Min-Gap also de-
lineate which directions KV compression should
avoid: any scheme that fixes the attention map over
the context will lose performance on tasks with a
large attention gap, regardless of how faithfully the
cached values themselves are preserved.

H Discussion on Training-Based Task
Vectors

Recent work has explored training-based task vec-
tors, such as LTV (Yang et al., 2025b) and I2CL (Li
et al., 2024b), which are learned through additional
supervision. While these approaches show high per-
formance, they are conceptually distinct from the
extract-and-inject paradigm studied in this work.

In particular, training-based task vectors func-
tion as task-specific parameters optimized with ad-
ditional data (e.g., 100 samples for (Yang et al.,
2025b)), making them more closely related to
parameter-efficient fine-tuning methods such as
LoRA (Hu et al., 2021). Although they share a
similar interface—injecting low-dimensional repre-
sentations into the model—their underlying mech-
anisms differ fundamentally.

A primary distinction lies in how the training
process alters the token-level latent space. In our
preliminary experiments, we observe that the final-
token representations of LTV (Yang et al., 2025b)
deviate substantially from those of the Full-Context
baseline, exhibiting a relatively low cosine similar-
ity of 0.46—comparable to that of a LoRA-tuned
model (0.35). In contrast, context-extracted task
vectors preserve significantly higher similarities,
ranging from 0.82 for TV (Hendel et al., 2023) to
0.65 for FV (Todd et al., 2024).

This suggests that training-based methods effec-
tively construct a new task-adapted model, rather
than approximating the original in-context com-
putation. As a result, applying our Minimal-Gap
framework—which is designed to characterize the

limits of exact self-attention under static compres-
sion—to such trained representations falls outside
the intended scope of our analysis.

Overall, our work focuses on the intrinsic
limitations of the training-free extract-and-inject
paradigm.

I Use of AI Assistants

Al assistants were used during manuscript prepara-
tion for writing support, such as grammar correc-
tion and improving clarity and flow.
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Attention Statistics Accuracy (%)

Model Task MAD (x10%) Baseline (A) Min-Gap (B) A (A-B)
Country—Capital 6.46 98.9 97.9 1.0
Word-to-Uppercase 8.35 100.0 100.0 0.0
Antonym Generation 9.49 70.7 68.8 1.9
En—Es Translation 10.81 88.4 87.0 1.4
En-Fr Classification 13.18 98.3 76.7 21.6

LLaMA-3.1-8B  En-Es Classification 13.67 96.7 58.3 38.4
Antonym + En—Es 12.01 55.4 48.6 6.8
Antonym + En—Fr 11.52 459 47.7 -1.8
Choose Last + First Letter 5.01 95.3 90.3 5.0
Choose Last + Uppercase 7.65 99.3 92.1 7.2
Bidirectional En-Fr 13.60 82.8 42.5 40.3
Country— Capital 9.90 97.9 97.9 0.0
Word-to-Uppercase 16.46 100.0 100.0 0.0
Antonym Generation 13.74 70.7 69.6 1.1
En—Es Translation 15.65 86.2 87.0 -0.8
En-Fr Classification 22.25 95.0 72.5 22.5

Ministral-3-8B  En-Es Classification 21.89 95.0 50.0 45.0
Antonym + En—Es 14.34 53.6 56.2 -2.6
Antonym + En—Fr 14.78 50.9 50.9 0.0
Choose Last + First Letter 10.42 96.8 71.3 19.5
Choose Last + Uppercase 12.64 98.6 83.0 15.6
Bidirectional En-Fr 20.01 83.3 44.8 38.5
Country—Capital 12.77 97.9 97.9 0.0
Word-to-Uppercase 19.93 100.0 100.0 0.0
Antonym Generation 16.04 71.4 72.8 -1.4
En—Es Translation 16.08 88.8 89.1 -0.3
En-Fr Classification 24.53 933 52.5 40.8

Ministral-3-14B  En-Es Classification 25.96 91.7 50.0 41.7
Antonym + En—Es 16.49 522 53.6 -1.4
Antonym + En—Fr 17.52 53.1 52.3 0.8
Choose Last + First Letter 9.22 98.6 92.1 6.5
Choose Last + Uppercase 1542 99.6 98.6 1.0
Bidirectional En-Fr 21.90 83.8 45.8 38.0
Country— Capital 15.83 96.8 97.9 -1.1
Word-to-Uppercase 21.50 100.0 99.6 0.4
Antonym Generation 17.69 67.4 63.4 4.0
En—Es Translation 20.99 82.6 83.7 -1.1
En-Fr Classification 32.42 96.7 93.3 34

Qwen3-8B En-Es Classification 28.28 90.0 52.5 37.5
Antonym + En—Es 20.73 48.9 49.6 -0.7
Antonym + En—Fr 21.17 46.6 48.4 -1.8
Choose Last + First Letter 11.78 95.7 94.2 1.5
Choose Last + Uppercase 19.31 97.8 92.1 5.7
Bidirectional En-Fr 24.50 78.8 40.8 38.0

Table 6: Cross-model evaluation of attention statistics and performance.
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(a) En-Fr Classification
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(b) Bidirectional En-Fr

Figure 6: Pairwise Jensen—Shannon Divergence heatmaps across all layers and heads (1). Attention patterns

form clusters across inputs.
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(b) En—Es Translation

Figure 7: Pairwise Jensen—Shannon Divergence heatmaps across all layers and heads (2). Attention patterns

are less clustered and more diffuse.

34212



