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Abstract
In-context learning (ICL) adapts LLM behavior
by placing task-relevant context in the prompt.
While powerful, this mechanism can be ineffi-
cient: the context must be reprocessed for every
query, and when it is substantially longer than
the query itself, it dominates inference cost in
both latency and token overhead. This paper
contends that the behavioral shift induced by
an in-context signal can be compiled directly
into the model weights, enabling subsequent
inference without including the original con-
text in the prompt. To this end, we propose
In-Context Compilation (ICC), a gradient free
method that encodes a context-induced behav-
ioral shift as a sparse closed-form edit to at-
tention output-projection weights. ICC is cal-
ibrated solely from the activation differences
between no-context and with-context forward
passes on a small set of behaviorally infor-
mative examples, requiring neither backprop-
agation nor trainable parameters. We evalu-
ate ICC in the few-shot setting, where labeled
contexts provide controlled behavioral targets.
Across diverse LLM architectures and classi-
fication and reasoning benchmarks, the ICC-
adapted LLM closely approximates the per-
formance of the same LLM prompted with
the full context, while omitting that context
at inference time. In some cases, it even sur-
passes the with-context model. Moreover, on
most benchmarks, ICC is competitive with
and often outperforms gradient-based PEFT
methods (LoRA, DoRA, IA3, Prompt/Prefix
Tuning, LoReFT) and training-free activation-
injection baselines (Function Vectors, ICV),
while completing compilation in 10–18s
with only ∼64–120MB of overhead. Our
code is available at https://github.com/
michaelmerzin/in-context-compilation.

1 Introduction

Adapting a language model to a new task currently
forces a choice between two costly extremes: In-
context learning (ICL) (Brown et al., 2020) re-

quires no training but reprocesses the entire con-
ditioning context (demonstrations, instructions, or
retrieved documents, etc.) on every query. For a
model serving millions of requests, this is a recur-
ring tax: long context can dominate both latency
and memory bandwidth, despite carrying no new
information after the first query. The natural al-
ternative, parameter-efficient fine-tuning (PEFT),
embeds task knowledge directly into weights and
pays zero per-query overhead. However, PEFT is
gradient-driven: methods such as LoRA (Hu et al.,
2021), IA3 (Liu et al., 2022), and prefix tuning (Li
and Liang, 2021) all require iterative backpropa-
gation, optimizer state, and enough labeled data
to avoid the instability that can arise in low-data
regimes (Chen et al., 2022). Neither option is fully
satisfactory when labeled data is scarce and infer-
ence cost matters.
A third path: compiling in-context model be-
havior into weights. We observe that when an in-
context signal improves model outputs, it does so
by inducing a consistent and measurable shift in the
model’s internal activations. Prior work has shown
that this behavioral shift concentrates in a small
subspace of late-layer attention heads (Hendel et al.,
2023; Todd et al., 2024; Yin and Steinhardt, 2025).
If this shift is localized and consistent, it should be
possible to encode it analytically into the weights
themselves, allowing the model to behave as if the
context were present without including it in the
prompt at inference time.
Unlike activation-vector methods, which inject
the same static task direction at inference, task
arithmetic, which reuses parameter deltas obtained
through fine-tuning, and factual model editors,
which rewrite specific associations, ICC starts from
the same model with and without the context, mea-
sures the behavioral shift induced by the prompt,
and solves directly for a sparse, persistent modifi-
cation of the model weights that acts as a dynamic
intervention, without gradient training or runtime
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injection.
We formalize this intuition as In-Context Com-
pilation (ICC), a gradient-free method that per-
forms a one-time offline compilation step. Given
a small calibration pool of examples for which the
in-context signal demonstrably improves or sig-
nificantly alters the predictions, ICC: (i) records
last-token activations under zero-shot and few-shot
conditions; (ii) identifies, via a sensitivity score, a
sparse set of attention output-projection weights
where the behavioral delta concentrates; and (iii)
solves a closed-form regularized least-squares prob-
lem to obtain a weight update that approximates
few-shot activation targets from zero-shot inputs.
In its supervised form, ICC requires labels only for
the calibration pool, while its unsupervised variant
requires no labeled data at all. After compilation,
the edited model runs at standard zero-shot cost:
the context is removed entirely, with no cached
state and no per-query overhead.
Selective compilation can improve accuracy.
ICC reduces noise in two ways. First, supervised
calibration uses only examples in G where context
corrects the no-context prediction. Second, ICC
edits only the most context-sensitive weight rows,
leaving weakly affected weights unchanged. To-
gether, these forms of selectivity can isolate the use-
ful part of the in-context behavioral shift. Across 27
task-model pairs, ICC exceeds the few-shot teacher
on 21, including a +17.08pp gain on Phi-3-mini
with DBPedia-14.

Contributions. We make the following contri-
butions and claims:

1. In-context Behavior Compilation. ICC facil-
itates a gradient-free closed-form weight edit
targeting sparse layer attention rows that per-
sistently embeds a context-induced behavioral
shift into model weights, enabling inference
without the context being present thereafter.
We formulate ICC in general terms and in-
stantiate it on the few-shot ICL setting.

2. Label-Free and Sweep-Free Calibration.
An unsupervised KL-divergence ranking that
replaces the need for labeled corrections, and
a cross-fit auto-sparsity selector that deter-
mines the optimal edit scope directly from
activation deltas - eliminating oracle evalua-
tion sweeps entirely.

3. Teacher Approximation and Noise Isola-
tion. Across Mistral-7B-Instruct-v0.2, Phi-3-

mini, and Gemma-2-2B on classification and
reasoning benchmarks, ICC reliably matches
few-shot teacher accuracy at zero-shot cost
- and occasionally surpasses it by filtering
context-token noise from inference.

2 Related Work

2.1 Gradient-based parameter-efficient
adaptation

One approach to compiling task behavior into
weights is parameter-efficient fine-tuning. LoRA
(Hu et al., 2021) and its quantized variant QLoRA
(Dettmers et al., 2023) inject low-rank updates into
attention projections. IA3 (Liu et al., 2022) learns
multiplicative scaling vectors. Adapters (Houlsby
et al., 2019; He et al., 2021) insert bottleneck MLPs
between layers. Prompt and prefix tuning (Lester
et al., 2021; Li and Liang, 2021) train continuous
embeddings prepended to the input. All of these
are gradient-driven: they require iterative backprop-
agation, optimizer state, and in practice, enough
labeled data to escape the noisy-loss regime. Chen
et al. (2022) document this instability empirically,
showing that PEFT methods produce unreliable val-
idation signals in low-data regimes and frequently
underperform full finetuning when training data is
scarce. ICC targets precisely this regime: rather
than improving gradient stability with better ini-
tialization or regularization, it eliminates gradients
entirely, replacing the optimization loop with a sin-
gle closed-form ridge solve over activation deltas.

2.2 Activation steering and function vectors

Function vectors (Todd et al., 2024), in-context
vectors (Liu et al., 2023), and task vectors (Hen-
del et al., 2023) extract task-level directions from
few-shot activations and inject them during zero-
shot decoding. Activation steering (Turner et al.,
2023; Rimsky et al., 2024) and representation en-
gineering (Zou et al., 2023) extend this to be-
havioral attributes such as sycophancy or refusal.
These methods share two properties: they leave
model weights unchanged, and they apply the
same additive shift to every input regardless of
whether that input resembles the calibration distri-
bution. Our function-vector baseline (Section 4.3)
makes this concrete: it injects the fixed mean delta
∆̄ℓ =

1
|G|

∑
i∈G(z

w
ℓ,i − znℓ,i), which recovers only

part of the few-shot gain. ICC instead encodes the
behavioral delta into the attention output-projection
matrices themselves, yielding a persistent dynamic
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intervention: the resulting shift is a linear func-
tion of the hidden state of each new input, rather
than the same fixed direction being applied to every
example.

Task arithmetic. Task arithmetic (Ilharco et al.,
2022) defines a task vector as the parameter differ-
ence between a fine-tuned model and its pretrained
initialization. The task is therefore first learned
through gradient-based fine-tuning, after which the
resulting parameter delta can be reused or com-
bined. ICC instead requires no fine-tuned model
or training-derived parameter delta: it measures
the behavioral shift induced by context and directly
solves for a sparse persistent edit of the model
weights.

2.3 Closed-form weight editing

ROME (Meng et al., 2022a) and MEMIT (Meng
et al., 2022b) edit factual associations into MLP
layers via rank-one or batched least-squares up-
dates; PMET (Li et al., 2024) similarly targets
FFN weights. ICC shares the high-level idea of
an analytic weight edit but differs fundamentally
in purpose and mechanism. ROME rewrites iso-
lated facts, requires a causal-tracing sweep plus
an inner optimization for the target activation, and
enforces an equality constraint on a single MLP
layer. ICC compiles a behavioral distribution -
the task-conditional output shift induced by an in-
context signal - reads its targets directly from for-
ward passes with no causal interventions, and ap-
plies a Tikhonov-regularized sparse update across
attention output-projection rows. To the best of our
knowledge, ICC is the first to introduce a closed-
form gradient-free weight edit targeting attention
projections to compile context-induced behavior.

2.4 Prompt compression and KV caching

Gist tokens (Mu et al., 2023), AutoCompres-
sors (Chevalier et al., 2023), and LLMLin-
gua (Jiang et al., 2023b; Pan et al., 2024) reduce the
context’s footprint; prompt caching and KV-cache
reuse (Gim et al., 2024; Liu et al., 2024b) skip
recomputation by storing intermediate attention
states. These methods meaningfully reduce over-
head but keep the context alive in some form - as
soft tokens, a compressed representation, or cached
key-value pairs-meaning per-query cost scales with
context length and cached state must be maintained
across requests. ICC enables context removal en-
tirely, after compilation, with no cached state and

no per-query overhead beyond a standard context-
free forward pass.

2.5 ICL as implicit optimization
A theoretical thread argues that attention imple-
ments implicit gradient descent during in-context
learning (Von Oswald et al., 2023; Akyürek et al.,
2022; Dai et al., 2023; Garg et al., 2022), providing
a mechanistic account of why a context induces a
coherent behavioral shift. ICC is agnostic to this
explanation: it does not analyze why ICL works
but extracts and encodes what it produces - the ac-
tivation delta between no-context and with-context
forward passes-directly into the weights.

3 Method

Let D = (xi, yi)
N
i=1 be a task dataset, where xi is

a query and yi is the ground-truth label. For each
input xi, we obtain two predictions from the same
base model: ŷni , the no-context prediction (pre-
dicted class) obtained when the context is omitted
from the prompt, and ŷwi , the with-context predic-
tion obtained when the context is combined with
the query as the model input. In general, the con-
text may contain any source of task-relevant in-
formation, including instructions, demonstrations
(few-shot examples), retrieved knowledge, or any
other signal intended to guide the model toward the
desired behavior.
ICC can operate in either supervised mode, where
the labels yi are used, or unsupervised mode, where
labels are not required.
In supervised mode, ICC first constructs a cor-
rection set G, consisting of examples from D for
which the model is correct with context but incor-
rect without context:

G = {i | ŷwi = yi ∧ ŷni ̸= yi} . (1)

Thus, G contains examples on which the in-context
signal changes the model prediction from incorrect
to correct. These examples provide a measurable
behavioral signal from which ICC calibrates its
weight edit.
We partition the dataset D into three disjoint sub-
sets: a demonstration pool, a calibration pool, and
an evaluation set. The demonstration pool provides
the in-context examples used to construct the con-
ditioning context, such as few-shot demonstrations.
The calibration pool is used to extract the correc-
tion set G, and the evaluation set is held out for
final accuracy measurement.
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Unsupervised Construction of G When labels
are unavailable, G cannot be constructed using
Eq. 1. Instead, we compute for each example
i the predicted class1 distribution obtained with-
context Pw

i and without context Pn
i . Then, we com-

pute the KL-divergence between these distributions,
DKL (P

w
i |Pn

i ). We then run one-dimensional K-
means with K = 2 on the DKL scores and set G
to include calibration examples whose DKL value
exceeds the mean of the two cluster centroids.
This simple construction is robust in practice and
forms an effective correction set G when labels
are unavailable, without requiring hyperparameter
tuning. Our experiments in Sec. 4.5 show that this
label-free alternative for constructing G achieves
results competitive with the supervised construc-
tion of G.
This label-free criterion assumes that the with-
context prompt has already been validated to im-
prove performance on the target task. KL diver-
gence serves as a distribution-shift signal for identi-
fying examples on which the with-context prompt
most strongly changes the model, but does not by
itself determine whether the induced behavior is
correct or desirable.

3.1 Weight Selection via Sensitivity Scores

ICC edits a sparse subset of model weights corre-
sponding to rows of the attention output-projection
matrices (oproj) across the model layers. To se-
lect these rows, we compute a per-row sensitivity
score that measures how strongly the scalar out-
put produced by applying each row (acting as a
weight filter), to the last2 token hidden represen-
tation changes in response to the presence of the
in-context signal relative to its absence.
Denote by oℓproj ∈ Rd×d the attention output-
projection matrix in layer ℓ, where d is the hid-
den representation dimension. For each layer-row
pair (ℓ, j), we record the scalar output activation
obtained by applying row j of oℓproj to the hidden
representation of the last token under two condi-
tions: with context and without context. We denote
these activations by zwℓ,i[j] and znℓ,i[j], respectively.
The sensitivity score is then defined as the mean
absolute activation difference across the examples

1The classes correspond to a closed set of tokens symbol-
izing the task specific classes.

2This design choice is made for alignment purposes and is
discussed in Appendix A.5

in G:

sℓ,j =
1

|G|
∑

i∈G

∣∣zwℓ,i[j]− znℓ,i[j]
∣∣ . (2)

A high value of sℓ,j indicates that the scalar out-
put associated with row (ℓ, j) changes substantially
when the in-context signal is added, making this
row a candidate carrier of the behavioral shift that
ICC aims to compile. Restricting the edit to high-
sensitivity rows serves two purposes. First, it con-
centrates the update on components most affected
by the in-context signal while leaving weakly af-
fected weights unchanged, thereby limiting unnec-
essary interference with the base model. Second,
sparsity reduces the number of parameters involved
in the closed-form edit, which is particularly useful
when the calibration set is small. This selectiv-
ity may also provide one possible explanation for
cases in which the compiled model surpasses the
with-context teacher.
We pool all (ℓ, j) pairs across the model and select
the global top-k rows with the largest sℓ,j values.
The edit budget is set to k = p × L × d, where
L is the number of layers, and p ∈ (0, 1) is a
hyperparameter controlling the sparsity fraction.
Selection is global across layers: ICC does not
impose a fixed per-layer quota, and the empirical
sensitivity ranking determines which layers receive
more edited rows. The sparsity level p can be swept
on an evaluation set or chosen automatically using
the cross-fit selector described in Section 3.3.

3.2 Closed-Form Weight Edit
Given the set S of index pairs (ℓ, j) corresponding
to the rows selected by the procedure in Sec. 3.1,
our goal is to edit each selected row so that, when
applied to no-context inputs, it approximates the
corresponding activations induced by the in-context
signal across all examples in G.
Denote by W o

S ∈ R|S|×d the matrix obtained by
stacking all selected weight rows from the relevant
oproj matrices in the model. Let Hn ∈ R|G|×d de-
note the matrix of last-token hidden representations
for the no-context inputs in the calibration set G,
and let Hw ∈ R|G|×d denote the corresponding
matrix for the with-context inputs. These repre-
sentations are taken at the layers containing the
selected rows3.

3Since the hidden dimension d is the same across layers,
we can stack hidden representations from different layers into
a single matrix. The same applies to the selected rows from
the oproj matrices associated with different layers.
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The goal is then to find an edited weight matrix
W ∗

S that, when applied to the no-context represen-
tations Hn, reproduces the with-context activations
Hw(W o

S)
⊤ on the calibration examples while re-

maining close to the original weights W o
S . This

objective can be formulated as a regularized least-
squares problem as follows:

W ∗
S = argminW

∥∥∥HnW⊤ −Hw(W o
S)

⊤
∥∥∥
2

F︸ ︷︷ ︸
reproduce with-context output

+ µ ∥W −W o
S∥2F︸ ︷︷ ︸

stay close to original weights

(3)
The first term encourages the edited rows to re-

produce the target with-context activations from
no-context inputs. The second term is a Tikhonov
regularizer that anchors the solution to the original
weights, preventing the edit from drifting arbitrar-
ily far from W o

S when the calibration set is small.
The hyperparameter µ > 0 controls the strength of
this anchor (in all experiments, we set µ = 0.01).

3.3 No-Sweep Auto-Sparsity Variant
The swept variant picks the sparsity p by trying
many values on the evaluation set - an oracle that
requires labeled held-out data. We remove this
oracle with a cross-fit selector that chooses p∗ from
the activations on G alone.

Idea. A row is worth editing only if its solved cor-
rection does two things: it generalizes to examples
in G it was not fit on, and it carries a meaning-
ful shift between the no-context and with-context
passes. We measure both directly and score every
row by their product.

Setup. For each example i ∈ G and each row
(ℓ, j), the activation shift is

δ
(i)
ℓ,j = zwℓ,i[j]− znℓ,i[j], (4)

the change in the row’s scalar output at the last
token between the with-context and no-context for-
ward passes. We write δℓ,j for the collection of
shifts across G.

Cross-fit procedure. Split G into two folds, A
and B. On fold A, solve the ridge problem (Eq. 3)
to obtain, for each row, a predicted shift δ̂(i)ℓ,j . Then
test how well this prediction matches the true shifts
δ
(i)
ℓ,j on fold B via the held-out coefficient of deter-

mination:

R2
ℓ,j = 1−

∑
i∈B

(
δ
(i)
ℓ,j − δ̂

(i)
ℓ,j

)2
∑

i∈B
(
δ
(i)
ℓ,j − δ̄ℓ,j

)2 , (5)

δ̄ℓ,j =
1

|B|
∑

i∈B
δ
(i)
ℓ,j . (6)

R2
ℓ,j asks whether the prediction tracks the held-

out shifts better than just guessing their mean δ̄ℓ,j :
R2

ℓ,j > 0 means the correction generalizes across
folds, while R2

ℓ,j ≤ 0 means the row carries only
example-specific noise.

Row score. We score each row by

scoreℓ,j = max
(
0, R2

ℓ,j

)
︸ ︷︷ ︸

transfers?

· Var
(
δℓ,j

)
︸ ︷︷ ︸

moves enough?

, (7)

where Var(δℓ,j) = 1
|B|

∑
i∈B(δ

(i)
ℓ,j − δ̄ℓ,j)

2 is the
sample variance of the held-out shifts. The first
factor keeps only rows whose corrections transfer;
the second weights them by how much the row
actually moves under the in-context signal.

Selecting p∗. Rank all rows by score and keep the
shortest prefix whose scores sum to 90% of the to-
tal. The size of this prefix defines p∗ automatically,
with no evaluation-set access.

3.4 Computational Complexity
The offline compilation of ICC integrates naturally
into standard prompt validation workflows. When
deploying an in-context prompt, practitioners rou-
tinely execute both zero-shot and with-context in-
ference over a small calibration pool to verify task
performance. ICC reuses these exact forward
passes; rather than discarding the activations after
evaluation, it caches the last-token hidden represen-
tations to compute row-wise sensitivity scores and
identify the target edit scope. Consequently, the
marginal cost over the standard prompt-selection
workflow is limited strictly to the closed-form ridge
solve. Unlike other methods, this process com-
pletely sidesteps backpropagation, gradient track-
ing, and iterative optimization loops. Runtime
and memory usage comparisons are reported in
Sec. 4.3.

4 Experiments

All experiments and runtime and memory measure-
ments were conducted on a NVIDIA DGX machine
equipped with 4XA100-80GB GPUs.

4.1 Experimental Setup
In our experiments, the with-context condition (w)
is instantiated as few-shot prompting with k la-
beled demonstrations, and the no-context condition
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Model Task No-context With-context Best ICC ∆W Best p

Mistral-7B

DBPedia-14 78.44 84.10 89.07 +4.97 0.25
SST-2 79.01 86.47 88.65 +2.18 0.10
MRPC 75.98 77.94 80.88 +2.94 0.10
BoolQ 84.86 84.29 84.40 +0.11 0.05

ARC-Challenge 76.20 75.60 76.40 +0.80 0.10
GSM8K 36.00 34.00 42.00 +8.00 0.30

MATH-500 4.67 6.44 6.89 +0.45 0.25
MMLU 60.60 59.60 61.20 +1.60 0.20

AG News 79.01 90.68 84.94 −5.74 0.10

Phi-3-mini

DBPedia-14 77.75 79.82 96.90 +17.08 0.30
MRPC 60.29 74.75 76.72 +1.97 0.05
BoolQ 80.50 85.44 86.12 +0.68 0.15

ARC-Challenge 87.20 88.00 89.20 +1.20 0.30
GSM8K 37.33 48.00 50.67 +2.67 0.15

MATH-500 28.00 22.00 27.11 +5.11 0.35
SST-2 69.27 94.04 92.32 −1.72 0.15

AG News 69.61 71.90 75.46 +3.56 0.15
MMLU 67.40 65.60 69.20 +3.60 0.25

Gemma-2-2B

DBPedia-14 25.57 91.86 95.07 +3.21 0.20
MRPC 43.87 69.85 76.47 +6.62 0.20

AG News 4.36 80.50 80.73 +0.23 0.05
ARC-Challenge 71.20 75.00 72.20 −2.80 0.20

BoolQ 69.27 83.72 80.85 −2.87 0.35
MMLU 56.00 56.00 57.60 +1.60 0.20
SST-2 71.33 95.76 91.06 −4.70 0.10

GSM8K 61.33 62.67 62.00 −0.67 0.05
MATH-500 11.33 9.78 14.67 +4.89 0.10

Table 1: Per-task accuracy of ICC against no-context and with-context baselines across three architectures. ∆W is
the gap to the with-context teacher; p is the swept sparsity. Bold marks the best score per row.

(n) as zero-shot prompting. We evaluate on three
instruction-tuned decoder-only models: Mistral-
7B-Instruct-v0.2 (Jiang et al., 2023a) (32 layers,
d=4096), Phi-3-mini-4k-instruct (Abdin et al.,
2024) (32 layers, d=3072), and Gemma-2-2B-
it (Team et al., 2024) (26 layers, d=2048).

Tasks. We cover three task families: classifica-
tion (SST-2 (Socher et al., 2013), MRPC (Dolan
and Brockett, 2005), AG News (Zhang et al.,
2015), DBPedia-14 (Zhang et al., 2015),
BoolQ (Clark et al., 2019)), multiple-choice (ARC-
Challenge (Clark et al., 2018); MMLU (Hendrycks
et al., 2020) evaluated under the Hendrycks 5-shot
subject-matched protocol, n=500), and multi-
token mathematical generation (GSM8K (Cobbe
et al., 2021) and MATH-500 (Lightman et al.,
2024)).

Baselines. We compare against (i) the no-context
baseline (zero-shot prompting); (ii) the with-
context teacher (few-shot prompting), and (iii)
gradient-based PEFT methods: LoRA (Hu et al.,
2021) (rank = 8), DoRA (Liu et al., 2024a) (rank
= 8), LoReFT (Wu et al., 2024) (rank = 4),
IA3 (Liu et al., 2022), Prompt Tuning (Lester et al.,
2021), and Prefix Tuning (Li and Liang, 2021). We

follow (Wu et al., 2024) and train them for 3 epochs
on the same correction set; (iv) the function-vector
baseline (Todd et al., 2024), which injects the mean
no-context/with-context activation delta ∆̄ℓ at in-
ference; and (v) in-context vectors (ICV) (Liu et al.,
2023) swept over λ. All methods use identical low-
data calibration budgets.

Data splits. We enforce a strict three-way par-
tition: a demonstration pool from which the in-
context examples for the with-context condition
(i.e., few-shot demonstrations) are sampled, a dis-
joint calibration pool used to construct the correc-
tion set G and fit the ridge solve, and a held-out
evaluation set that is never seen during compila-
tion. No calibration example appears in evaluation.
Per-task split sizes are reported in Tab. 31 in Ap-
pendix D.

Hyperparameters. We sweep p ∈
{0.05, 0.10, . . . , 0.35} unless the auto-sparsity
variant (Sec. 3.3) is active. The ridge solve (Eq. 3)
uses µ = 0.01.

The underlying Ddemo, Dcal, and Deval splits
are fixed across models and methods, whereas G,
constructed from the calibration pool, is model-
dependent and is therefore formed separately for
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each model and demonstration seed. Within each
comparison, ICC and all PEFT baselines use the
same model-specific G.

4.2 Does ICC Successfully Compile
Context-Induced Behavioral Shift?

Table 1 reports the with-context teacher, the no-
context baseline, and the best-swept ICC accuracy
across all three architectures and nine tasks each.
ICC exceeds the with-context teacher on 21 of
27 task-model pairs, establishing that the behav-
ioral shift induced by in-context prompting is an-
alytically compilable into a sparse set of attention
output-projection weights.

4.3 Performance and Efficiency Evaluation
We benchmark ICC against gradient-based PEFT
(LoRA, DoRA, LoReFT, IA3, Prompt/Prefix Tun-
ing) and activation-injection baselines (Function
Vectors, ICV) on Mistral-7B under identical low-
data calibration (Table 2). Several gradient-based
baselines exhibit severe low-data failures, whereas
ICC remains competitive across all four and
achieves the best performance on MRPC and
MMLU. In low-data regimes, gradient methods
drop to near-random accuracy while ICC’s closed-
form solve sidesteps the instability and still gains
over the with-context teacher. It consistently out-
performs Function Vectors and generally outper-
forms ICV, while the weight edit adapts to each
input rather than applying a fixed shift. Efficiency
is structural: ICC compiles in seconds with tens
of MB of overhead - substantially faster and lower-
overhead than the gradient-based baselines in our
experiments.

PEFT with the full calibration pool. Because
Table 2 evaluates the low-data regime targeted by
ICC , we additionally train LoRA and DoRA on the
full Dcal. With independent shuffling each epoch,
PEFT substantially improves and matches or ex-
ceeds ICC on several tasks, confirming that ICC
’s main advantage is in the low-data regime rather
than universal accuracy dominance. Full results are
reported in Appendix A.3.

Compiling output-format behavior. The low
no-context accuracy of Gemma-2-2B on AG News
(4.36%) is primarily an output-format failure rather
than below-random semantic classification. Eval-
uation uses free generation followed by a strict
parser that accepts exactly one of the four dataset
labels (World, Sports, Business, or Sci/Tech).

Without demonstrations, the model frequently pro-
duces semantically plausible but invalid labels such
as “Environment”, “Weather”, “Labor”, or “Pen-
sions”, yielding a parse rate of only 5.73%. Among
parseable responses, approximately 76% are cor-
rect.
Few-shot demonstrations teach the required label
mapping, increasing both parse rate and accuracy to
100% and 80.50%, respectively. After the demon-
strations are removed, ICC preserves this induced
behavior and reaches 80.73% accuracy. As a diag-
nostic, restricting prediction to the four valid labels
raises Gemma-2-2B from 4.36% to 62.84% with-
out context, while the with-context score remains
80.50%. This confirms that the low free-generation
score primarily reflects failure to follow the task-
specific verbalizer.

Multi-token generation. Because the edited
weights remain active at every decoding step, ICC
can affect the full autoregressive trajectory despite
being calibrated from last-token activations. The
results on GSM8K and MATH-500 show that the
compiled behavior persists beyond the first gener-
ated token and remains effective throughout multi-
token generation.

Post-edit language-model quality. We addition-
ally measure WikiText-2 perplexity to test whether
the weight edits degrade general language model-
ing. The unedited Mistral-7B model obtains a per-
plexity of 5.431. After compiling SST-2, MRPC,
DBPedia-14, and MMLU behaviors, perplexities
are 5.424, 5.420, 5.402, and 5.415, respectively.
We therefore observe no degradation on this open-
domain language-modeling measure.

Editing target. Under the same ICC protocol
on Mistral-7B, editing oproj outperforms editing
mlp.down_proj on 6 of 7 tasks, with an average
gain of +1.92 percentage points. This supports
attention output projections as the primary editing
target. Full per-task results are reported in Ap-
pendix A.4.

4.4 ICC without Oracle Sparsity Selection

The swept variant picks p by validation accuracy -
an oracle that requires labeled held-out data. Our
cross-fit selector (Sec. 3.3) removes this require-
ment: p∗ is chosen directly from activation statis-
tics on the correction set G, with no evaluation-set
access.
Table 3 shows the auto-calibrated edit recovers a
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Method SST-2 MRPC DBPedia MMLU Time Extra Mem. (MB)

No-context 79.01 75.98 78.44 60.60 - 0
With-context 86.47 77.94 84.10 59.60 - 0

Function Vec. 81.77 78.92 78.56 60.60 avg. 64-120

ICV sweep performance range 92.66
33.72-92.66

79.66
0.00-79.66

82.22
77.98-82.22

59.60
54.40-59.60

λ sweep 64-120

DoRA 93.23 31.62 94.15 55.00 1m30s-3m19s 722-4178
LoReFT 93.35 31.62 91.17 40.00 5m12s-7m28s 458-549
LoRA 94.72 34.31 41.17 55.40 58-109s 680-879
IA3 92.32 70.83 87.16 60.40 57-96s 634-832
Prompt 77.29 74.26 84.52 50.20 59-100s 548-764
Prefix 4.82 0.00 5.05 21.80 52-95s 407-2606

ICC 88.65 80.88 89.07 61.20 10.5-18.4s 64-120

Table 2: Accuracy, adaptation time, and extra memory of ICC versus PEFT, ReFT, and activation-injection baselines
on Mistral-7B. Memory is reported above the loaded base model, not total GPU residency. All methods use
the same correction set G. For ICV, the bold number is the best accuracy across a sweep over the injection-
strength hyperparameter λ and the small range below it is the min–max across that sweep, illustrating the method’s
hyperparameter sensitivity. Bold marks the best score per column.

substantial fraction of the no-context - with-context
gap.

Model Task No-context With-context Auto-Edit

Mistral DBPedia 78.44 84.10 84.17
Mistral SST-2 79.01 86.47 85.09
Mistral BoolQ 84.86 84.29 84.52
Phi-3 DBPedia 77.75 79.82 93.00
Phi-3 MRPC 60.29 74.75 79.90
Phi-3 BoolQ 80.50 85.44 82.91

Table 3: No-sweep auto-sparsity results. Auto-Edit is
ICC run with the cross-fit selector (§3.3), which picks
p∗ from activations on G alone. The no-context and
with-context columns are the baselines from Table 1.
Bold marks rows where Auto-Edit exceeds the with-
context teacher.

4.5 Label-Free ICC via Unsupervised
KL-based Calibration

Table 4 reports the label-free KL-ranking variant,
which frequently surpasses both the with-context
teacher and the supervised edit. Table 5 isolates
why: the +1.15pp jump from Supervised to Hybrid
shows that KL-magnitude, not label correctness,
drives the gain - high KL signals clean activation
shifts and stronger least-squares updates.

Reliability under small correction sets. To
assess the stability of KL-ICC in the smallest
correction-set regimes, we repeat the Mistral ex-
periments over three seeds. For SST-2 (|G| = 3),
MRPC (|G| = 4), and DBPedia-14 (|G| = 5),
KL-ICC obtains 84.19 ± 0.72, 79.41 ± 1.12, and
88.74± 4.04, respectively.

5 Analysis and Interpretability

5.1 Layer Localization - Where Does the Edit
Live?

Table 6 reports the distribution of selected rows
across transformer layers for Mistral-7B at the
auto-selected p∗. On Mistral, the final transformer
blocks dominate the edit: layer 31 alone captures
15.6-28.6% of selected rows across tasks, layers
28-31 capture ∼45-60%, and layers 26-31 capture
55-72%. Phi-3-mini exhibits the same late-layer
pattern: the top-sensitivity neuron for five of six
tasks lies in layer 28 or later, with most concen-
trated in layer 31 (Table 7).
This concentration is a recovered property of the
model. The sensitivity score sℓ,j (Equation 2) is
computed uniformly across all layers and channels;
late layers emerge as dominant purely from the
magnitudes of the activation deltas. This finding
is consistent with prior mechanistic work showing
that in-context behavioral shifts concentrate in late
attention heads (Hendel et al., 2023; Todd et al.,
2024; Yin and Steinhardt, 2025), and provides em-
pirical grounding for ICC’s claim to compile a lo-
calized, consistent behavioral delta.

5.2 The Noise-Filtering Property

In supervised ICC , G contains only examples
where the with-context prompt corrects the model
(Eq. 1), emphasizing useful context-induced shifts.
Removing demonstrations at inference also re-
moves formatting and ordering effects, while re-
stricting the edit to high-sensitivity rows may fur-
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Model Task |G| Prec. No-context With-context Unsup edit

Mistral-7B

SST-2 3 100% 79.01 86.47 91.17
MRPC 4 75% 75.98 77.94 80.64
DBPedia-14 5 60% 78.44 84.10 90.02
AG News 15 80% 79.01 90.68 80.85
BoolQ 8 75% 84.86 84.29 (deg.) 84.52

Phi-3-mini

SST-2 8 50% 69.27 94.04 93.23
MRPC 16 81% 60.29 74.75 76.72
DBPedia-14 32 75% 77.75 79.82 98.17
BoolQ 6 67% 80.50 85.44 85.78

Table 4: Unsupervised KL-based calibration across Mistral-7B and Phi-3-mini. |G| denotes the number of
selected calibration examples. Precision is measured post hoc and is not used during selection. Bold indicates the
unsupervised edit exceeds the with-context teacher.

Method |G| Prec. Accuracy

Supervised (unranked) 64 100% 96.90%
Hybrid (Sup + KL) 32 100% 98.05%
Unsupervised (top-KL) 32 75% 98.17%

Table 5: Hybrid ablation on Phi-3 DBPedia-14.

Task Top row L31 L28–31 L26–31

AG News L31-N3901 23.5% ∼55% ∼72%
DBPedia-14 L31-N2070 ∼22% ∼53% ∼70%
SST-2 L31-N3901 ∼20% ∼50% ∼65%
MRPC L31-N2070 28.6% ∼45% ∼55%
GSM8K L30-N3901 ∼20% ∼51% ∼71%
MMLU L31-N2070 15.6% 59.9% 71.0%

Table 6: Layer localization at auto-selected p∗ (Mistral-
7B). Across these six tasks, layers 26–31 capture 55–
72% of selected rows.

ther reduce interference by leaving weakly affected
weights unchanged. Together, these effects may
help explain why ICC can sometimes exceed its
with-context teacher, as on Phi-3 DBPedia-14 (Ta-
ble 1), where the compiled edit recovers perfor-
mance that the prompt fails to elicit reliably.

6 Conclusion

We introduced In-Context Compilation (ICC ), a
gradient-free closed-form edit that compiles the be-
havioral shift of an in-context signal directly into
a sparse set of attention output-projection weights.
Across three architectures and nine tasks per ar-
chitecture, ICC reliably approximates the with-
context teacher at no-context inference time, with-
out backpropagation, optimizer state, or trainable
parameters.
Our central finding is that the behavioral shift in-
duced by in-context learning can be analytically
compiled into the model weights. Backed by a
label-free unsupervised pipeline and a sweep-free

Task Phi-3 top neuron Sensitivity score Late (≥L28)?

SST-2 L12-N2046 6.42 No
DBPedia-14 L31-N525 16.34 Yes
AG News L31-N525 14.80 Yes
MRPC L31-N525 14.80 Yes
GSM8K L29-N2812 15.36 Yes
ARC-Challenge L29-N2024 11.53 Yes

Table 7: Top sensitivity neurons on Phi-3-mini.

auto-sparsity mechanism, ICC provides a gradient-
free closed-form alternative to PEFT that avoids
optimizer state overhead. It performs best in low-
data regimes where gradient-based methods exhibit
instability, and does not aim to replace LoRA when
that method has sufficient data and stable conver-
gence.

Limitations

Dependence on Context-Induced Signal. ICC
compiles behavior that is already induced by the
conditioning context; it does not create capabili-
ties that the underlying model cannot express. Its
effectiveness therefore depends on the context pro-
ducing a sufficiently consistent and measurable
behavioral shift. When the with-context behav-
ior provides only a weak or highly variable signal,
the resulting edit may be less effective and remain
closer to the no-context baseline.

Alternative Weight Edits. Our targeted ablation
compares attention output-projection edits with
MLP down-projection edits on Mistral-7B, with
oproj performing better on 6 of 7 tasks. However,
this comparison is not exhaustive. We do not sys-
tematically evaluate Q/K/V projections, combina-
tions of multiple module types, or whether the same
editing preference holds across architectures. Ex-
ploring these alternatives may further improve the
effectiveness and generality of ICC .
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Generative Scope. Beyond classification and
multiple-choice benchmarks, we evaluate ICC on
GSM8K and MATH-500, showing that the com-
piled behavior can persist through multi-token au-
toregressive generation. We have not yet evalu-
ated fully open-ended long-form or knowledge-
intensive generation, which we leave for future
work.

Broader Impact

While ICC efficiently embeds task-specific behav-
iors into model weights, this mechanism is inher-
ently agnostic to the nature of the behavior being
compiled. Consequently, there is a theoretical risk
that undesirable or biased behaviors could be inad-
vertently or intentionally encoded into the model.
Because the compiled model operates without the
original context at inference time, standard prompt-
based safety filters might not detect these embed-
ded traits. We encourage future work to explore
auditing tools to verify the safety and integrity of
the compiled weights prior to deployment.
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In-Context Compilation: Encoding Context-Induced Behavioral Shift into
Model Weights - Appendix

A Further Experimental Insights

A.1 Random-Fill Ablation

To verify that gains stem from the closed-form
solve and not just row selection, we replace W ∗

S

with U [−1, 1] noise in the identical selected rows
on Mistral DBPedia-14. Table 8 shows accu-
racy collapses to 0.00% across all sparsity values
p ∈ {0.05, . . . , 0.30} and all seeds, confirming that
the ridge-anchored optimization injects highly spe-
cific geometric adaptations rather than benefiting
from row selection alone.

The complete collapse to 0.00% - rather than to
a random-guessing baseline near 1/C - is mecha-
nistically expected. The natural weight magnitudes
in attention output-projections are on the order of
10−2, so U [−1, 1] noise is roughly two orders of
magnitude larger than the values it replaces. Even
at the smallest tested sparsity (p = 0.05, ∼6,500
rows on Mistral-7B), this saturates the residual
stream and prevents coherent token generation, pro-
ducing degenerate outputs that match no valid class
label. The complete collapse is therefore the ex-
pected behavior, reproducible across all three fill
seeds and all six sparsity values.

Variant Acc ∆NC ∆W

No-context baseline 78.44% – −5.66pp
With-context teacher (seeds 1–2) 84.10% +5.66pp –
ICC closed-form at p = 0.25 89.07% +10.63pp +4.97pp
Random U [−1, 1] fill (all p) 0.00% −78.44pp −84.10pp

Table 8: Random-weight ablation on DBPedia-14
(Mistral-7B, seeds 1–2, 3 fill seeds per p). Same rows
as the supervised ICC edit, replaced with U [−1, 1]
noise. The random-fill standard deviation is 0.00% at
all points.

A.2 With-Context Quality and Latent
Capability Recovery

Before interpreting the ∆W column, it is impor-
tant to note that with-context accuracy is itself an
imperfect ceiling. A with-context prompt can un-
derperform due to volatile formatting, suboptimal
demonstration ordering, or a demonstration pool
that fails to surface the model’s latent capability
for a given task. ICC is calibrated exclusively on
examples where the with-context prompt demon-
strably helps (Eq. 1), which has two consequences.

First, the calibration signal is high-quality by
construction: the activation shifts in G are real, con-

sistent, and predictable by the ridge-anchored solve.
Second, ICC sometimes exceeds a weak with-
context teacher not by transcending the model’s
capacity, but by more faithfully recovering a capa-
bility the prompt failed to elicit.

Conversely, where the with-context teacher is al-
ready near-optimal, ICC predictably falls slightly
below, because the residual with-context to no-
context shift it must encode is small relative to the
signal lost by removing the full demonstration con-
text. Readers should therefore interpret ∆W jointly
with absolute with-context accuracy: a large posi-
tive ∆W above a low with-context baseline reflects
capability recovery; a small negative ∆W below a
near-ceiling with-context baseline reflects a reason-
able tradeoff.

A related observation is that when the with-
context teacher is itself weak, ICC nonetheless
converges to teacher-level behavior rather than di-
verging or regressing to no-context. This is con-
sistent with the method’s design intent: ICC is
calibrated to reproduce the with-context teacher’s
behavior, and it succeeds at this even when that
behavior is mediocre. Reproducing a weak teacher
is not a failure mode – it is evidence that the com-
pilation step is doing what it claims to do.

Resource profile. PEFT baselines require it-
erative backpropagation, trainable adapter or
prompt parameters, gradients, optimizer states,
and training-time activation graphs. In our runs,
LoRA adds 6.82M trainable parameters, Prefix
Tuning 1.31M, IA3 524K, and Prompt Tuning
81.9K, with measured GPU peaks of roughly 14.6–
16.5GB (Prefix Tuning on MMLU requiring the
largest overhead because it must run without gra-
dient checkpointing). ICC adds no trainable pa-
rameters, gradients, or optimizer state; its extra
memory is dominated by cached calibration acti-
vations and closed-form solve buffers – approx-
imately 64–120MB on Mistral-7B for the SST-
2/MRPC correction-set sizes in this comparison.
ICC should therefore be viewed as a fast, closed-
form, gradient-free behavior-compilation method
rather than one that dramatically reduces total
model residency.

20789



Task ICC (G) LoRA (Dcal) DoRA (Dcal)

SST-2 89.22 91.35± 2.16 94.65± 0.54
MRPC 77.86 79.64± 6.71 82.76± 0.93
DBPedia-14 88.23 92.42± 1.89 88.12± 1.48
MMLU 60.13 59.80± 1.91 57.87± 0.64

Table 9: PEFT sensitivity analysis on Mistral-7B using
the full calibration pool. LoRA and DoRA are trained
on Dcal with independent shuffling each epoch; mean
± standard deviation is reported over three seeds. ICC
is shown for reference and uses the smaller correction
set G.

A.3 PEFT with Full Calibration Data
To test whether the low-data PEFT failures in Ta-
ble 2 arise from the small correction sets, we ad-
ditionally train LoRA and DoRA for three epochs
on the full Dcal, independently shuffling the data
before each epoch. Table 9 reports mean accuracy
and standard deviation over three seeds. The ICC
column is shown for reference; ICC continues to
use its smaller correction set G, so this experiment
gives PEFT access to substantially more training
data and is not a matched-data comparison.

A.4 Editing-Target Ablation
To test whether attention output projections are
particularly suitable for ICC , we repeat the same
Mistral-7B protocol while editing mlp.down_proj
instead of oproj, using the same sparsity sweep
and ridge-regression procedure. Table 10 reports
the per-task difference in accuracy. Editing oproj
performs better on 6 of 7 tasks, with an average
advantage of +1.92 percentage points.

Task ∆ Accuracy (oproj −mlp.down_proj)

AG News +5.39
MRPC +4.65
DBPedia-14 +2.75
BoolQ +0.42
MMLU +0.20
SST-2 +0.11
ARC-Challenge −0.07

Average +1.92

Table 10: Editing-target ablation on Mistral-7B under
the same ICC protocol. Positive values indicate higher
accuracy when editing attention output-projection rows
rather than MLP down-projection rows.

A.5 Token-Position Alignment
A natural concern when comparing no-context and
with-context forward passes is how the two ac-
tivation sequences – of very different lengths –

are aligned for the ridge solve. We resolve this
with a single uniform convention: both Hn and
Hw(W o

S)
⊤ are extracted at the final input token

of their respective prompts, i.e., the token imme-
diately preceding the position where the model will
emit its first output token. No interior tokens of the
with-context prompt enter the calibration tensors;
the in-context examples influence the captured acti-
vations only through their effect on the hidden state
at the last position.

This convention works uniformly across our task
types because every prompt template ends with the
same suffix in both the no-context and with-context
conditions:

• Single-label classification (SST-2, MRPC,
AG News, DBPedia-14). Both prompts
end with a task-specific verbalizer cue:
"Sentiment:" for SST-2, "Relationship:"
for MRPC, "Topic:" for AG News, and
"Category:" for DBPedia-14. The final to-
ken is identical between conditions; only the
preceding context differs.

• Multiple-choice (BoolQ, ARC-Challenge,
MMLU). Both prompts end with "Answer:"
followed by the choice prefix. The captured
activation is the one from which the model
produces its letter (or yes/no) answer.

• Chain-of-thought generation (GSM8K,
MATH-500). For both tasks, the no-context
and with-context prompts end with the same
task-specific generation cue ("Solution:
[/INST]" on Mistral-Instruct, with analogous
model-specific serialization where applica-
ble). The captured activation is the one from
which the model begins decoding its reason-
ing chain.

This last-token convention is dimensionally
clean (Hn ∈ R|G|×d with one row per calibra-
tion example), avoids any need for sequence-
level alignment between prompts of different
lengths, and respects the autoregressive struc-
ture of the model: the activation at the final
input token is exactly the state that determines
what the model emits next. The ridge solve
in Eq. 3 is therefore well-posed regardless of
whether the underlying task is classification,
multiple-choice, or open-ended generation.
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A.6 Prompt Templates

We report the no-context and with-context
prompt templates used in our experiments.
Braced terms denote example-specific fields.
Demonstration and query blocks are separated
by one blank line. In demonstration blocks,
the answer follows the output cue with a lead-
ing space (e.g., Topic: World), whereas the
query block terminates at the cue itself (e.g.,
Topic:). The number of demonstrations used
for each task is denoted by k.

AG News (k = 6). No-context template.
You are a news topic classifier.
Classify the following news article
into exactly one of these labels:
World, Sports, Business, Sci/Tech.
Answer with only the label name.

Article: {text}
Topic:

With-context template.
You are a news topic classifier.
Classify the following news article
into exactly one of these labels:
World, Sports, Business, Sci/Tech.
Answer with only the label name.

Article: {demo_text}
Topic:
{World|Sports|Business|Sci/Tech}

. . . (k = 6 demonstration blocks)

. . .

Article: {text}
Topic:

DBPedia-14 (k = 14). No-context tem-
plate.

You are a topic classifier.
Classify each text into exactly
one of these categories: Company,
Educational Institution, Artist,
Athlete, Office Holder, Mean of
Transportation, Building, Natural
Place, Village, Animal, Plant,
Album, Film, Written Work.
Answer with only the category name.

Title: {title}
Text: {content[:100]}
Category:

With-context template.
You are a topic classifier.
Classify each text into exactly
one of these categories: Company,
Educational Institution, Artist,
Athlete, Office Holder, Mean of
Transportation, Building, Natural
Place, Village, Animal, Plant,
Album, Film, Written Work.
Answer with only the category name.

Title: {demo_title}
Text: {demo_content[:100]}
Category: {category}

. . . (k = 14 demonstration blocks)

. . .

Title: {title}
Text: {content[:100]}
Category:

The Title: line is omitted when the title is
empty. Text content is truncated to 100 char-
acters.

SST-2 (k = 4). No-context template.

Classify the sentiment of the
following sentence as Positive or
Negative.
Answer with only the sentiment
label.

Sentence: {text}
Sentiment:

With-context template.

Classify the sentiment of the
following sentence as Positive or
Negative.
Answer with only the sentiment
label.

Sentence: {demo_text}
Sentiment: {Positive|Negative}

. . . (k = 4 demonstration blocks)

. . .

Sentence: {text}
Sentiment:

MRPC (k = 4). No-context template.

Determine whether the two sentences
are semantically equivalent.
Answer with only ’Equivalent’ or
’Not Equivalent’.

Sentence 1: {sentence1}
Sentence 2: {sentence2}
Relationship:

With-context template.

Determine whether the two sentences
are semantically equivalent.
Answer with only ’Equivalent’ or
’Not Equivalent’.

Sentence 1: {demo_sentence1}
Sentence 2: {demo_sentence2}
Relationship: {Equivalent|Not
Equivalent}

. . . (k = 4 demonstration blocks)

. . .

Sentence 1: {sentence1}
Sentence 2: {sentence2}
Relationship:
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BoolQ (k = 4). No-context template.
Read the passage and answer the
question with exactly No or Yes.

Passage: {passage}
Question: {question}
Label:

With-context template.
Read the passage and answer the
question with exactly No or Yes.

Passage: {demo_passage}
Question: {demo_question}
Label: {No|Yes}

. . . (k = 4 demonstration blocks)

. . .

Passage: {passage}
Question: {question}
Label:

ARC-Challenge (k = 4). No-context tem-
plate.

Answer each multiple-choice
question with one letter: A, B, C,
or D.

Question: {question}
A. {choice_0}
B. {choice_1}
C. {choice_2}
D. {choice_3}
Answer:

With-context template.
Answer each multiple-choice
question with one letter: A, B, C,
or D.

Question: {demo_question}
A. {demo_choice_0}
B. {demo_choice_1}
C. {demo_choice_2}
D. {demo_choice_3}
Answer: {A|B|C|D}

. . . (k = 4 demonstration blocks)

. . .

Question: {question}
A. {choice_0}
B. {choice_1}
C. {choice_2}
D. {choice_3}
Answer:

MMLU (k = 5). No-context template.
The following are multiple choice
questions (with answers) about
{subject}.

Question: {question}
A. {choice_0}
B. {choice_1}
C. {choice_2}
D. {choice_3}
Answer:

With-context template.

The following are multiple choice
questions (with answers) about
{subject}.

Question: {demo_question}
A. {demo_choice_0}
B. {demo_choice_1}
C. {demo_choice_2}
D. {demo_choice_3}
Answer: {A|B|C|D}

. . . (k = 5 demonstration blocks)

. . .

Question: {question}
A. {choice_0}
B. {choice_1}
C. {choice_2}
D. {choice_3}
Answer:

Here {subject} is the evaluation example’s
subject with underscores replaced by spaces,
defaulting to general. The subject is in-
cluded in both conditions.

GSM8K (k = 8). The following shows the
common task-level textual prompt. Model-
specific chat serialization tokens are omitted.

No-context template.
Solve the following math word
problem step by step. At the end
write the answer as: #### <number>

Question: {question}
Solution:

With-context template.
Solve math word problems step by
step. At the end write the answer
as: #### <number>

Here are solved examples:

Question: {demo_question}
Solution: {demo_reasoning}
#### {demo_answer}

. . . (k = 8 demonstration blocks)

. . .

Now solve this:
Question: {question}
Solution:

The eight demonstrations are fixed canonical
examples and are identical across evaluation
examples and seeds. Unlike the classifica-
tion and multiple-choice tasks, GSM8K uses
slightly different instruction wording in the
no-context and with-context conditions.

MATH-500 (k = 4). No-context template.
[INST] Solve the math problem step
by step. Put the final answer in
\boxed{}.

Problem: {problem}
Solution: [/INST]
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With-context template.

[INST] Solve the math problem step
by step. Put the final answer in
\boxed{}.

Here are solved examples:

Problem: {demo_problem}
Solution: {demo_solution}

. . . (k = 4 demonstration blocks)

. . .

Now solve this problem:
Problem: {problem}
Solution: [/INST]

If a demonstration solution does not contain
a boxed answer, the formatter appends Final
answer: \boxed{answer}.

B Detailed Main Results

This section reports per-task results for all
three models swept over sparsity p. Table 11
(Mistral-7B), Table 12 (Phi-3-mini), and Ta-
ble 13 (Gemma-2-2B) each list the no-context
baseline, the with-context teacher, ICC ’s ac-
curacy at the best p in the oracle sparsity
sweep, the gap to the with-context teacher
(∆W), and the selected p∗.

Task No-context With-context Best edit ∆W Best p

AG News 79.01 90.68 84.94 −5.74 0.10
DBPedia-14 78.44 84.10 89.07 +4.97 0.25
SST-2 79.01 86.47 88.65 +2.18 0.10
MRPC 75.98 77.94 80.88 +2.94 0.10
ARC-Challenge 76.20 75.60 76.40 +0.80 0.10
GSM8K 36.00 34.00 42.00 +8.00 0.30
MMLU 60.60 59.60 61.20 +1.60 0.20
BoolQ 84.86 84.29 84.40 +0.11 0.05
MATH-500 4.67 6.44 6.89 +0.45 0.25

Table 11: Mistral-7B detailed swept results. ICC sur-
passes the with-context teacher on 8 of 9 tasks.

Task No-context With-context Best edit ∆W Best p

SST-2 69.27 94.04 92.32 −1.72 0.15
DBPedia-14 77.75 79.82 96.90 +17.08 0.30
MRPC 60.29 74.75 76.72 +1.97 0.05
AG News 69.61 71.90 75.46 +3.56 0.15
ARC-Challenge 87.20 88.00 89.20 +1.20 0.30
GSM8K 37.33 48.00 50.67 +2.67 0.15
BoolQ 80.50 85.44 86.12 +0.68 0.15
MMLU 67.40 65.60 69.20 +3.60 0.25
MATH-500 28.00 22.00 27.11 +5.11 0.35

Table 12: Phi-3-mini detailed swept results. The be-
havioral shift transfers cleanly to a smaller architecture:
ICC surpasses the with-context teacher on 8 of 9 tasks.

Task No-context With-context Best edit ∆W Best p

SST-2 71.33 95.76 91.06 −4.70 0.100
MRPC 43.87 69.85 76.47 +6.62 0.200
AG News 4.36 80.50 80.73 +0.23 0.050
DBPedia-14 25.57 91.86 95.07 +3.21 0.200
ARC-Challenge 71.20 75.00 72.20 −2.80 0.200
BoolQ 69.27 83.72 80.85 −2.87 0.350
MMLU 56.00 56.00 57.60 +1.60 0.200
GSM8K 61.33 62.67 62.00 −0.67 0.050
MATH-500 11.33 9.78 14.67 +4.89 0.100

Table 13: Gemma-2-2B detailed swept results. ICC
surpasses the with-context teacher on 5 of 9 tasks.

C Detailed Capacity Sweeps

Tables 14–30 report ICC ’s accuracy as a func-
tion of sparsity p for every (model, task) pair.
“Top acc.” uses the sensitivity-ranked rows
obtained from the score sℓ,j defined in Eq. 2
(§3.1); “Random acc.” is a matched-budget
control in which the same number of rows is
selected uniformly at random. The gap be-
tween the two isolates the contribution of the
sensitivity score from the closed-form ridge
solve of Eq. 3 (§3.2). “GI” (where reported)
is the per-task gradient-instability indicator
carried over from the PEFT runs of §4.3; it is
included for reference and is not used by ICC
. The corresponding swept best-p results are
summarized per model in Table 1 of the main
paper and detailed in Appendix B (Tables 11–
13).

C.1 Mistral-7B Sweeps

p Top acc. Random acc. Gap

0.05 82.71 80.98 +1.73
0.10 84.94 82.20 +2.73
0.15 84.71 83.01 +1.70
0.20 84.33 83.73 +0.59
0.25 83.83 83.97 −0.13
0.30 81.77 84.69 −2.92

Table 14: AG News, Mistral-7B. The sensitivity ranking
helps most at small p; as the edit budget grows, random
rows catch up.
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p Top acc.

0.05 5.11
0.10 5.11
0.15 3.56
0.20 4.89
0.25 6.89
0.30 5.33
0.35 6.89

Table 15: MATH-500 sparsity sweep on Mistral-7B
with |G| = 16. Accuracy is averaged over three seeds.
The best fixed-p accuracy is 6.89% at both p = 0.25
and p = 0.35; Table 1 reports p = 0.25.

p Top acc. Random acc. Gap

0.05 81.19 78.92 +2.27
0.10 85.40 79.77 +5.63
0.15 85.13 80.90 +4.23
0.20 86.62 81.31 +5.31
0.25 89.07 81.33 +7.73
0.30 88.84 81.97 +6.87

Table 16: DBPedia-14, Mistral-7B. The sensitivity rank-
ing holds a +5–8pp gap over random across the full
sweep, indicating the behavioral shift is concentrated
rather than diffuse.

p Top acc. Random acc. GI

0.05 83.94 80.39 26.9
0.10 88.65 80.28 59.7
0.15 88.30 79.59 64.2
0.20 88.30 81.88 64.2
0.25 87.61 83.94 65.7
0.30 87.39 83.83 64.2

Table 17: SST-2 capacity sweep on Mistral-7B. Per-
formance peaks at p = 0.10, indicating that the useful
with-context behavior is localized in a small subset of
high-sensitivity rows. Larger edit budgets slightly de-
grade accuracy, while random row selection remains
below the sensitivity-ranked edit at the optimum.

p Top acc. Random acc. GI

0.05 78.92 78.43 34.2
0.10 80.88 78.43 43.9
0.15 79.17 78.92 56.1
0.20 77.94 79.41 58.5
0.25 76.96 79.90 65.9
0.30 75.25 79.90 73.2

Table 18: MRPC, Mistral-7B. Peaks early and degrades
beyond p = 0.10: editing too many rows overwrites
useful signal.

p Top acc. Random acc.

0.05 75.60 76.10
0.10 76.40 76.30
0.15 75.60 76.70
0.20 76.00 76.40
0.25 76.20 76.20
0.30 76.40 75.70

Table 19: ARC-Challenge, Mistral-7B. The edit has
minimal room to operate when no-context already nears
the with-context ceiling.

p Top acc. Random acc. GI

0.05 33.33 36.00 18.5
0.10 36.67 34.00 25.9
0.15 36.00 31.33 29.6
0.20 36.00 35.33 32.1
0.25 40.00 32.00 33.3
0.30 42.00 35.33 37.0

Table 20: GSM8K, Mistral-7B. Generative reasoning
requires larger edit budgets, consistent with the chain-
of-thought signal being spread across more layers.

C.2 Phi-3-mini Sweeps

p Top acc. GI Rows

0.05 42.00 34.71 4,915
0.10 40.00 34.71 9,830
0.15 50.67 41.32 14,746
0.20 47.33 42.15 19,661
0.25 50.67 52.89 24,576
0.30 50.67 48.76 29,491

Table 21: GSM8K, Phi-3-mini. “Rows” is the number
of attention output-projection rows edited at each p.

p Top acc.

0.05 24.22
0.10 22.00
0.15 22.67
0.20 24.00
0.25 24.67
0.30 24.44
0.35 27.11

Table 22: MATH-500 sparsity sweep on Phi-3-mini with
|G| = 8. Accuracy is the mean over three seeds. The
best fixed-p result, 27.11%, occurs at p = 0.35.
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p Top acc. Random acc. GI

0.05 76.72 71.49 72.5
0.10 71.08 69.77 85.0
0.15 50.49 65.93 81.7
0.20 60.29 64.95 81.7
0.25 46.57 63.15 81.7
0.30 43.38 56.37 81.7

Table 23: MRPC, Phi-3-mini. Sharp peak at p = 0.05
followed by collapse — a signature of a small, highly
localized signal that gets diluted as the budget grows.

p Top acc. Random acc.

0.05 88.40 88.00
0.10 87.80 88.10
0.15 88.00 88.10
0.20 88.60 87.70
0.25 88.20 87.90
0.30 89.20 87.80

Table 24: ARC-Challenge capacity sweep on Phi-3-
mini. Performance remains stable across edit budgets
and peaks at p = 0.30. The small difference between
top-ranked and random rows suggests that the useful
with-context signal is less localized for this task.

p Top acc. Random acc. GI

0.05 70.30 70.53 63.2
0.10 67.32 69.65 71.1
0.15 75.46 70.37 73.7
0.20 74.31 68.27 73.7
0.25 70.18 71.41 73.7
0.30 64.22 66.55 65.8

Table 25: AG News capacity sweep on Phi-3-mini. The
edit peaks at p = 0.15, indicating that the useful behav-
ioral shift is neither extremely localized nor fully diffuse.
Larger budgets degrade performance, while random row
selection does not recover the sensitivity-ranked peak.

p Top acc. Random acc. Gap

0.050 80.96 59.23 +21.73
0.100 91.06 42.95 +48.11
0.150 63.30 42.32 +20.99
0.200 90.60 49.48 +41.11
0.250 90.37 42.72 +47.65
0.300 90.14 45.70 +44.44

Table 26: SST-2 capacity sweep on Gemma-2-2B. The
edit peaks at p = 0.10 and consistently outperforms ran-
dom row selection by large margins, indicating that the
with-context behavior is concentrated in high-sensitivity
rows. Larger budgets remain competitive but do not
improve over the optimum, suggesting that additional
edited rows add little useful signal.

p Top acc.

0.05 11.78
0.10 14.67
0.15 12.44
0.20 10.44
0.25 12.67
0.30 14.22
0.35 11.33

Table 27: MATH-500 sparsity sweep on Gemma-2-2B
with |G| = 4. Accuracy is the mean over three seeds.
The best fixed-p result, 14.67%, occurs at p = 0.10.

p Top acc. Random acc. Gap

0.050 55.39 68.63 −13.24
0.075 51.23 74.75 −23.53
0.100 53.68 74.39 −20.71
0.150 72.55 76.10 −3.55
0.200 76.47 73.90 +2.57
0.250 75.98 73.28 +2.70
0.300 74.02 73.90 +0.12

Table 28: MRPC capacity sweep on Gemma-2-2B. Per-
formance peaks at p = 0.20, where the sensitivity-
ranked edit slightly outperforms random row selection.
The weaker gaps compared to other tasks suggest that
the MRPC behavioral shift is less sharply localized and
requires a moderate edit budget to recover.

p Top acc. Random acc. Gap

0.050 80.73 39.16 +41.57
0.100 79.01 57.57 +21.44
0.150 74.43 70.81 +3.61
0.200 63.42 71.44 −8.03
0.250 44.72 68.58 −23.85
0.300 51.26 70.93 −19.67

Table 29: AG News, Gemma-2-2B. Strong peak at the
smallest p tested (0.050), then steady collapse — the
relevant rows are very few.

p Top acc. Random acc. Gap

0.050 90.48 43.12 +47.36
0.100 89.33 43.52 +45.81
0.150 94.38 37.67 +56.71
0.200 95.07 58.60 +36.47
0.250 93.12 49.94 +43.18
0.300 94.27 61.47 +32.80

Table 30: DBPedia-14, Gemma-2-2B. Large and consis-
tent gap across the full sweep — the sensitivity score
finds rows that random selection misses by 30–65pp.

D Per-Task Split Sizes

Table 31 reports the exact size of each split
for every task. |D| is the demonstration pool
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from which few-shot demonstrations are sam-
pled, |P | is the calibration pool from which
the correction set G is constructed, |G| is the
upper bound on G used by the ridge solve, and
neval is the held-out evaluation set on which
final accuracy is reported. The three pools are
pairwise disjoint.

Task |Ddemo| |Dcal| |G| |Deval|
SST-2 100 500 4 872
MRPC 100 400 4 408
AG News 128 500 32 872
DBPedia-14 126 560 14 872
BoolQ 100 400 16 872
ARC-Challenge 120 300 16 500
GSM8K 128 500 8 150
MMLU 285 500 32 500
MATH-500 16 250 16 150

Table 31: Per-task data split sizes. |Ddemo|: demon-
stration pool size; |Dcal|: calibration pool size; |G|:
calibration budget for the correction set used by the
ridge solve; |Deval|: evaluation set size. All three pools
are sampled disjointly from the standard public splits;
no calibration example appears in evaluation.

Reproducibility and Artifacts

Licenses and Intended Use. Our work uti-
lizes standard open-source models (Mistral-
7B, Phi-3-mini, and Gemma-2-2B) and canon-
ical academic benchmarks (MMLU, GSM8K,
SST-2, MRPC, AG News). All artifacts were
used in strict accordance with their respective
open-source licenses and intended research
purposes. These models and datasets are
widely adopted in the NLP community, and
their usage here is consistent with standard
academic practice.

Documentation and Statistics. The datasets
used are standard benchmarks; their linguis-
tic coverage, language (English), and demo-
graphic representations are documented in
their respective foundational papers, which
we cite in §4.1. The data partitioning strat-
egy (demonstration pool, calibration pool, and
held-out evaluation set) is detailed in §4.1.
All evaluation sets are held-out subsets drawn
from the standard public dataset splits.
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