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Abstract

Layer pruning removes entire Transformer de-
coder blocks from large language models, but
introduces a mismatch between the hidden state
received by the next surviving layer and the dis-
tribution it was trained to process, leading to sig-
nificant performance degradation. We propose
Ghosted Layers, a training-free recovery module
that addresses this issue by solving a boundary
activation alignment problem. Our method de-
rives a closed-form optimal linear operator from
a small calibration set to reconstruct the activa-
tion discrepancy introduced by the pruned lay-
ers. We show that this solution corresponds to the
unconstrained optimum of the alignment objec-
tive, whereas existing methods are restricted to
constrained solutions over limited operator sub-
spaces. Experiments across multiple LLM back-
bones and pruning strategies demonstrate that our
method consistently improves accuracy and per-
plexity over prior training-free baselines, while
preserving the efficiency gains of layer pruning.

1. Introduction

Large language models (LLMs) have shown strong capabili-
ties across a wide range of natural language tasks (Brown
et al., 2020; Touvron et al., 2023a; OpenAl, 2023), but their
size makes deployment costly. Various compression tech-
niques have been explored to address this, including unstruc-
tured pruning (Frantar & Alistarh, 2023; Sun et al., 2024)
and layer pruning (Men et al., 2025; Gromov et al., 2025;
Kim et al., 2024; Song et al., 2024). Among these, layer
pruning stands out for its practicality, as it removes entire
Transformer decoder blocks and yields a smaller model that
runs on standard inference stacks without custom kernels
or architectural changes. Yet pruned models often exhibit
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substantial accuracy degradation: pruning a block of lay-
ers eliminates the intermediate transformations between the
surviving layers, causing a distribution shift at the pruning
boundary that propagates through downstream layers. This
motivates the need for a recovery mechanism to compensate
for the missing layers.

Recent work mitigates this through a variety of training-free
recovery modules. ReplaceMe (Shopkhoev et al., 2026)
approximates the pruned block’s computation with a linear
transformation absorbed into the surviving weights, but does
not directly address the mismatch at the pruning boundary.
In contrast, LinearPatch (Chen et al., 2026) directly targets
the boundary activation mismatch, the discrepancy between
the hidden state expected by the next surviving layer and
the one it actually receives, by inserting a linear operator at
the pruning boundary. This operator is implemented as a
Hadamard-rotated channel-wise scaling and is symmetric
by construction, restricting it to a strict subspace of linear
operators and preventing it from reaching the optimum of
the alignment objective in the full operator space.

To empirically verify this limitation, we quantify the bound-
ary activation mismatch via the boundary activation error,
defined as the mean absolute error (MAE) between the post-
boundary hidden state of the original model and the input
received by the next layer in the pruned model. Figure 1
compares representative post-pruning recovery methods on
the resulting boundary activation error. Existing methods
leave a substantial portion of the error uncorrected, suggest-
ing that the boundary activation mismatch is not entirely
resolved after recovery.

We address this limitation by deriving the closed-form un-
constrained optimum of the boundary activation alignment
objective over the full space of linear operators. In contrast,
LinearPatch corresponds to a constrained solution restricted
to a specific operator subspace. We further show that the
optimal operator contains a substantial anti-symmetric com-
ponent, which is structurally inaccessible to symmetric con-
structions such as LinearPatch.

Building on this analysis, we propose Ghosted Layers, a
training-free recovery module that inserts the closed-form
optimal operator at the pruning boundary via a forward hook.
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Figure 1. Mean absolute error between the expected boundary activation and the activation received by downstream layers after pruning
on LLaMA-3.1-8B. The pruned model is obtained using LLM-Streamline (Chen et al., 2025a) with n = 7 layers removed. We
compare existing post-pruning recovery methods, including Prune&Comp (Chen et al., 2025b), ReplaceMe (Shopkhoev et al., 2026), and

LinearPatch (Chen et al., 2026), against our Ghosted Layers.

It is compatible with any pruning criterion and model archi-
tecture, and consistently improves recovery across multiple
LLM backbones and benchmarks. These results suggest that
solving boundary activation alignment at its unconstrained
optimum is sufficient to substantially recover layer-pruned
LLMs without retraining.

Contribution of this study can be summarized as follows:

* We formulate post-pruning recovery as an activation
alignment problem and derive its closed-form optimal
solution from boundary activations.

* We show that this formulation yields an unconstrained
optimum that includes a substantial anti-symmetric
component, which is inaccessible to symmetric con-
structions such as LinearPatch.

* We propose Ghosted Layers, a training-free and plug-
and-play recovery module compatible with any pruning
criterion and model architecture, which consistently
outperforms prior methods at matched inference cost.

2. Related works

Structured and layer pruning of LLMs. Structured prun-
ing reduces model size while preserving dense computation,
enabling deployment without specialized sparse kernels.
Among structured pruning methods, depth pruning removes
entire Transformer blocks while preserving the original ar-
chitecture (Men et al., 2025; Song et al., 2024; Kim et al.,
2024; Chen et al., 2025a). Prior work mainly focuses on
identifying redundant layers through activation similarity,
perplexity, or calibration-based criteria.

Post-pruning recovery. Recent methods attempt to re-
cover the performance degradation caused by layer pruning.
Prune&Comp (Chen et al., 2025b) applies channel-wise
magnitude compensation, ReplaceMe (Shopkhoev et al.,
2026) approximates pruned blocks through linearized block

computation, and LinearPatch (Chen et al., 2026) directly re-
pairs the boundary activation mismatch using a constrained
symmetric operator. In contrast, our Ghosted Layers
solves the boundary activation alignment problem over the
unconstrained space of linear operators via a closed-form
solution. Extended discussions on structured pruning, layer
pruning, and post-pruning recovery methods are provided
in Appendix A.

3. Method: Ghosted Layers

Layer pruning removes transformer blocks to reduce model
size, but the hidden state passed to the next surviving layer
no longer matches the one it was trained to process, caus-
ing an activation mismatch at the pruning boundary that
degrades downstream performance. We propose Ghosted
Layers, a training-free recovery method that mitigates this
mismatch via a closed-form linear operator inserted at each
pruning boundary (Figure 2).

3.1. Notation and setup

Let M = {f®}}-} be a pre-trained autoregressive
LLM with L Transformer decoder layers, where f()
REXTXC _y REXTXC and B, T, C denote batch size,
sequence length, and hidden dimension. Under the standard
pre-norm residual architecture:

XD = XO 4 OO 90), r=0,...,L -1

ey
Layer pruning removes a contiguous block B =
{€*,...,0*+n—1} of n layers, where £* and £*+n are the
pre-boundary and post-boundary indices. Unrolling Eq. (1)
over B, the post-boundary hidden state in the original model

satisfies:

£ +n—1
X ZXE) 3 X ®); gy
k=£*
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Figure 2. Ghosted Layers as drop-in replacements for pruned transformer blocks. One or more consecutive transformer blocks are
removed (dashed), and a single Ghosted Layer (blue) takes their place at the boundary. The red arrows show the hidden state bypassing
the pruned region and flowing through the Ghosted Layer before reaching the next surviving block. This applies to both contiguous and
non-contiguous pruning, with exactly one Ghosted Layer substituting each pruned region.

(€ 4n) _

pruned
received by the first surviving layer differs from X (¢"+7) by
exactly A All downstream layers, which were trained
to process X,ost, instead receive X, and this activation
mismatch propagates through the network.

The pruned model sets X X(m, so the activation

Given a calibration corpus D of N sequences of length
T (so Tp = NT tokens in total), we collect the hidden
states at the two boundary layers from the original model:
Xopres Xpost € RT2*C where rows correspond to flattened
tokens. We define the boundary activation gap:

A é Xpost - Xpre € RTDXCa (3)

which is the empirical estimate of A over D, and
quantifies the activation mismatch that any recovery method
must reduce.

3.2. Ghosted Layers

Ghosted Layers is a calibration-based plug-and-play module
that reduces the boundary activation mismatch via a closed-
form optimal linear operator. Given a small calibration set
D, the method proceeds in three offline steps: collect the
boundary activations, compute the optimal linear operator
in closed form, and insert it into the pruned model.

3.2.1. COLLECTING BOUNDARY ACTIVATIONS.

We run the original model M on D and capture the hidden
states at the two boundary layers via forward pre-hooks. A
forward pre-hook fires immediately before a layer’s com-
putation, so X, € R *C captures the input to the first
pruned layer ¢*, and X0t € RT2*C captures the input
to the first surviving layer £* +n. The boundary activation
gapis then: A = X051 — Xpre € RTp*C which equals
A from Eq. (2) evaluated over D.

3.2.2. CLOSED-FORM OPTIMAL OPERATOR.

We seek a linear operator W € RE* that, when applied to
the pre-boundary state, best approximates the post-boundary

state of the unpruned model:

. _ . _ 2
W* = arg wg]ialgxc HXpreW Xpost HF (4)
Reparameterizing W = I+ M and substituting into Eq. (4)
yields an equivalent objective:
. 2
Mg}gélxcHXpreM—AHF. 5)
This reparameterization transforms the alignment prob-
lem into directly regressing the boundary activation gap
A = X,ost — Xpre from the pre-boundary state X,,c.
Rather than learning to reproduce the full post-boundary
activation X ., the operator M only needs to capture the
incremental change induced by the pruned block. This de-
coupling isolates the target of learning to the quantity that
actually differs between the pruned and unpruned models.

The minimum-norm least-squares solution to Eq. (5) is:

M* =Xt

pre

A=VXEU" AeRC, (6)

where X,;c = UXV ' is the thin SVD with o7 > -+ >
oc > 0, and:

=), {7

The threshold € controls numerical stability and has no effect
on the solution for well-conditioned X .. M™ is a full
C x C matrix with no structural constraint.

if o; > ,
Hoi=en e=10"%. (7)
otherwise,

Then, the Ghosted Layers operator is W* = I + M* ¢
RCXC.

3.2.3. INSERTING THE GHOSTED LAYERS OPERATOR.

After removing B and re-indexing the surviving layers, we

insert W* at the output of layer £*—1 via a forward hook.
Given a hidden state x € RE*T*C the module computes:
Xpew =X W = x x M* 8

new , + ) ( )

identity  additive
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where the additive term x M* serves as the learned es-
timate of the boundary gap A: since M* minimizes
[ XpreM — A%, the product x M* approximates the incre-
mental update that the pruned layers would have contributed
to x. When M* = 0, Eq. (8) reduces to X,ew = X, recover-
ing the pruned baseline exactly.

Practical. We compute M* by solving a regularized
least-squares system via torch.linalg.solve, using
e = 1075, In practice, this yields the same solution as
the pseudoinverse formulation, as the regularization stabi-
lizes the system when T» >> C'. For reproducibility, we
provide complete implementation details, including both
SVD-based and solver-based variants, in Appendix J.

4. Unconstrained solution space analysis

We empirically analyze the properties of the unconstrained
optimal operator M* to validate the theoretical claims es-
tablished in Section 3. All experiments in this section use
n="T7 pruned layers across two LLM backbones; detailed
experimental settings are provided in Appendix C.

Theorem 4.1 establishes that W* is the unconstrained min-
imizer of LinearPatch’s own alignment objective, and that
LinearPatch’s symmetric parameterization prevents it from
attaining this solution.

Theorem 4.1 (Ghosted Layers is the Unconstrained Op-
timum of LinearPatch). Let Xpre, Xpost € RTP*Y and
A = Xpost — Xpre. Both LinearPatch and Ghosted Layers
produce a repaired activation of the form X ey = Xpre W,
but differ in the structure of W:

Xir-Xo HDHD O
Wrp, W, =Wrp
Xnew,GL - Xpre . (I + M*) (10)

——
W, W*cRCxC

where M* = XLreA, and W* =1+ M* is the minimum-
norm solution to the unconstrained alignment objective
minw || Xpre W — XpOStH%, whereas W,p searches only
over symmetric matrices, making LinearPatch a constrained

approximation to Ghosted Layers.

Theorem 4.1 thus positions LinearPatch as a constrained
special case of the activation alignment framework: both
methods optimize the same alignment objective over the
same functional form X,ew = Xpe W, yet LinearPatch
confines its search to the symmetric subspace of dimension
C(CTH), rendering W* structurally inaccessible whenever
it has a non-zero anti-symmetric component. The proof is

deferred to Appendix B.1.

Constrained solution space. As established in Theo-
rem 4.1, W™ is the unconstrained minimizer over all

B Anti-symmetric 2(M* - M"T)

) Symmetric 3(M* +M"T)
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Figure 3. Frobenius norm decomposition of M* into symmetric
and anti-symmetric components across two LLM backbones (n =
7, LLM-Streamline). Detailed setups are in Appendix B.2

of RE*C¢ whereas any symmetric operator W satisfies
W — W = 0 and is thus confined to the symmetric sub-
space. To empirically verify that W* indeed lies outside this
subspace, we compute M* from the calibration activations
Xopres Xpost collected from the original unpruned model,
and decompose M* into its symmetric and anti-symmetric
components:

. M+ MHT M- (MH)T
M* = .
2 2
;yn\ M;(sym

Figure 3 shows that M7, is non-zero and comparable
in magnitude to Mg, consistently across all two back-
bones. Since any symmetric operator satisfies Magym, = 0
by construction, this anti-symmetric component is struc-
turally inaccessible to LinearPatch regardless of how its

diagonal D is chosen.

5. Experimental results
5.1. Experimental setups

Benchmarks. We evaluate the performance of Ghosted Lay-
ers on nine zero-shot commonsense reasoning benchmarks:
ARC-Easy and ARC-Challenge (Clark et al., 2018),
HellaSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2019), BoolQ (Clark et al., 2019),
OpenbookQA (Mihaylov et al., 2018), RTE (Dagan et al.,
2005), COPA (Roemmele et al., 2011), and RACE (Lai et al.,
2017), using the lm-evaluation-harness frame-
work (Gao et al., 2024). For perplexity, we evaluate on
WikiText—-2 (Merity etal., 2017), C4 (Raffel et al., 2020),
and Penn Treebank (Marcus et al., 1993) using non-
overlapping windows of length T" = 2,048.

Models. We evaluate Ghosted Layers on two open-
source LLMs: LLaMA-3.1-8B (Grattafiori et al., 2024) and
DeepSeek-R1-Distill-LLaMA-8B (Guo et al., 2025). All
experiments are conducted on a single NVIDIA A40 48GB
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Table 1. Zero-shot accuracy (%) on commonsense QA benchmarks for 7-layer and 11-layer pruning across two LLM backbones. All
methods are training-free. AVG denotes the mean accuracy across all nine tasks. L, /L; denotes the number of pruned layers L,, over the

total number of layers L. in the original model.

Model L,/L; Method ARC-E  ARC-C HellaS WinoG BoolQ OBQA RTE CoPa Race AVG T
0/32 Dense 81.19 53.41 78.92 73.64 82.11 4480 69.68 87.00 39.14 67.77
/32 Shortened LLaMA 61.32 33.11 59.55 54.22 43.76 3520 51.62 77.00 3129 49.67
7/32 LLM-Streamline 44.19 33.11 33.39 56.99 38.20 3260 5812 61.00 25.84 42.60
7/32 ShortGPT 58.29 42.15 64.96 68.35 61.99 3440  69.68 80.00 34.45 57.14
7/32 Prune and Comp 46.25 30.89 44.22 59.12 53.91 3500 6029 67.00 28.61 47.25
7/32 ReplaceMe (Ls) 64.90 43.52 63.80 71.67 69.60 37.80 7148 77.00 37.32 59.68
g 7/32 ReplaceMe (Cos) 57.03 37.29 52.14 64.25 39.36 3580 62.82 68.00 31.10 49.75
- 7/32 Linear Patch (Diag) 48.36 32.68 47.36 61.56 63.70 35.00 6823 68.00 29.28 50.46
::f‘ 7/32 Linear Patch (Rotate) ~ 57.62 37.29 54.91 65.43 60.49 3580  69.68 69.00 29.19 53.27
s /32 Ghost Layer (Ours) 68.01 43.00 66.60 71.59 71.31 3720 68.59 76.00 37.80 60.01
Gl
j 11/32 Shortened LLaMA 38.54 30.38 29.05 50.91 59.80 2820 5026 62.00 29.38 42.05
11/32 LLM-Streamline 39.69 30.29 31.49 56.12 55.11 3040  69.68 61.00 28.33 44.68
11/32 ShortGPT 39.69 30.29 31.49 56.12 55.11 3040  69.68 61.00 2833 44.68
11/32 Prune and Comp 38.51 27.30 40.50 53.28 62.08 2940 5379 57.00 25.17 43.00
11/32 ReplaceMe (Ls) 44.53 34.04 47.23 67.40 73.55 29.80  70.76  67.00 29.95 51.58
11/32 ReplaceMe (Cos) 43.35 32.59 37.02 56.75 58.13 29.60 6823 62.00 31.96 46.63
11/32 Linear Patch (Diag) 50.67 36.60 48.55 62.51 71.31 31.00 71.84 68.00 31.00 52.39
11/32 Linear Patch (Rotate) ~ 50.93 34.98 47.30 62.19 74.65 3040 7148 68.00 31.58 52.39
11/32 Ghost Layer (Ours) 50.08 34.64 52.73 69.30 72.63 31.80  69.68 72.00 32.44 53.92
0/32 Dense 65.87 42.41 74.35 67.80 8291 4120 69.68 89.00 41.63 63.87
7/32 Shortened LLaMA 45.71 29.69 55.66 5770 64.65 3040 50.54  76.00 30.62 49.00
7/32 LLM-Streamline 49.92 35.24 46.33 61.56 51.99 3240 57.40 70.00 2727 48.01
8 7/32 ShortGPT 49.12 37.03 55.95 63.06 77.09 34.00 7473 71.00 33.21 55.02
< /32 Prune and Comp 44.99 31.06 43.44 56.12 53.12 31.80  60.65 64.00 26.79 45.77
E“ 7/32 ReplaceMe (Ls) 55.35 37.03 59.97 66.46 69.08 3520  75.09 80.00 37.80 57.33
j 7/32 ReplaceMe (Cos) 51.09 36.09 53.48 64.17 58.01 36.00 58.84 74.00 33.49 51.69
= 7/32 Linear Patch (Diag) 51.09 35.32 49.59 62.27 62.78 34.60 66.43 73.00 30.05 51.68
z 7/32 Linear Patch (Rotate) ~ 54.08 36.18 53.29 64.25 72.97 3380 62.82 72.00 3292 53.59
E 7/32 Ghost Layer (Ours) 55.81 37.03 61.30 67.25 68.47 37.00 7292 81.00 3943 57.80
i' 11/32 Shortened LLaMA 41.75 28.84 42.84 54.30 55.23 27.80 5379 70.00 26.99 44.62
3)'3 11/32 LLM-Streamline 37.08 31.66 38.72 55.17 75.20 2740 6426 63.00 26.22 46.52
5 11/32 ShortGPT 37.08 31.66 38.72 55.17 75.20 2740 6426 63.00 2622 46.52
A 11/32 Prune and Comp 36.45 29.10 36.32 50.99 64.62 2740 6029 56.00 24.40 42.84
11/32 ReplaceMe (Ls) 40.19 30.63 44.70 61.40 66.45 32.00 7473 65.00 33.78 49.88
11/32 ReplaceMe (Cos) 38.05 30.55 40.74 54.93 77.52 28.60 67.51 65.00 30.81 48.19
11/32 Linear Patch (Diag) 45.58 34.90 43.97 58.33 77.46 31.60 6823 64.00 29.57 50.40
11/32 Linear Patch (Rotate) ~ 43.69 32.76 44.22 59.19 77.34 3040 70.04 6500 30.72 50.37
11/32 Ghost Layer (Ours) 42.72 32,59 48.09 64.33 75.41 31.80 7401 66.00 34.07 52.11

GPU.

Layer pruning and recovery methods. We use three
layer selection criteria: LLM-Streamline (Chen et al.,
2025a), ShortGPT (Men et al., 2025), and Shortened
LLaMA (Kim et al., 2024), all using their official im-
plementations. For recovery, we compare the following
training-free methods: Prune&Comp (Chen et al., 2025b),
LinearPatch (Diag/Rotate) (Chen et al., 2026),
ReplaceMe (LS/Cos) (Shopkhoev et al., 2026), and
Ghosted Layers (ours). All baselines use official im-
plementations, except Prune&Comp, which we reimple-
ment from the paper as no public code is available. Our
implementation builds on the LinearPatch codebase.
For layer selection and operator estimation, we use 128 ran-
domly sampled sequences of length 7" = 2,048 from the C4
training split (Raffel et al., 2020).

5.2. Numerical results

Results on QA Benchmarks. Table 1 reports zero-shot
accuracy on nine commonsense QA benchmarks for 7-layer
and 11-layer pruning across two LLM backbones, with
LLM-Streamline as the pruning criterion. Across both prun-
ing ratios and both backbones, Ghosted Layers attains

the highest or competitive average accuracy among training-
free recovery methods. Results on additional backbones
(LLaMA-2-7B (Touvron et al., 2023b), OLMo-2-7B (Walsh
et al., 2025), Qwen3-14B (Yang et al., 2025)) are provided
in Appendix G.

Results on PPL Benchmarks. Table 2 reports perplexity on
WikiText-2, C4, and Penn Treebank across two backbones
and three pruning criteria. Among these, LLM-Streamline
removes a contiguous block of layers, whereas Short-
GPT and Shortened LLaMA prune layers non-contiguously.
Some pruned models exhibit markedly elevated perplexity,
a behavior consistent with observations reported in prior
work (Chen et al., 2026). Across all three pruning criteria,
Ghosted Layers achieves the lowest average perplex-
ity in most combinations, and the margin widens under the
more aggressive 11-layer setting.

Efficiency Comparison. Table 3 reports GPU memory,
prefill latency, accuracy, and perplexity for LLaMA-3.1-8B
under 11/32 layer pruning (sequence length 2,048, batch
size 1). Latency is measured as the mean prefill time over 10
runs with 3 warmup iterations, and GPU memory is reported
as the peak activated tensor footprint. LinearPatch and
Ghosted Layers incur identical cost as a single C' x C
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Table 2. Comparison on PPL benchmark with training-free methods over two LLMs. L,/ L; denotes the number of pruned layers L,, over

the total number of layers L, in the original model.

7-layer 11-Layer
Model Method WIKI| C4) PTB, PPLAVG| ACCAVG? WIKI| C4 PTB| PPLAVG| ACCAVG?
Dense 6.24 8.68 10.58 8.50 67.77 6.24 8.68 10.58 8.50 67.77
Shortened LLaMA 14.54 18.44 22.82 18.60 50.16 54.14 47.15 152.18 84.49 42.05
+ Prune and Comp 29.41 40.46 44.26 38.04 42.60 182.71 119.57  253.54 185.27 41.22
+ ReplaceMe (Ls) 70.03 55.41 134.37 86.60 43.84 1176.61  444.62 1827.31 1149.51 38.85
+ ReplaceMe (Cos) 14.40 18.35 22.68 18.48 49.79 46.80 38.71 58.73 48.08 42.05
+ Linear Patch (Diag) 12.45 17.50 20.35 16.77 41.38 22429 13605  314.63 224.99 40.84
+ Linear Patch (Rotate) 12.46 17.17 20.27 16.63 43.75 23296  180.62  343.98 252.52 41.41
™ + Ghost Layer (Ours) 10.79 15.26 18.26 14.77 53.55 78.81 64.56  196.16 113.18 4231
o_'c_ LLM-Streamline 2301.46 1173.53  3720.23 2398.41 42.60 4799.22 651032 6173.75 5827.76 44.68
< + Prune and Comp 157.93 191.65  207.59 185.72 47.25 543.58  404.81 841.99 596.79 43.00
‘é + ReplaceMe (Ls) 29.68 26.27 51.11 35.69 59.68 133.21 78.68  400.33 204.07 51.58
q + ReplaceMe (Cos) 147.97 131.94  195.69 158.53 49.75 1469.20  1487.28  1817.19 1591.22 46.63
=} + Linear Patch (Diag) 11093 13468  135.50 127.04 50.46 22432 195.13 39171 270.39 52.39
+ Linear Patch (Rotate) 57.33 73.48 67.38 66.06 53.27 23296  180.62  343.98 252.52 52.39
+ Ghost Layer (Ours) 21.35 21.52 40.56 27.81 60.01 54.98 41.31 125.73 74.01 53.92
ShortGPT 63.42 69.64 68.58 67.21 57.10 3799.22 251032 4173.75 349443 44.71
+ Prune and Comp 29.41 40.46 44.26 38.04 5591 669.00  505.01  998.22 724.08 40.85
+ ReplaceMe (Ls) 519.94 318.59 137.12 32522 36.47 1253.00 592.00 286.00 710.33 37.48
+ ReplaceMe (Cos) 64.41 67.57  103.02 78.33 56.43 423.14 53834 42584 462.44 39.55
+ Linear Patch (Diag) 27.03 36.95 34.14 3271 59.12 208.68 182.72 372.63 254.68 52.58
+ Linear Patch (Rotate) 33.16 39.51 39.27 37.31 58.90 431.44 351.86 741.12 508.14 50.93
+ Ghost Layer (Ours) 15.72 19,772 27.01 20.82 60.45 61.14 50.74 116.81 76.23 54.02
Dense 13.13 19.46 22.28 18.29 63.87 13.13 19.46 22.28 18.29 63.87
Shortened LLaMA 29.26 37.19 45.26 37.24 49.00 94.06 87.80  127.20 103.02 44.62
+ Prune and Comp 26.82 34.22 4228 34.44 49.29 38730  198.67  399.84 328.60 40.08
+ ReplaceMe (Ls) 54.69 58.63 78.63 63.98 45.94 94748  420.19  895.78 754.48 38.16
o + ReplaceMe (Cos) 27.60 35.12 42.89 35.20 49.75 95.91 84.17  134.11 104.73 4521
% + Linear Patch (Diag) 23.09 30.32 35.74 29.72 51.21 45.64 50.10 66.09 53.94 46.06
é + Linear Patch (Rotate) 23.66 30.84 36.32 30.27 51.69 45.08 48.64 63.73 52.48 45.90
= + Ghost Layer (Ours) 20.34 26.77 31.72 26.28 52.82 33.66 39.54 46.21 39.80 47.25
;] LLM-Streamline 3083.95 1291.64 2985.68 2453.76 48.01 5094.57 4171.75  4114.49 4460.27 46.52
Z + Prune and Comp 805.43  521.87 1243.46 856.92 45.77 3061.56  1009.17  4305.52 2792.08 42.84
Q + ReplaceMe (Ls) 65.41 4849  101.53 71.81 57.33 27522 138.16  485.00 299.46 49.88
= + ReplaceMe (Cos) 44174 31240 57842 444.19 51.69 4059.05  2408.55 8476.96 4981.52 48.19
% + Linear Patch (Diag) 47626 341.89  596.51 471.55 51.68 151290  585.54  1998.35 1365.60 50.40
3 + Linear Patch (Rotate) 31922 212.18  459.40 330.27 53.59 2070.12  536.66 2752.07 1786.28 50.37
g + Ghost Layer (Ours) 4527 38.69 59.37 4178 57.80 115.18 75.07  181.76 124.00 52.11
Q ShortGPT 34344 15721 906.19 468.95 55.05 4911.51  4261.16  3994.34 4389.00 46.54
+ Prune and Comp 131.62 86.37  277.45 165.15 51.13 2901.15  1443.53  3941.85 2762.18 42.68
+ ReplaceMe (Ls) 1225.19  793.62 3787.38 1935.40 4278 4096.38  5405.75  4597.50 4699.88 38.89
+ ReplaceMe (Cos) 579.23 171.66  3628.31 1459.73 54.84 4505.67 4341.19 3178.56 4008.47 44.52
+ Linear Patch (Diag) 88.29 69.16  160.98 106.14 57.11 150295 57791 1994.45 1358.44 50.37
+ Linear Patch (Rotate) ~ 110.34 66.54  211.78 129.55 56.89 3654.27  847.01 4649.31 3050.20 49.45
+ Ghost Layer (Ours) 30.30 33.71 41.29 35.10 57.87 131.41 81.61  201.41 138.14 52.31

Table 3. Inference cost, accuracy, and perplexity on LLaMA-3.1-8B under 11/32 layer pruning. GPU memory is reported as the peak
activated tensor footprint during the forward pass measured via torch.cuda.max memory_allocated (), normalized to the dense
baseline. Latency is the mean prefill time at sequence length 2,048 over 10 runs with 3 warmup iterations on the same input.

Method L,/L: GPU (%) Latency (ms) Speedup? ACC AVG! PPL AVG/|
Dense 0/32 100.0 362.6 1.00x 67.77 8.50
LLM-Streamline 11/32 71.1 244.4 1.48x 44.68 5827.76
+ Prune and Comp 11/32 71.1 244.9 1.48% 43.00 596.79
+ ReplaceMe (LS) 11/32 71.1 244.8 1.48% 51.58 204.07
+ ReplaceMe (Cos) 11/32 71.1 245.2 1.48% 46.63 1591.22
+ Linear Patch (D) 11/32 71.5 248.1 1.46x 52.39 270.39
+ Linear Patch (R) 11/32 71.5 248.1 1.46x 52.39 252.52
+ Ghost Layer (Ours)  11/32 71.5 247.6 1.46x 53.92 74.01

operation. Under this matched cost, Ghosted Layers
achieves higher accuracy and substantially lower perplexity
than LinearPatch.

6. Conclusion

We presented Ghosted Layers, a training-free recovery mod-
ule for layer-pruned large language models that addresses
boundary activation mismatch. Our approach derives a
closed-form optimal linear operator from a small calibration
set to reconstruct the activation discrepancy introduced by
pruning. Unlike prior methods that operate over constrained
operator classes, Ghosted Layers solves the alignment prob-
lem in the unconstrained space of linear operators. Across
multiple pruning strategies and LLM backbones, Ghosted

Layers consistently improves accuracy and perplexity over
prior training-free recovery methods at matched inference
cost. These results suggest that solving boundary activation
alignment at its unconstrained optimum is sufficient to sub-
stantially recover the performance of layer-pruned models
without additional inference overhead.

Limitation. Ghosted Layers requires a small unlabeled cali-
bration set to collect boundary activations from the unpruned
model and compute the recovery operator. Similar calibra-
tion requirements are shared by prior post-pruning recovery
methods such as LinearPatch and ReplaceMe. Computing
the recovery operator further requires a one-time offline
least-squares solve, which does not affect inference cost.
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Appendix: Ghosted Layers

This appendix provides supplementary materials that complement the main paper. It includes the proof of our main theoretical
result, detailed experimental settings, and additional quantitative results across calibration sizes, model architectures, fine-
tuning protocols, and calibration datasets. The appendix is organized as follows:

* Appendix A: Extended related works

* Appendix B: Proof for Theorem 4.1 and Constrained Solution space analysis
* Appendix C: Experimental setups

¢ Appendix D: Extended results (calibration size)

* Appendix G: Extended results (Additional LLM architectures)

* Appendix E: Extended results (fine-tuning)

* Appendix F: Extended results (Alternative calibration datasets)

* Appendix H: Extended results (Effect of pruning depth on accuracy)

* Appendix I: Efficiency measurement

* Appendix J: Closed-form solution computation

A. Extended related works

Structured pruning of LLMs. Structured pruning reduces model size by removing groups of parameters while preserving
dense computation, enabling deployment without specialized kernels or sparse runtime support. Width pruning removes
attention heads, MLP neurons, or hidden dimensions using importance scores derived from weights (Ma et al., 2023),
activations (An et al., 2024; Ashkboos et al., 2024), or gradients (Xia et al., 2023), but often introduces architectural
irregularities and requires retraining or distillation to recover performance (Muralidharan et al., 2024). In contrast, depth
pruning removes entire Transformer blocks while preserving the original architecture and requiring no specialized hardware
support.

Layer pruning. Various metrics have been proposed to identify redundant layers. ShortGPT (Men et al., 2025) uses a Block
Influence (BI) score based on cosine similarity between input and output activations for one-shot pruning. SLEB (Song
et al., 2024) iteratively removes layers that minimally increase perplexity on a calibration set. Shortened LLaMA (Kim et al.,
2024) evaluates each layer via its perplexity impact under removal. LLM-Streamline (Chen et al., 2025a) instead removes a
contiguous block of layers with high boundary activation similarity. These methods primarily focus on selecting which
layers to remove, leaving boundary mismatch to be handled separately.

Post-pruning recovery. Prune&Comp (Chen et al., 2025b) rescales the surviving boundary weights with per-channel
scalars, capturing only channel-wise magnitude changes and no cross-channel interaction. ReplaceMe (Shopkhoev et al.,
2026) instead approximates the pruned block’s computation with a linear map of the boundary MLP output, absorbed into
the surviving MLP weights, so the repair acts on the block’s computation rather than on the boundary hidden state itself.
LinearPatch (Chen et al., 2026) directly targets the boundary activation mismatch with a symmetric linear operator
parameterized as a Hadamard-rotated diagonal scaling, confining the search to a strict subspace of R“*¢. Our Ghosted
Layers shares the goal of reducing the boundary activation mismatch, but operates over the unconstrained space of linear
maps and solves the resulting alignment problem in closed form, recovering structure that the channel-wise, block-level, and
symmetric parameterizations above cannot express.

B. Constrained solution space analysis

B.1. Proof of Theorem B.1

This appendix provides the proof of Theorem 4.1, which establishes that W* = I 4+ M* is the minimum-norm solution to
the unconstrained activation alignment objective, and that LinearPatch’s symmetric parameterization constitutes a strict
subspace restriction of this solution. For completeness, we restate the theorem below before presenting its proof.
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Theorem B.1 (Ghosted Layers is the Unconstrained Optimum of LinearPatch). Let X e, Xpost € RT2xC gnd A =
Xpost — Xpre. Both LinearPatch and Ghosted Layers produce a repaired activation of the form Xew = Xpre W, but differ
in the structure of W:

Xpew,LP = Xprc ' HDHT Xnew GL = Xprc . (I + M*) (A1)
) < , )
Wip, W, =Wprp W, W*gRCXC

where M* = X;reA, and W* = T 4+ M* is the minimum-norm solution to the unconstrained alignment objective
minw || Xpre W — Xpost| % whereas W1,p searches only over symmetric matrices, making LinearPatch a constrained
approximation to Ghosted Layers.

Proof. Both methods produce Xy = Xpre W.

Substituting W = I + M into the alignment objective:

||XpreW - Xpost”%7 = ”XprE(I + M) - Xpost”%7
= ||XpreM - (Xpost - Xpre) ||i"
—_———

A
= [XpreM — A7 (A2)
Hence minimizing over W is equivalent to minng || XpreM — Al[%..
Since the Frobenius norm decouples across columns, it suffices to solve independently for each column j =1,...,C"
. 2
i [Xprem; — A 3. (A3)
Taking the gradient with respect to m; and setting it to zero:
ij ”Xpremj - A:JH% = 2X;—>rre(Xpremj - A:,j) =0, (A4)
which yields the normal equations:
X e Xprem; =X AL (A5)

When X, has full column rank, XILEXP]re is invertible. To handle the general rank-deficient case, let X, = uxv’T

be the thin SVD with U € R™>*" & = diag(o1,...,0,), V € RE*" and r = rank(X,.). The minimum-norm
least-squares solution is then:

" —1
mj = (XpeXpre) XA (A6)
=VvziuTA (A7)
= X! A, (A8)
where the Moore-Penrose pseudoinverse X;fn.e =VxIUT with:
1/0; ifo; > s _
(=) = foir foi>con, e, (A9)
i 0 otherwise,
Stacking the per-column solutions overall j = 1,...,C:
M* =X/ .A=VEUTA, W* =1+ M*. (A10)

LinearPatch parameterizes Wrp = HDH ', where H € R*¢ is the Walsh-Hadamard matrix satisfying H" = H™!,
and D = diag(dy,...,dc¢) is a diagonal matrix.
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We verify symmetry by direct computation:

W, = (HDH')'

—H") DHT
=HD'H'. (All)
Since D is diagonal, DT = D, and therefore:
W/, =HDH' = Wyp. (A12)

Hence W p is symmetric for any choice of D, and lies in the space of C' x C' symmetric matrices, a subspace of dimension
w, strictly smaller than C? = dim(RCXC). Therefore, Wp cannot attain W* = I + M™* whenever W* has a
non-zero anti-symmetric component, i.e., whenever W* # (W*) T, O

B.2. Computing the Symmetric and Anti-symmetric Decomposition

This section details the procedure used to compute the symmetric and anti-symmetric components of M* reported in
Figure 3 in Section 4.

B.2.1. EXPERIMENTAL SETUPS

Models. We evaluate three open-source LLM backbones: LLaMA-3-8B (Grattafiori et al., 2024), LLaMA-3.1-
8B (Grattafiori et al., 2024), and DeepSeek-R1-Distill-LLaMA-8B (Guo et al., 2025). All three models share the same
hidden dimension C'=4,096.

Calibration data. We use 128 sequences of length 7'=2,048 sampled from the C4 training split (Raffel et al., 2020),
following LinearPatch (Chen et al., 2026). For the symmetry decomposition, we process 32 batches of these sequences to
form the boundary activation matrices, yielding Tp = 32 x 2,048 = 65,536 tokens per backbone.

Pruning criterion. All backbones use the LLM-Streamline criterion (Chen et al., 2025a), which selects the contiguous
block B = {¢*,...,¢* + n — 1} of n=T layers whose boundary activations exhibit the highest cosine similarity. The same
128 calibration sequences are reused for block selection and for operator computation.

B.2.2. PROCEDURE

Step 1: Layer selection. We select the pruning block B using the criterion described above. For each backbone, this
yields a specific start index ¢* and end index ¢* 4 n determined by the cosine-similarity ranking of boundary activations.

Step 2: Boundary activation capture. With the unpruned model M in evaluation mode and use_cache=False, we
register a forward pre-hook on layer £* to capture its input X, and a forward pre-hook on layer £* 4 n to capture its input
Xpost- A forward pre-hook fires immediately before a layer’s computation, so the captured tensors correspond exactly to the
boundary activations defined in Eq. 3. Hooks are detached from the computation graph and stored on CPU. The collected
tensors have shape R7? <

Step 3: Solving for M*. We promote X;c, Xpost t0 £1loat64 and form A = X5t — Xpre. We then solve the
regularized normal equations
(X! Xpre +e)M* =X A (A13)

pre pre

via torch.linalg.solve, which internally uses an LU factorization. This is mathematically equivalent to M* =
X};reA when X,; has full column rank (Eq. 6), which holds generically whenever Tp > C.

Step 4: Decomposition and reporting. We decompose the resulting M* € R¢*C into its symmetric and anti-

symmetric parts using Eq. 11, compute the Frobenius norms [|M*||r, [|[MZ,,|F, and M} .| 7, and report the ra-

tios | Mg, [|7/|IM*||r and [[ M, || 7/||M*[| ¢ in Figure 3. The procedure is identical across all three backbones; no

model-specific tuning is performed.
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C. Experimental setups
C.1. Details on pruned models

All experiments are conducted on officially released LLM checkpoints obtained from Hugging Face, summarized in
Table Al.

Table Al. Hugging Face sources for the LLM checkpoints used in our experiments.

Model Download link

LLaMA-2-7B https://huggingface.co/meta-llama/Llama—-2-7b-hf
LLaMA-3-8B https://huggingface.co/meta-llama/Meta-Llama-3-8B
LLaMA-3.1-8B https://huggingface.co/meta-llama/Llama-3.1-8B
OLMo-2-7B https://huggingface.co/allenai/OLMo-2-1124-7B
Qwen-3-14B https://huggingface.co/Qwen/Qwen3-14B

DeepSeek-R1-Distill-Llama-8B https://huggingface.co/deepseek—-ai/DeepSeek—-R1-Distill-Llama-8B

C.2. Details on pruning and recovery methods

This section describes the pruning criteria and recovery methods used as baselines in our experiments. All baselines are
reproduced from their official implementations to ensure a fair comparison. Table A2 lists the official repositories for each
method.

Table A2. Official repositories of the pruning criteria and recovery methods used in our experiments.

Category Method Official repository

ShortGPT (Men et al., 2025) https://github.com/sramshetty/ShortGPT
Pruning criterion Shortened LLaMA (Kim et al., 2024) https://github.com/Nota-NetsPresso/shortened-11m
LLM-Streamline (Chen et al., 2025a) https://github.com/ruckbreasoning/llm-streamline

Prune&Comp (Chen et al., 2025b) N/A

ReplaceMe (Shopkhoev et al., 2026) https://github.com/mts—ai/ReplaceMe

LinearPatch (Chen et al., 2026) https://github.com/chenxinrui-tsinghua/LinearPatch
Ghosted Layers (Ours) Released upon acceptance

Recovery method

C.2.1. PRUNING CRITERIA

ShortGPT (Men et al., 2025). ShortGPT assigns each layer a Block Influence (BI) score defined as one minus the cosine
similarity between its input and output hidden states, averaged over a calibration set. Layers with the lowest BI scores are
removed in a one-shot manner. We reproduce ShortGPT using its official implementation, and BI scores are computed on
the same 128 C4 sequences used throughout the paper.

Shortened LLaMA (Kim et al., 2024). Shortened LLaMA evaluates each layer’s contribution by the perplexity degrada-
tion incurred when that layer is removed from the original model, and prunes the layers with the smallest perplexity impact.
We use the official implementation and the released pruned-layer indices where available.

LLM-Streamline (Chen et al., 2025a). LLM-Streamline selects a single contiguous block of layers to remove, choosing
the block B = {¢*,...,¢* +n — 1} whose boundary activations exhibit the highest cosine similarity. This minimizes the
representation change across the pruned region. We reproduce LLM-Streamline using its official implementation and adopt
it as the default pruning criterion in our main experiments unless otherwise specified.

C.2.2. RECOVERY METHODS

Prune&Comp (Chen et al., 2025b). Prune&Comp rescales the surviving boundary weights with per-channel scalar
factors estimated from the calibration set, compensating for magnitude shifts without introducing any additional parameters
or cross-channel interaction. As no official implementation is publicly available at the time of submission, we reimplement
Prune&Comp from the description in the original paper, using the same 128 C4 calibration sequences as all other methods
to ensure a fair comparison.
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ReplaceMe (Shopkhoev et al., 2026). ReplaceMe approximates the computation of the pruned block by a linear
transformation applied to the boundary block’s MLP output, and absorbs this transformation into the surviving MLP weights.
We reproduce ReplaceMe using its official implementation and include two variants:

* ReplaceMe (LS), which estimates the linear map via least squares

* ReplaceMe (Cos), which optimizes a cosine-distance objective with Adam for 10 epochs using the default hyperpa-
rameters of the official implementation.

LinearPatch (Chen et al., 2026). LinearPatch inserts a single matrix multiplication at the pruning boundary, parameterized
as Wp = HDH, where H is the Walsh-Hadamard matrix and D is a diagonal scaling matrix. This parameterization is
real symmetric by construction. We reproduce LinearPatch using its official implementation and include two variants:

* LinearPatch (Diag), which applies only channel-wise scaling,

* LinearPatch (Rotate), which additionally applies the Hadamard rotation.

Ghosted Layers (Ours). Ghosted Layers inserts an unconstrained linear operator W* = I + M* at the pruning
boundary, where M* = X;f,reA is the closed-form minimum-norm solution to the alignment objective defined in Section 3.
Our implementation builds on the official LinearPatch codebase and uses the same calibration set (128 sequences from C4,
T'=2,048) across all experiments.

C.2.3. DETAILS OF EVALUATION BENCHMARKS

We assess model quality along two axes: language modeling perplexity and downstream task accuracy.

Perplexity (PPL). We report perplexity on three standard language modeling corpora: WikiText-2 (Merity et al., 2017),
C4 (Raffel et al., 2020), and Penn Treebank (PTB) (Marcus et al., 1993). Perplexity is computed on non-overlapping
windows of length T'=2,048, consistent with the calibration sequence length.

Commonsense QA. For downstream accuracy, we evaluate on nine zero-shot commonsense reasoning benchmarks:
ARC-Easy and ARC-Challenge (Clark et al., 2018), HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2019),
BoolQ (Clark et al., 2019), OpenbookQA (Mihaylov et al., 2018), RTE (Dagan et al., 2005), COPA (Roemmele et al., 2011),
and RACE (Lai et al., 2017).

Evaluation framework. All perplexity and QA benchmarks are evaluated using the lm—-evaluation-harness
library from https://github.com/EleutherAI/lm-evaluation-harness, following the default evaluation
protocols.

D. Extended results: calibration size

We study the effect of the calibration set size on the performance of Ghosted Layers by varying the number of sequences
used to estimate W*. All sequences are sampled from C4 with length T'=2,048, and we evaluate perplexity on WikiText-2,
C4, and PTB under 7-layer pruning of LLaMA-3.1-8B with the LLM-Streamline criterion. As shown in Table A3, accuracy
saturates almost immediately: 32 sequences already reach 60.01 AVG accuracy, and further increases to 64 or 128 yield
essentially no gain (59.99 and 60.04).

Table A3. Ablation on the number of calibration sequences used to estimate W*, evaluated on LLaMA-3.1-8B with 7 out of 32 layers
pruned under the LLM-Streamline criterion. Perplexity (J) is reported on WikiText-2, C4, and PTB; PPL AVG is the mean across the three.
Acc AVG (T) denotes the mean zero-shot accuracy across the nine commonsense reasoning benchmarks used in our main experiments.

Num. of sequences WikiText-2 C4 PTB PPLAVGJ] AccAVG T

16 23.92 23.24 4341 30.19 59.31
32 21.35 21.52 40.56 27.81 60.01
64 20.23 21.52 39.94 27.23 59.99
128 19.68 21.21 36.77 25.89 60.04
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Perplexity continues to improve modestly with more calibration data, but the marginal returns diminish sharply beyond 32.
We adopt 32 sequences as the default since this is the smallest size at which downstream accuracy is already saturated, and
the additional perplexity reduction from larger calibration sets does not translate into accuracy gains.

E. Extended results: fine-tuning

Table A4. Comparison on Commonsense Reasoning benchmark with SOTA post-training method LLM-Streamline and Linear Patch
7-layer pruning

Model Method ARC-E ARC-C HellaS WinoG BoolQ OBQA RTE CoPa Race AVG
| Dense 74.49 46.25 7599 6890 7771 4420 62.82 87.00 39.62 64.11
: Pruned LLM 55.89 36.18  62.64 6638 62.17 3720 5235 81.00 33.78 54.18
= Linear Patch (Diag) + FT 61.62 37.63  68.61 68.19 72.02 36.60 6859 84.00 37.51 59.42
3 Linear Patch (Rotate) + FT ~ 61.95 3797 6859 6827 71.83 37.00 66.79 86.00 3828 59.63
= Ghost Layer (Ours) + FT ~ 62.92 36.69 6787 67.01 7566 3740 67.15 85.00 37.70 59.71
2 Dense 77.65 53.41 79.16 7238 8135 4500 69.68 89.00 40.00 67.51
< Pruned LLM 39.69 28.84  33.18 5549 38.07 29.60 57.40 60.00 24.02 40.70
% Linear Patch (Diag) + FT 64.44 44.11 71.17 7238 69.51  37.00 6570 83.00 37.42 60.53
j Linear Patch (Rotate) + FT ~ 64.60 4428  71.09 73.16 70.12 37.00 66.06 83.00 37.22 60.73

Ghost Layer (Ours) + FT  67.59 44.11 69.19 7222 7554 40.00 6390 85.00 36.65 61.58
a Dense 81.19 53.41 7892  73.64 8211 4480 69.68 87.00 39.14 67.77
o Pruned LLM 44.19 33.11 3339 5699 3820 32.60 58.12 61.00 25.84 42.60
<§t Linear Patch (Diag) + FT 67.42 4326 7093  72.14 6780 36.60 69.31 81.00 3837 60.76
G Linear Patch (Rotate) + FT ~ 67.80 4377  70.88 7222 67.13 36.80 69.31 81.00 37.80 60.75
= Ghost Layer (Ours) + FT ~ 70.03 4369 68.81 71.67 73.09 4020 67.87 84.00 36.75 61.79
A Dense 65.87 42.41 7435 67.80 8291 4120 69.68 89.00 41.63 63.87
§ Pruned LLM 49.92 3524 4633 6156 5199 3240 57.40 70.00 27.27 48.01
] Linear Patch (Diag) + FT 56.48 3746 6792 64.80 81.28 37.80 70.04 83.00 38.85 59.74
= Linear Patch (Rotate) + FT ~ 56.48 37.54 6772 68.11 80.15 3640 6895 83.00 3837 59.64
A Ghost Layer (Ours) + FT 57.37 38.91 66.01  66.77 77.83 37.80 7292 87.00 39.33 60.44

E.1. Fine-tuning setup

We follow the fine-tuning protocol of LinearPatch (Chen et al., 2026) exactly to ensure a fair head-to-head comparison
under identical post-training conditions. Specifically, we adopt a memory-efficient offline knowledge distillation strategy
where the pruned model (student) is trained to match the output distribution of the unpruned model (teacher) via Kullback—
Leibler (KL) divergence on the top-K logits.

Distillation objective. We optimize only the boundary operator (W* for Ghosted Layers or Wpp for
LinearPatch) while freezing all other parameters of the pruned model. For each training sample x € 7T, we min-
imize:

min Bxer KL(0,(x), 04(x)) (A14)

where o, and oz denote the top-K logits probability distributions from the teacher and student, respectively, using the
teacher’s vocabulary indices for both. Following LinearPatch paper (Chen et al., 2026), we set K = 100.

Training configuration. We use the identical configuration across all compared methods (LinearPatch (Diag)
+ FT, LinearPatch (Rotate) + FT,and Ghosted Layers + FT) to isolate the contribution of the operator
parameterization:

+ Optimizer: AdamW (Loshchilov & Hutter, 2019) with a learning rate of 1 x 10~%.
* Training data: 5,000 sequences of length 7" = 2,048 randomly sampled from the C4 training split (Raffel et al., 2020).
* Schedule: One epoch, with no learning rate warmup or decay.

* Frozen parameters: only the boundary operator is updated; all other model parameters are frozen.
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Table A5. Comparison on PPL and Commonsense Reasoning benchmark with SOTA post-training method LLM-Streamline and Linear
Patch 7-layer pruning

Model Method WIKI Cc4 PTB PPL AVG
/A Dense 547 6.71 22.51 11.56
:,':' Pruned LLM 18.45 25.37 62.18 35.33
= Linear Patch (Diag) + FT 11.13 12.19 37.09 20.14
3 Linear Patch (Rotate) + FT 10.91 12.07 37.28 20.09
- Ghost Layer (Ours) + FT 10.01 10.31 31.27 17.20
a Dense 6.14 8.61 10.58 8.44
< Pruned LLM 2305.48 2106.64 4642.40 3018.17
% Linear Patch (Diag)+ FT 17.29 21.59 30.25 23.04
j Linear Patch (Rotate)+ FT 17.15 21.62 30.48 23.08

Ghost Layer (Ours) + FT 13.00 14.96 23.03 17.00
A Dense 6.24 8.68 10.58 8.50
< Pruned LLM 2301.46 1173.53 3720.23 2398.41
%’: Linear Patch (Diag) + FT 17.26 21.51 30.20 22.99
< Linear Patch (Rotate) + FT 17.05 21.54 30.33 22.97
= Ghost Layer (Ours) + FT 13.10 14.99 23.14 17.08
@ Dense 13.13 19.46 22.28 18.29
§ Pruned LLM 3083.95 1291.64 2985.68 2453.76
3 Linear Patch (Diag) + FT 35.96 34.63 51.01 40.53
= Linear Patch (Rotate) + FT 33.64 3347 51.39 39.50
A Ghost Layer (Ours) + FT 22.92 25.26 33.66 27.28

For Ghosted Layers, the closed-form W* =1 +4 M* is used as the initialization and then fine-tuned under the same
objective. We drop any structural constraint on W* during fine-tuning, consistent with the unconstrained formulation in
Section 3.

Evaluation. We evaluate fine-tuned models on the same nine commonsense QA benchmarks (Table A4) and three
perplexity corpora, WikiText-2 (Merity et al., 2017), C4 (Raffel et al., 2020), and PTB (Marcus et al., 1993) (Table AS),
used throughout the main paper. Perplexity is computed on non-overlapping windows of length 7' = 2,048.

E.2. Fine-tuning Results

Tables A4 and A5 report the QA accuracy and perplexity comparisons between Ghosted Layers + FT and
LinearPatch + FT across four LLM backbones (LLaMA-2-7B, LLaMA-3-8B, LLaMA-3.1-8B, and DeepSeek-R1-
Distill-LLaMA-8B) with 7 layers pruned.

QA accuracy. As shown in Table A4, Ghosted Layers + FT attains the highest average accuracy across all four
backbones under the same fine-tuning budget. The margin over the stronger LinearPatch (Rotate) + FT ranges
from +-0.08 on LLaMA-2-7B to +1.04 on LLaMA-3.1-8B, suggesting that the unconstrained operator continues to benefit
from lightweight post-training, despite the fine-tuned LinearPatch variants being free to move out of the symmetric
subspace during training.

Perplexity. Table A5 shows a more pronounced gap on the language modeling benchmarks. Ghosted Layers + FT
achieves the lowest average perplexity across all four backbones, with relative reductions of 14.4% (LLaMA-2-7B), 26.3%
(LLaMA-3-8B), 25.7% (LLaMA-3.1-8B), and 30.9% (DeepSeek-R1-Distill-LLaMA-8B) over the stronger LinearPatch
(Rotate) + FT. This pattern is consistent with the interpretation that the closed-form W™ provides a lower-error
initialization on the boundary alignment objective, and that starting distillation from this initialization yields better generative
quality within the same training budget.
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F. Extended results: Alternative calibration datasets

To evaluate the robustness of Ghosted Layers to the choice of calibration corpus, we repeat our main zero-shot QA
experiments with the calibration dataset replaced from C4 (Raffel et al., 2020) to WikiText-2 (Merity et al., 2017). All
other settings, including the number of calibration sequences (128), sequence length (1'=2,048), pruning criterion (LLM-
Streamline (Chen et al., 2025a)), and evaluation protocol across nine commonsense QA benchmarks, are identical to the
main experiments reported in Table 1.

Table A6 reports the results across three LLM backbones and two pruning ratios. Ghosted Layers attains the highest
average accuracy in all six settings, consistent with the C4-calibrated results in the main paper. The average accuracy of
Ghosted Layers changes by at most 0.36 points when the calibration corpus is switched from C4 to WikiText-2 (e.g.,
60.01 — 59.65 on LLaMA-3.1-8B at 7-layer pruning), indicating that the closed-form operator is not sensitive to the specific
calibration distribution. Notably, the gap over the strongest training-free baseline widens under more aggressive 11-layer
pruning, where the boundary activation mismatch is larger, suggesting that the unconstrained formulation is especially
beneficial when the gap to reconstruct grows. This robustness to the calibration source is a practical advantage: practitioners
can use whichever in-domain corpus is most readily available without retuning the recovery operator.
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Table A6. Zero-shot accuracy (%) on nine commonsense QA benchmarks for 7-layer and 11-layer pruning across three LLM backbones,
using WikiText-2 as the calibration corpus instead of C4. All other settings match Table 1: 128 calibration sequences with sequence
length T'=2,048 and pruning boundaries selected via LLM-Streamline. AVG denotes the mean accuracy across all nine tasks. Ghosted
Layers attains the highest average accuracy in all six settings, demonstrating robustness to the choice of calibration corpus.

Model L,/L; Method ARC-E ARC-C HellaS WinoG BoolQ OBQA RTE CoPa Race AVG T
0/32 Dense 71.78 5324  79.16 7253 8138 4500 69.68 89.00 40.19 67.55

7/32 Shortened LLaMA  58.88 32,68  59.17 5406 4544 3440 54.15 7500 30.72 49.39
7/32 LLM-Streamline 39.65 29.18 3323 5541 38.04 2980 57.40 60.00 24.02  40.75
7/32 ShortGPT 39.65 29.18 3323 5541 38.04 2980 57.40 60.00 24.02 40.75
7/32 Prune&Comp 42.09 29.61 4136 5943  51.04 3340 5993 68.00 2727 45.79
7/32 ReplaceMe (LS) 64.44 43.69 6432 7245 67.65 37.00 6895 75.00 3541 @ 58.77

m 7/32 ReplaceMe (Cos) 50.93 3473 49.71 66.14  39.02 34.00 63.18 66.00 29.67 48.15
ﬁ 7/32 Linear Patch (D) 43.18 31.66  43.14  60.62 5731 33.80 6498 68.00 28.52 4791
< 7/32 Linear Patch (R) 51.14 3413 4924 63.14 5725 3400 67.51 67.00 29.76  50.35
% 7/32 Ghost Layer (Ours)  65.70 43.86 6633 7230 69.60 3840 67.87 78.00 3694  59.89
j 11/32 Shortened LLaMA ~ 45.50 29.69  48.81 52.64 5942 2920 49.82 67.00 26.60 4541
11/32 LLM-Streamline 38.17 2986 3293 5675 56.09 3020 70.04 57.00 27.27 4426
11/32 ShortGPT 38.17 2986 3293 56.75 56.09 3020 70.04 57.00 27.27 4426
11/32 Prune&Comp 37.25 28.16 4286  57.14 6281 2920 5632 62.00 25.07 4453
11/32 ReplaceMe (LS) 44.36 3498 4510 67.09 67.06 3140 6426 72.00 29.09 50.59
11/32 ReplaceMe (Cos) 42.68 3319  37.64 5777 6190 29.00 62.09 57.00 29.86 45.68
11/32 Linear Patch (D) 46.51 3558  47.68 60.77 7089 32.00 69.31 69.00 30.24 5133
11/32 Linear Patch (R) 47.81 3464 4403 6085 76.09 31.60 6643 67.00 31.96 51.16
11/32 Ghost Layer (Ours) ~ 49.12 34.81 51.16 6898 7731 31.60 6643 7400 3234 5397
0/32 Dense 81.31 53.50 7890  73.72  82.02 4480 69.68 87.00 39.23  67.80
7/32 Shortened LLaMA  61.36 3294 5952 5391 43770 3540 5090 76.00 31.20 49.44
7/32 LLM-Streamline 44.15 33.02 3340 56.83 3820 3260 58.12 61.00 26.03 42.59
7/32 ShortGPT 58.29 42.15 6493 6827 6202 3460 6931 80.00 3435 57.10
7/32 Prune&Comp 45.20 3046  44.05 5841 5141 3480 60.65 67.00 27.46  46.60
7/32 ReplaceMe (LS) 66.67 43.09 6423 73.01 6572 3500 71.12 77.00 3541 59.03
! 7/32 ReplaceMe (Cos) 55.81 36.09 4986  63.69 3933 36.00 6029 69.00 3091  49.00
= 7/32 Linear Patch (D) 48.06 32776 4646 6140 6034 3520 6823 68.00 29.00 49.94
«w 7/32 Linear Patch (R) 58.00 37.54 5421 64.17 6049 3540 69.68 69.00 29.09 53.06
% 7/32 Ghost Layer (Ours)  68.69 42.58 66.21 7230  66.09 36.80 7148 75.00 37.70  59.65
j 11/32 Shortened LLaMA ~ 48.53 29.61 4952 5272 5936  29.60 5126 64.00 26.51 45.68
11/32 LLM-Streamline 39.65 3029 3147 5651  55.08 3020 69.68 61.00 28.52 44.71
11/32 ShortGPT 39.65 3029 3147 5651  55.08 3020 69.68 61.00 28.52 44.71
11/32 Prune&Comp 42.47 2927 4288 5620 63.79 29.00 5993 61.00 27.37 4577
11/32 ReplaceMe (LS) 46.00 3532 4448 66.85 65.66 32.00 7040 75.00 29.57 51.70

11/32 ReplaceMe (Cos) 43.69 32.17 3644 5730 5847 2940 6895 62.00 3148  46.66
11/32 Linear Patch (D) 50.51 36.77 4829 6251 70.61 31.60 7256 68.00 29.76  52.29
11/32 Linear Patch (R) 50.80 35.15 46.60 61.88 7529 31.00 70.04 70.00 30.72  52.39
11/32 Ghost Layer (Ours)  50.46 34.30 50.62 6835 74.65 3240 67.87 7200 33.11 5375

0/32 Dense 65.91 4249 7435 67.88 8291 4140 69.68 89.00 41.53 63.91

7/32 Shortened LLaMA ~ 48.48 3097 50.84 5075 6272 30.60 5848 69.00 31.67 48.17
7/32 LLM-Streamline 49.12 37.12 5598 6322 77.06 3400 7473 71.00 3321 55.05
7/32 ShortGPT 49.12 37.12 5598 6322 77.06 3400 7473 71.00 3321 55.05
7/32 Prune&Comp 47.22 3148 5375 5588 72,60 3220 6570 63.00 3225 5045
7/32 ReplaceMe (LS) 54.34 3737  60.04 6630 73.61 3340 7256 81.00 40.10 57.64
7/32 ReplaceMe (Cos) 51.47 36.09 5812 62,67 7627 31.00 7545 71.00 34.16 55.14
7/32 Linear Patch (D) 54.71 3643  60.62 6480 8135 3340 7473 72.00 36.08 57.12
7/32 Linear Patch (R) 53.87 36.52 6077 66.14  79.66 34.60 7473 74.00 37.51 57.53
7/32 Ghost Layer (Ours) ~ 54.12 37.12 5954 6732 7095 3340 76.17 81.00 40.04 57.74

11/32 Shortened LLaMA  39.52 26.28 3790 5043 4098 2480 5235 61.00 2536 39.85
11/32 LLM-Streamline 38.17 29.86 3293 5675 56.09 3020 70.04 57.00 2727 4426
11/32 ShortGPT 37.12 31.57 3872 5525 7523 2740 6426 63.00 2632 46.54
11/32 Prune&Comp 35.98 29.35 36.54 5193 6453 2560 59.57 56.00 24.69  42.69
11/32 ReplaceMe (LS) 40.49 3234 4405 6156 81.80 31.80 7437 68.00 32.15 51.84
11/32 ReplaceMe (Cos) 38.47 31.06  40.85 5422 7777 2720 67.15 65.00 30.14 4798
11/32 Linear Patch (D) 45.12 3422  43.12 5785 7740 32.00 67.87 61.00 28.61  49.69
11/32 Linear Patch (R) 43.52 3242 4496 5991 7798 30.60 69.68 65.00 31.00 50.56
11/32 Ghost Layer (Ours)  43.94 3336 4643  62.83 76.67 3320 7690 71.00 3445 53.20

DeepSeek-R1-Distill-LLaMA-8B
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G. Extended results: Additional LLLM architectures

To evaluate the generality of Ghosted Layers beyond the backbones reported in the main paper, we extend our zero-shot
QA experiments to three additional LLMs: OLMo-2-7B (Walsh et al., 2025), LLaMA-2-7B (Touvron et al., 2023b), and
Qwen-3-14B (Yang et al., 2025). These models span different pretraining corpora, model generations, and scales, allowing
us to assess whether the recovery quality of Ghosted Layers transfers across architectural and training variations.
All other experimental settings—including the calibration corpus (128 sequences from C4, T'=2,048), pruning criterion
(LLM-Streamline (Chen et al., 2025a)), and evaluation protocol across nine commonsense QA benchmarks—are identical to
the main experiments in Table 1. For Qwen-3-14B, which has L=40 layers, we report results at 13/40 and 15/40 pruning
ratios to match the relative pruning depths of 7/32 and 11/32 used for the 32-layer backbones.

Table A7 reports the results. Ghosted Layers attains the highest average accuracy in all six settings across the
three backbones and two pruning ratios, consistent with the trend observed in the main paper. Notably, the margin over
the strongest training-free baseline tends to widen on Qwen-3-14B under aggressive pruning (15/40), where Ghosted
Layers achieves 43.61 AVG accuracy versus 40.08 for the next-best method (ReplaceMe (Cos)). The relative
ordering among baselines is similar to that in Table 1, indicating that Ghosted Layers generalizes favorably across
architectures with different pretraining corpora, scales, and design choices, including grouped-query attention variants such
as Qwen-3.
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Table A7. Zero-shot accuracy (%) on nine commonsense QA benchmarks for three additional LLM backbones beyond those in the main
paper: OLMo-2-7B, LLaMA-2-7B, and Qwen-3-14B. All methods are training-free and use 128 calibration sequences sampled from C4
with sequence length 7'=2,048. Pruning boundaries are selected via the LLM-Streamline criterion. AVG denotes the mean accuracy
across all nine tasks. Ghosted Layers achieves the highest average accuracy across all three backbones and both pruning ratios.

Model L,/L; Method ARC-E ARC-C HellaS WinoG BoolQ OBQA RTE CoPa Race AVG T
0/32 Dense 81.19 56.14 7893 7466 7823 4520 71.12 89.00 40.10 6829

7/32 Shortened LLaMA  71.34 4326  68.16 6575 6520 41.20 62.09 79.00 3330 58.81
7/32 LLM-Streamline 66.41 40.78 6420 7032  69.63 36.00 7148 8200 37.70 59.84
7/32 ShortGPT 60.65 37.37 62.81 67.09 3813 37.00 54.51 73.00 3330 51.54
7/32 Prune&Comp 43.56 2637  44.68 5730 5468 28.80 49.10 69.00 27.08 44.51
7/32 ReplaceMe (LS) 65.70 39.59 63.14 7096  70.21  36.40 70.04 81.00 38.09 59.46
7/32 ReplaceMe (Cos) 66.88 40.10  63.65 7040 67.74 3640 7329 81.00 38.09 59.73

'E!i 7/32 Linear Patch (D) 62.46 3840 67.78  70.17 4388 3740 64.62 78.00 33.68 55.15
(\5' 7/32 Linear Patch (R) 67.34 41.64  67.01 71.03 6394 3720 67.87 80.00 36.27 59.14
E 7/32 Ghost Layer (Ours) ~ 67.67 41.81 63.62 70.88 7024 37.87 70.04 80.00 37.42 5995
© 11/32 Shortened LLaMA 5345 30.29 5232 5470 6223 3220 53779 66.00 31.58 4851
11/32 LLM-Streamline 50.17 3396 52,64 6701 5633 3360 7834 71.00 3043 52.61
11/32 ShortGPT 36.78 25.43 3359 51.85 3832 2680 50.54 66.00 2593 3947
11/32 Prune&Comp 28.79 25.68 2736 5075 3927 27.00 47.65 60.00 20.86 36.37
11/32 ReplaceMe (LS) 46.34 3191 4622 6590 68.04 3140 73.65 70.00 3033 51.53
11/32 ReplaceMe (Cos) 49.79 33.62 51.68 6685 60.09 3280 7834 69.00 29.86 5245
11/32 Linear Patch (D) 39.86 30.55 4243 5699  51.19 3480 71.84 64.00 2699 46.52
11/32 Linear Patch (R) 50.38 35.15 50.71 6148 5930 3740 7690 74.00 3053 52.87
11/32 Ghost Layer (Ours) ~ 46.51 33.87 4545 6725 7599 3300 7726 68.00 30.81 53.13
0/32 Dense 74.49 4625 7599 6890 77.71 4420 62.82 87.00 39.62 64.11
7/32 Shortened LLaMA ~ 43.77 26.88 4298 5083 57.03 31.00 5126 75.00 27.94 4519
7/32 LLM-Streamline 48.61 3276  56.15 6448 6217 3280 5740 77.00 3225 5151
7/32 ShortGPT 48.61 3276 56.15 6448  62.17 32.80 5740 77.00 3225 51.51
7/32 Prune&Comp 48.44 3191 53.81 59.83  62.17 3580 57.04 83.00 3196 51.55
7/32 ReplaceMe (LS) 50.55 35.07 5493  64.64 6535 3340 5848 74.00 3579 5247
=) 7/32 ReplaceMe (Cos) 49.92 33.79 57.18 6488  62.17 3340 62.09 76.00 3330 5253
Z 7/32 Linear Patch (D) 55.13 3456  57.12 6346 6217 3560 5596 78.00 35.02 53.00
< 7/32 Linear Patch (R) 55.22 3370 5792 6519 6214 3560 55.60 78.00 34.64 53.11
% 7/32 Ghost Layer (Ours)  52.99 33.79  58.01 66.38 7028 35.80 5343 76.00 37.70 53.82
j 11/32 Shortened LLaMA ~ 44.95 25.09 4244 5107 4777 3040 54.87 72.00 27.08 43.96
11/32 LLM-Streamline 42.59 3259 4843 6235 6223 3040 5848 78.00 30.33 4949
11/32 ShortGPT 42.80 3046 4450 6046 6226 3540 4729 7200 29.57 47.19
11/32 Prune&Comp 42.68 28.16 4279 57770 6226 30.00 5271 78.00 2593 46.69
11/32 ReplaceMe (LS) 40.99 32,17 4629 6054 7459 2980 56.68 73.00 3234  49.60
11/32 ReplaceMe (Cos) 38.80 3294 46,57  57.62 6214 3040 6029 7400 31.58 4826
11/32 Linear Patch (D) 48.95 3353 5335 63.06 6220 3400 5993 77.00 34.07 5179
11/32 Linear Patch (R) 49.28 3251 5273 6298 6217 3320 61.73 77.00 33.88 51.72
11/32 Ghost Layer (Ours) ~ 49.81 31.83 4928 6582 7370 3380 57.04 72.00 33.01 5181
0/40 Dense 82.83 60.24 7882 7285 8930 4620 77.62 90.00 43.16 7122
13/40 Shortened LLaMA  31.35 28.16 4393 4996 51.01 2920 5451 72.00 29.38 4327
13/40 LLM-Streamline 33.80 31.31 3216 5691  62.17 30.00 4874 64.00 2526 4271
13/40 ShortGPT 29.59 26.71 37.82 4949  62.02 2880 49.82 61.00 24.88 41.13
13/40 Prune&Comp 33.80 3131 3216 5691  62.17 30.00 48.74 64.00 2526 4271
13/40 ReplaceMe (LS) 3232 27.47 30.69 5817 7817 2780 56.32 64.00 2641 4459
0 13/40 ReplaceMe (Cos) 33.16 30.72 3248  57.30  62.17  30.00 49.10 64.00 2526  42.69
= 13/40 Linear Patch (D) 25.08 2270 25.04 4957 3783 2760 5271 5500 2593 3572
o 13/40 Linear Patch (R) 25.08 2270 25.04 4957 3783 2760 5271 55.00 2593 3572
§ 13/40 Ghost Layer (Ours) ~ 35.65 2892 3391 6046  72.84 29.00 4838 66.00 28.04 44.80
o

15/40 Shortened LLaMA ~ 35.27 23.04 3416 5036 5287 2740 5523 59.00 2670 40.45
15/40 LLM-Streamline 39.48 27.39 3585 4822 3850 29.00 50.18 61.00 21.05 3896
15/40 ShortGPT 29.04 26.54 3349 4870 61.68 2860 5235 55.00 23.83 3991
15/40 Prune&Comp 39.48 27.39 3585 4822 3850 29.00 50.18 61.00 21.05 3896
15/40 ReplaceMe (LS) 38.59 25.68 3489 5146 3780 2940 46.57 60.00 2699 @ 39.04
15/40 ReplaceMe (Cos) 42.72 27.82 3841 4751 3826 30.00 50.18 62.00 23.83 40.08
15/40 Linear Patch (D) 41.16 28.67 2720 5020 4095 2720 5126 50.00 2593  38.06
15/40 Linear Patch (R) 37.58 2696 3569  50.67 4358 29.60 4946 55.00 2593  39.39
15/40 Ghost Layer (Ours) ~ 44.78 2739 4357 5391 4339 3060 5199 67.00 29.86 43.61
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H. Extended results: Effect of pruning depth on accuracy

Figure A1l shows the average commonsense accuracy on LLaMA-3.1-8B as the number of pruned layers increases from 7 to
15. Ghosted Layers consistently achieves the highest accuracy across all pruning depths. Notably, the performance gap
over competing methods widens as pruning becomes more aggressive, indicating that the unconstrained operator remains
effective even under larger activation mismatch.
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Figure Al. Average accuracy across 9 commonsense reasoning benchmarks with LLaMA-3.1-8B
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I. Efficiency measurement

This section details the methodology and full experimental results for the inference efficiency measurements reported in
Table 3.

L.1. Setup
Hardware. All measurements are conducted on a single NVIDIA A40 48GB GPU.

Model configuration. We evaluate LLaMA-3.1-8B under two pruning ratios, n = 7 and n = 11 out of L = 32
Transformer layers, in f1oat16. Pruning boundaries are selected via LLM-Streamline (Chen et al., 2025a) using 128
calibration sequences of length T' = 2,048 sampled from the C4 training split. The selected boundaries are [23, 30) for
n = 7and [19,30) for n = 11.

Latency protocol. For each configuration, we measure prefill latency with 3 warmup iterations followed by 10 timed
runs. Each run performs a single forward pass with use_cache=False, wrapped in torch.cuda.synchronize ()
before and after timing. We report the mean and standard deviation across the 10 runs.

GPU protocol. Peak GPU memory is measured via torch.cuda.max-memory-allocated(), which
records the maximum activated tensor footprint during the forward pass and is unaffected by PyTorch’s
caching allocator reserving unused memory blocks. Before each measurement, we reset the peak counter
via torch.cuda.reset _peak memory_stats () and clear the allocator’s cache through three cycles of
gc.collect (),torch.cuda.empty_cache (),and torch.cuda.ipc_collect (), ensuring that the reported
peak reflects only the memory required by the model under measurement.

Table A8. Prefill latency (ms) on LLaMA-3.1-8B with n = 7 pruned layers, across sequence lengths and batch sizes. Values are mean +
standard deviation over 10 runs with 3 warmup iterations; OOM indicates the configuration exceeded available GPU memory. Ghosted
Layers consistently matches LinearPatch in latency across all configurations.

Seq  Batch Dense Pruned (Streamline) LinearPatch (Diag) LinearPatch (Rotate) Ours
512 1 95.94+ 0.2 76.6 + 0.4 77.8+ 0.4 78.8+0.8 78.1+ 0.2
512 4 352.3+ 0.6 281.8+ 1.6 284.2+ 1.9 285.7+1.6 285.5+1.3
512 16 1329.0 £ 1.0 1055.4 + 3.1 1064.6 + 0.9 1067.8 2.4 1071.0 £ 3.0
1024 1 185.7 £ 1.0 148.0 £ 2.2 148.1 £ 1.0 148.7 £ 1.0 149.4 £ 0.9
1024 4 704.3 + 1.4 558.9 + 1.1 564.1 + 1.0 564.8+1.1 564.8 £ 1.2
1024 16 2628.7 £ 3.3 2086.9 £+ 2.3 2120.5 £+ 3.6 2119.8 £1.1 2116.3+2.4
2048 1 362.6 + 1.6 287.8+ 1.4 291.4+ 1.6 291.74+1.7 291.9+£1.7
2048 4 1359.8 £ 0.8 1079.8 £ 0.5 1093.9 + 2.8 1090.5 + 2.3 1091.5+1.6
2048 16 5368.3 £ 4.6 4261.4 + 3.5 4319.7 + 3.4 4319.7 £ 4.8 4299.3+ 7.6
4096 1 740.2 £ 1.7 587.8 + 1.0 595.4 + 0.8 594.5+1.3 594.4+£1.0
4096 4 2778.7 £ 2.6 2206.2 + 2.3 2230.5+ 1.4 2232.0 £2.8 2231.9+ 1.6
4096 16 11121.7 £ 5.1 8813.4 £ 13.2 8921.2 £ 9.7 8935.4 £ 5.9 8923.2+ 2.7
8192 1 1506.0 + 0.5 1193.2 + 1.2 1205.3 + 1.3 1206.2 + 0.9 1205.5 £ 0.5
8192 4 5952.6 £ 4.2 4718.1 £ 2.0 4773.3 £5.3 4771.7 £ 3.8 4767.2 £ 3.6
L.2. Latency Analysis

Aggregate metrics. Table 3 in the main paper reports the aggregate GPU memory, prefill latency, accuracy, and perplexity
at sequence length 2,048 and batch size 1. LinearPatch (both Diag and Rotate variants) and Ghosted Layers
exhibit nearly identical wall-clock latency, reflecting the structural equivalence established in Section 4: both reduce to
a single C' x C matrix multiplication at the boundary. Atn = 7, Ghosted Layers (291.9ms) and LinearPatch
(Rotate) (291.7 ms) are indistinguishable within measurement noise, and they remain within 0.5 ms of each other at
n=11.

Grid sweep across sequence lengths and batch sizes. To confirm that the cost equivalence holds beyond the representative
configuration, we sweep prefill latency across sequence lengths {512, 1024, 2048, 4096, 8192} and batch sizes {1, 4, 16}.
Tables A8 and A9 report the n = 7 and n = 11 grids, respectively. Across both pruning ratios and all evaluated
configurations, the latency of Ghosted Layers matches LinearPatch to within measurement noise and preserves
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Table A9. Prefill latency (ms) on LLaMA-3.1-8B with n = 11 pruned layers, across sequence lengths and batch sizes. Same measurement

protocol as Table A8.
Seq  Batch Dense Pruned (Streamline) LinearPatch (Diag) LinearPatch (Rotate) Ours
512 1 96.5 £ 0.2 65.5 £ 0.2 73.6 +£9.5 67.0 £ 0.2 66.4 + 0.4
512 4 354.3 +£ 2.1 238.6 + 0.7 243.5+ 0.3 243.3+ 1.5 243.0+£1.6
512 16 1334.9 + 2.0 894.2 + 4.1 913.0 £ 2.9 910.1+1.2 913.44+3.1
1024 1 186.6 £ 1.7 124.8 £ 0.5 127.1+£1.1 127.0£ 1.9 126.8 £ 0.9
1024 4 706.8 £ 1.7 476.2 £ 0.9 479.0+ 1.4 479.8+£ 0.3 480.0+0.4
1024 16 2636.6 £ 2.8 1785.9 + 6.2 1804.5 + 2.0 1808.8 2.3 1804.1 £3.1
2048 1 363.5 + 1.2 2444+ 1.4 248.1 + 1.1 248.1 +1.0 247.6+1.1
2048 4 1359.3 + 0.9 917.4 + 2.0 929.0 + 1.3 929.94+ 1.0 929.6 £0.5
2048 16 5349.4 £ 4.3 3607.1 4.2 3675.6 £ 7.1 3681.4 £4.6 3674.7+8.1
4096 1 739.8 £ 1.1 4979+ 1.0 505.0 + 0.8 505.6 £ 1.0 505.8+£0.8
4096 4 2778.2+1.9 1867.5 + 2.9 1900.7 + 1.2 1903.0 £ 2.6 1901.6 £ 2.0
4096 16 11115.8 + 8.0 7479.6 £ 15.8 7600.3 £ 8.1 7618.9 £ 5.8 7608.7 + 5.2
8192 1 1507.1 + 0.4 1015.3 +£ 0.7 1026.4 + 0.8 1027.7 +£1.2 1027.1 £0.7
8192 4 5945.9 £+ 2.1 4017.7 £ 3.1 4059.2 + 1.8 4066.5 + 4.5 4063.6 £ 4.9

the speedup gained from layer removal regardless of sequence length or batch size. This confirms that the inference-cost
equivalence established analytically in Section 4 holds robustly in practice.
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J. Closed-form Solution Computation

The closed-form operator M* = XI _A in Theorem 4.1 can be obtained either by directly inverting the thin SVD of Xopre

pre

via torch.linalg.svd, or by solving the regularized normal equations via torch.linalg.solve . The latter
yields a Tikhonov-regularized least-squares solution that converges to the unregularized pseudoinverse as € — 0 (Golub &
Van Loan, 2013); with the small ¢ = 10~ used throughout, the two procedures coincide numerically when X, has full
column rank, which holds with high probability under 7> > C. Table A10 empirically confirms this numerical equivalence.

SVD-based. Given the thin SVD X, = UZVT with U € RTpXC 3 € REXC, V € REXC (the reduced form returned
by torch.linalg.svd with full matrices=False), the Moore-Penrose pseudoinverse is Xgm =VXTUT,
yielding

M*=VETUTA, (A15)

where X7 truncates singular values below 1079 . ghax to zero for numerical stability (Higham, 2002). Internally,
torch.linalg.svd computes the decomposition through a Jacobi-based driver (gesvdj) with a QR-based fall-
back (gesvd) on CUDA. This procedure is robust to rank deficiency, but explicitly materializes U € RT2*¢ whose size
scales linearly with the calibration length T’p.

Solver-based. The same minimum-norm solution can be obtained by solving the regularized normal equations

(XpeXpre +e )M =XT A, =105, (A16)
via torch.linalg.solve, which solves the square linear system AX = B for invertible A (Golub & Van Loan,
2013). The small ridge term €I ensures the system remains well-conditioned and invertible, which is standard practice for
numerically stable least-squares solves (Higham, 2002). Both accumulators XJ . Xpre and X[ A live in RE*€, with size
independent of T'». They can therefore be accumulated in a streaming fashion across calibration batches, so the entire
calibration corpus need never reside in memory at once.

Table A10. SVD-based and solver-based computation of M* on LLaMA-3.1-8B with n = 7 pruned layers, using 32 calibration batches
(Tp = 65,536, C' = 4,096) in £1oat 64. Both procedures produce identical results. ACC AVG (1) denotes the mean zero-shot accuracy
across the nine commonsense reasoning benchmarks used in our main experiments.

Method WIKI C4 PTB PPL AVG Acc AVG

torch.linalg.svd ~ 21.35 21.53 40.56 27.81 60.00
torch.linalg.solve 21.35 21.52 40.56 27.81 60.01

As shown in Table A10, the two procedures yield negligible differences in both perplexity and accuracy across all benchmarks,
confirming that the small ridge regularization ¢ = 10~% has no measurable effect on downstream performance.

24



