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Rethinking the Role of Tensor Decompositions
in Post-Training LLM Compression

Anonymous Author(s)

Abstract

Post-training compression is essential for deploying large language
models (LLMs) under tight resource constraints. Tensor decomposi-
tions have emerged as a promising direction, offering compact pa-
rameterizations well suited to Transformer weight structures. How-
ever, existing studies evaluate these methods in narrow settings,
leaving unclear whether tensorization is effective at large-scale
deployment. We systematically evaluate tensor compression across
dense and MoE architectures, establishing performance trade-offs
grounded in both empirical analysis and theoretical derivation. We
identify a fundamental mismatch between the shared subspaces
assumed by tensor decompositions and the heterogeneous represen-
tations learned by modern LLMs, thereby delineating their practical
limits and clarifying their viable role in large-scale deployment. The
code is available at https://anonymous.4open.science/r/TT_exps-
E4FC.
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1 Introduction

In recent years, large language models (LLMs) have grown con-
siderably in scale, increasing the storage and deployment costs
and limiting their applicability in resource-constrained settings.
Consequently, compression techniques are widely used to improve
efficiency while preserving quality.

The primary goal of model compression is to reduce redun-
dancy while preserving the model’s functional behavior. Standard
approaches include pruning, which removes redundant compo-
nents to decrease model size [8, 12, 17]; quantization, which rep-
resents weights and activations with lower-precision data types
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[1,5,9, 16, 30]; and knowledge distillation (KD), which trains a com-
pact student model to approximate the behavior of a larger teacher
model [14, 24]. However, achieving state-of-the-art performance
with these techniques typically requires extensive fine-tuning or
data-driven calibration.

A natural alternative to the structural methods is matrix and
tensor decompositions, which are appealing due to their established
theoretical background. Methods in this category decompose a
dense layer into a product of smaller factors, achieving parameter
reduction while approximately maintaining the functionality of the
original layer. For matrices, truncated singular value decomposition
(SVD) provides an optimal low-rank approximation in the Frobenius
and spectral norms [4, 19], while tensor decompositions extend this
idea to multi-dimensional weight tensors — multi-head attention
(MHA) [25] and mixture of experts (MoE) [7].

However, existing literature on tensor decompositions [13, 15] re-
ports positive results under evaluation protocols that do not reflect
full-scale deployment constraints, leaving the practical utility of
tensor decompositions unclear. We close this gap with a systematic
study of tensor-based compression across realistic LLM settings,
covering both dense and MoE architectures. We complement our
empirical findings with a theoretical analysis that explains why
standard decompositions fail to scale.

2 Compression Strategies

2.1 Pruning

Pruning exploits the highly non-uniform parameter redundancy in
LLMs by eliminating low-salience components. Corroborated by
prior work [12] and our experiments (Figure 1), intermediate layers
minimally affect final quality and tolerate aggressive removal, while
early and late layers disproportionately handle critical functions
like token representation and prediction. Yet, pruning effectively
discards these middle-layer tails, it limits the maximum achievable
compression ratio due to the dominant mass of the parameters
intact. It does not compactly reparameterize the remaining struc-
ture, making it a naive baseline for more structurally advanced
decompositions.

2.2 Matrix decompositions

A natural next step is matrix factorization, which compresses weights
via low-rank reparameterization rather than deletion. For Feed-
Forward Networks (FFNs) — which contain the majority of model

parameters [11] — we apply LASER-style truncated SVD (Figure 3)

[21].

The fundamental problem of the low-rank matrix approximation
is to find a matrix X of restricted rank r that closely approximates
a target matrix X. Formally, this is expressed as the optimization
problem:

X - X

min
rank(X)<r

(1)

[24
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Figure 1: Perplexity (PPL) over pruning. Displays the final PPL over each layer pruned.

According to the Eckart-Young-Mirsky theorem [19], for any uni-
tarily invariant norm ||- ||, (e.g., Frobenius or spectral) the global
optimum to (1) is given by the truncated SVD.

The SVD factorizes the original matrix into a product of three
components:

X=UxVT,

where U and V contain the left and right singular vectors, respec-
tively, and ¥ is a diagonal matrix of singular values. Truncating this
decomposition to the top r singular values yields the theoretically
optimal compressed representation:

X=Uz3,V.

While generally effective, this approach can deteriorate in layers
containing functionally critical superweights [29]. These weights
are not merely large-magnitude outliers: they participate in narrow
computational pathways that can produce massive activations on
specific low-semantic-content tokens [23]. Since truncated SVD
optimizes a global, task-agnostic reconstruction objective, it pri-
oritizes high-energy singular directions rather than task-sensitive
directions or entries. Consequently, such layers may require higher
ranks or targeted corrections that explicitly preserve functionally
critical coordinates.

Applying the same matrix-factorization framework to MHA pro-
jections results in even sharper quality degradation. This is because
MHA has an inherently tensor-like organization [6]: different heads
encode distinct functional subspaces. Flattening the corresponding
projection tensors into a single 2D matrix forces all heads to share
the same low-rank factors, thereby coupling otherwise heteroge-
neous subspaces and reducing head specialization. This structural
mismatch motivates tensor decompositions, which retain the head-
wise multi-dimensional organization of MHA instead of imposing
an artificial matrix structure.

2.3 Tensor decompositions

An N-th order tensor X € R1**IN generalizes matrices to higher
dimensions. MHA and MoE blocks admit natural tensor representa-
tions, with heads and experts as explicit modes, motivating tensor-
based compression.

Tucker decomposition approximates a tensor via a compressed
core and per-mode factors:

X~Gx,UD x U oo xy UM,

where G € RRIX*RN s the core tensor, U™ € RIn*Rn the n-th
mode factor, and (Ry, ..., Ry) the Tucker ranks.

Tensor Train (TT) decomposition represents a tensor as a chain
of three-dimensional cores:

Kiwwise = 2, Gilin Ot O it
Py N—1
where G € RRn-1XInXRn R = Ry =1, and (Ry, ..
the TT ranks.

Since MHA is equivalent to a structured convolution-like opera-
tor [3], Tucker decomposition naturally fits attention projections
by preserving head-wise structure, an approach explored by Ten-
sorLLM [13] and LeSTD [15]. For FFN layers, which lack an explicit
head mode, TT decomposition is the natural counterpart.

We evaluate GPT-J 6B and LLaMA 2 7B under four compression
schemes: Tucker on attention only (reproducing TensorLLM-style
factorization), TT on FFN only, Tucker+TT jointly, and TT on all
projections, with a maximum Tucker rank of 64. Following our
layer-sensitivity analysis (Figure 1), we compress contiguous mid-
dle blocks: starting at block 14 for GPT-] 6B (range 14-20) and
block 16 for LLaMA 2 7B (range 16-23), and progressively extend
the range to measure error accumulation. Each compressed model
is evaluated before and after a lightweight LoRA repair (r = 16,
trained on WikiText-2). Compression is measured in bits saved
over non-embedding parameters. We extend this evaluation to MoE
architectures by applying TD-MoE [27] on Qwen3-30B-A3B and
GPT-0SS-20B, tracking both perplexity and downstream accuracy
(Appendices B.1, B.2).

Figure 2 summarizes the results. Attention-only compression
preserves perplexity (PPL) but yields negligible size reduction; com-
pressing FFN layers achieves higher compression at the cost of
sharp quality degradation. LoRA repair partially recovers quality
but does not resolve the fundamental trade-off. Despite structural
alignment between tensor formats and LLM components, all meth-
ods exhibit poor compression-quality trade-offs at practical com-
pression ratios, pointing to a deeper mismatch between standard
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Figure 2: C4 perplexity versus bits saved, excluding embeddings, for GPT-J 6B and LLaMA 2 7B. Each point is one compression
run, and L denotes the number of consecutive compressed transformer blocks. Arrows connect each decomposition to its
LoRA-repaired variant, and the Pareto frontier marks the best observed trade-offs.

tensor assumptions and learned LLM representations. We also pro-
vide trade-offs for WikiText-2 PPL and macro LM-Eval accuracy
drop in Appendix C.2.

For FEN layers, where Tucker degenerates to standard matrix
factorization, we additionally provide a direct comparison against
LASER-style truncated SVD on LLaMA 2 7B. Figure 3 shows that
TT and matrix rank reduction follow nearly identical trend, with
TT reaching marginally higher bits saved at the cost of the same
monotonic quality drop. Appendix C.4 further shows that decom-
position sensitivity is layer-dependent, with early layers being the
most fragile.

Activation analysis confirms reduced angular diversity and dis-
torted norm distributions, indicating that TT compresses FEN rep-
resentations into a restricted latent structure no more faithfully
than its matrix counterpart. Even this flexible tensorization fails to
escape the core trade-off between compression ratio and represen-
tation diversity (Figure 5).

LLaMA 2 7B: C4
16 -

_m
TT (FEN)
L =8, 16.3% saved
14 - -
B P
;é o LASER r=512
D12 ] =8, 13.6% saved
é §9.
[
2 & \
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/ L'=8,10.8% saved
8- pe S8
0-*. baseline = 6.63
6 - . : : . . . .
2 4 6 8 10 12 14 16

Bits saved (%)

4l TT (FFN), rank 64
@ LASER (FFN), rank 512

<@ LASER (FFN), rank 1024

Figure 3: TT versus LASER for FFN compression on LLaMA
2 7B. Both methods compress the same middle-to-late block
ranges.

Next, we consider the same question in sparse expert architec-
tures. MoE layers are a natural tensor target: expert index pro-
vides an explicit tensor mode, thus, we evaluate TD-MoE [27] and
MOoBE [2] as a complementary setting on Qwen3-30B-A3B and
GPT-0SS-20B. We track both perplexity and downstream accuracy
where reliable; full results are in Appendices B.1 and B.2.

Despite structural alignment, tensor decompositions yield poor
compression-quality trade-offs under stronger compression (Fig-
ure 2). This suggests a mismatch between standard tensor assump-
tions and learned LLM representations.

2.4 Tensor decompositions for
Mixture-of-Experts

MOoE layers are an a priori favourable target for tensorization: the
expert index supplies a natural third mode in addition to input
and output features, so stacking expert FFN weights into a three-
dimensional tensor and applying Tucker decomposition (as in TD-
MOoE [27]) factors expert structure into the format itself. A com-
plementary matrix-based approach is taken by MoBE [2], which
exploits cross-expert redundancy by factorizing each expert’s up-
/gate weight matrix as W = AB, where A is expert-specific and B
is reparameterized as a linear combination of basis matrices {B;}
shared across all experts within a layer, with the decomposition
learned by minimizing the layer-wise reconstruction error. We
test whether the structural alignment of tensor formats translates
into better post-training compression on Qwen3-30B-A3B [28] (128
experts, 8 active) benchmarking TD-MoE against MoBE as a matrix-
decomposition baseline. Additional experiments with GPT-OSS-
20B [20] can be find in Appendix B.2.

Following the protocol from Appendix B.1, Figure 4 summarizes
the comparison between MoBE and TD-MoE. Surprisingly, TD-MoE
performs substantially worse than MoBE, despite both methods
employing gradient-based optimization during compression. MoBE
remains close to the original model across all tested compression
ratios, whereas TD-MoE degrades significantly, suggesting that the
structural alignment between the tensor format and the expert index
does not by itself confer a compression advantage over matrix-based
factorization with shared bases. Thus, Tucker decomposition for
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MoE yields substantially better results than for MHA, yet remains
considerably weaker than the matrix-based method MoBE. This
observation leads to the following question.

C4 perplexity
@
S
|

P T T = ) RV

e B e L A S I
0 4 8 12 16 20 24

Compressed MoE layers
—e— TD-MOE p=0.2 —m~TD-MoE p=0.4

MOoBE b32 -4~ MoBE b64 uncompressed

Figure 4: C4 perplexity of TD-MoE and MoBE on Qwen3-30B-
A3B model.

2.5 Structural Mismatch of Tensor
Decompositions in LLMs

To explain this behavior, we compare residual-stream activations
produced by the original dense model and by the model in which a
consecutive range of Transformer blocks has been decomposed. For
each compression run, the activation is measured after the last de-
composed block, so the diagnostic captures the accumulated effect
of all decomposed layers up to the target compression ratio rather
than the local error of a single layer. We quantify this deviation by
the mean angle between the two residual-stream activation vectors
and by the ratio of their norms, averaged over evaluation tokens.

Figure 5 shows that runs with low perplexity remain close to
the dense-model trajectory in both direction and scale, whereas
high-perplexity runs exhibit larger angular drift, norm shrinkage,
or both. The same pattern appears for LLaMA 2 7B in Figure 11,
suggesting that tensorization degrades quality by progressively
distorting the geometry of the residual stream.

GPT-] 6B: activation geometry

. Family
o ® o 40 e
LR TPy ) o
*H @x 35

1 *-‘ 30
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Figure 5: Activation geometry of GPT-J 6B compression runs.
Each point is one run across all tested layer ranges. The x-axis
shows the mean angle between dense and compressed after-
block activations at the last compressed block, and the y-axis
shows the compressed-to-dense norm ratio. Color indicates
C4 perplexity, and marker size indicates bits saved excluding
embeddings.

Anon.

Thus, the main limitation is not the local expressivity of Tucker
or TT decompositions, but their inability to preserve the heteroge-
neous representation geometry induced by LLMs.

3 Partial Explanation Through Operator Norms

The representation collapse across tensor formats can be partially
explained through the lens of operator norms. Let ¢ : R™*" —
R *IN be a bijective reshape mapping with [T Ir = mn. While
reshaping a weight matrix W € R™*" into a tensor 7 = ¢(W)
preserves the ambient Frobenius geometry (|[W||r = |7 ||F), it
fundamentally alters the operator isometry. Since neural network
weights act as linear operators, the induced spectral norm ||W||, =
SUP||,=1 [IWx||2 is the primary quantity dictating the fidelity of
activation transformations.

However, as shown in [26], the tensor spectral norm ||7 ||, is
bounded above by the spectral norm of the original matrix:

sup (T, uV@--0u™)y < W[, (2
lut®) ||p=1

17 1ls =

with equality only for rank-one tensors. Assuming 7~ € R *2xJ5

(i.e. being an order-3 tensor), the ratio ||W||2/[|7 ||+ is bounded
away from 1 and can reach 4/min(m, n) [10, 26]. This discrepancy
implies that Frobenius-optimal tensor decompositions (HOSVD,
TT-SVD), which treat parameters as a flat array, provide only a
loose upper bound on the matrix operator error:

R R 1/2
W=l < W= Tl = (Yof] cava @

i>k

where ¢ is the HOSVD quasi-optimality factor and o; are the singular
values of W.

Evaluating this gap through the lens of empirical weight distri-
butions reveals why post-training tensorization is particularly ill-
suited for LLMs. Transformer spectra typically follow a heavy-tailed
power law g; ~ i~* with & € [0.5, 1] [18]. In such cases, the spectral
suboptimality of tensor truncation relative to the Eckart-Young
matrix optimum oy is given by:

W —wil,

Ok+1

< (1+¢)- |1+ Z (0i/0k+1)? . (4

i>k+1

In the heaviest-tailed regime (a = 0.5), the sum of the squared sin-
gular values decays logarithmically, causing the Frobenius-optimal
truncation to incur a spectral error that exceeds the matrix optimum
by a factor scaling with 4/min(m, n).

Consequently, a tensor approximation with low Frobenius error
can still introduce severe spectral distortions. This is especially crit-
ical for superweights [29] - outlier coordinates that carry negligible
Frobenius mass but dominate specific activation directions. Because
standard low-rank projections optimize for dense, global variance,
they systematically fail to capture sparse, localized extrema unless
those extrema align perfectly with the top principal components.
Frobenius-optimal truncation thus discards these critical compo-
nents whenever |Wg ||§ < Yisk 02, leading to the massive loss of
spectral mass and the resulting representation collapse (reduced
angular diversity and distorted norms) documented in Fig. 5.
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A Notation

General objects and conventions. Scalars are denoted by lowercase letters such as r, p, q, p, and L. Matrices are denoted by uppercase
letters such as X, X, A, W, W, U, V, and 3. Tensors are denoted by calligraphic letters such as X, G, and 7. The notation ~ denotes an
approximation of the corresponding dense object. The symbol ~ denotes an approximate factorization or reconstruction.

Compression and evaluation variables. L denotes the number of consecutive compressed Transformer blocks in the quality—compression
trade-off experiments. The LoRA repair rank is denoted r = 16. The TD-MoE per-layer compression ratio is denoted by p, with experiments
using p € {0.2,0.4}. In the GPT-OSS-20B expert-mode comparison, PRESERVE fixes r; = K, while COMPRESs uses r; < K. Example selected
TD-MoE ranks are (32, 1720, 2664) for PRESERVE and (20, 2496, 2880) for COMPRESS.

Method abbreviations. Table 1 lists the method-specific abbreviations used throughout the paper.

Table 1: Method abbreviations.

Abbreviation Meaning / role in the paper

HOSVD Higher-order singular value decomposition

TT-SVD SVD-based algorithm for constructing Tensor Train decompositions

TD-MoE Tensor-decomposition compression of Mixture-of-Experts layers

LASER Truncated-SVD-based post-training compression baseline for FFN compression
LeSTD Prior Tucker-style tensor-compression method for Transformer attention projections
TensorLLM Prior Tucker-style tensor-compression method for Transformer attention projections

B TD-MoE Experiments
B.1 Progressive Layer Compression on Qwen3-30B-A3B

TD-MoE is a post-training compression method designed for Mixture-of-Experts layers. Instead of decomposing each expert weight matrix
independently, it stacks all experts in a layer into a three-dimensional tensor over expert, input, and output modes, then applies a joint
Tucker factorization:

X~GxUD x, U® %, U,
Here UMY € REX"1 acts on the expert mode and represents r; latent meta-experts, U(?) € R%n*"2 spans the compressed input-feature
subspace, and U®) € R%uX"3 spans the compressed output-feature subspace. The core tensor G couples these three latent modes.

We evaluate TD-MoE on Qwen3-30B-A3B by compressing MoE layers one at a time, starting from the middle, the 24th layer. We first
extend the compressed set toward later layers for 12 MoE layers, reaching roughly the 75% depth point of the model, and then extend toward
earlier layers for another 12 MoE layers, reaching roughly the 25% depth point. The final setting therefore covers 24 MoE layers in total.
Figure 6 shows perplexity on WikiText-2 and C4 for two per-layer compression ratios p € {0.2,0.4}, where p controls how aggressively each
expert is compressed via Tucker decomposition.

Figure 7 reports the corresponding downstream accuracy curves. A plausible explanation for the model-dependent behavior is that
Qwen3-30B-A3B is a fine-grained MoE with 128 experts and 8 active experts per token [28]. Recent work identifies three shallow super
experts in layers 1-3 whose pruning raises WikiText-2 perplexity from 8.70 to 59.86 and collapses reasoning, while randomly pruning
non-super experts has negligible effect [22]. Our schedule starts at mid-depth and does not touch those shallow super experts, so moderate
TD-MoE may act mainly as denoising in less critical expert subspaces, consistent with prior observations that selective rank reduction can
sometimes improve LLM accuracy by removing harmful higher-order components [21]. GPT-OSS-20B has a smaller MoE structure, with
24 layers, 32 experts, and 4 active experts per token [20], so the same intervention has less expert-mode redundancy to exploit before it
removes functional diversity (Figure 8).
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Figure 6: Perplexity on WikiText-2 (left) and C4 (right) as the number of TD-MoE-compressed MoE layers increases on Qwen3-

30B-A3B.
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Figure 7: Downstream task accuracy (%) as the number of TD-MoE-compressed MoE layers increases on Qwen3-30B-A3B.
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Figure 8: Downstream task accuracy (%) as the number of TD-MoE-compressed MoE layers increases on GPT-OSS-20B for

p €{0.2,0.4}.
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B.2 Expert-Mode Comparison

We evaluate TD-MoE on OpenAI GPT-OSS-20B at per-layer compression ratio p=0.4, varying the expert mode: PRESERVE fixes the expert-
dimension Tucker rank to r;=K (all experts are kept as distinct latent directions), whereas COMPRESs also compresses the expert dimension
(r1 < K). At the same target compression ratio, this reallocates the saved expert-mode budget to the feature modes: in our GPT-OSS-20B runs,
PRESERVE selects ranks (32, 1720, 2664), while coMPRESS selects (20, 2496, 2880). Thus cOMPRESs trades expert-mode capacity for higher-rank
input and output factors, allowing the decomposition to exploit cross-expert redundancy at the cost of reduced expert diversity.

Figure 9 reports the corresponding downstream accuracy curves for PRESERVE and COMPRESS as the number of TD-MoE-compressed
GPT-0SS-20B layers increases.
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Figure 9: Downstream accuracy (%) versus number of TD-MoE-compressed layers on GPT-OSS-20B at p=0.4. PRESERVE keeps
the expert Tucker rank equal to K; comPREss additionally reduces the expert dimension.

B.3 Comparison against Matrix Decomposition (MoBE)

We compare TD-MoE against Mixture-of-Basis-Experts [2] at two compression ratios, p € {0.2, 0.4}, and perform an activation-geometry
diagnostic. Figure 10 shows that, under both compression settings, TD-MoE has larger activation angles and greater residual-stream relative
L2 error, while also exhibiting worse perplexity.
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Figure 10: Activation geometry of Qwen3-30B-A3B compression runs. Each point is one run across all tested layer ranges. Angle
measures directional drift from the dense model and residual-stream relative L2 error measures reconstruction distortion in
the stream.
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C Additional Tensor-Decomposition Results

C.1 Activation-Geometry Diagnostics

Figure 11 repeats the activation-geometry diagnostic for LLaMA 2 7B. As in GPT-J 6B, high-perplexity runs move away from the dense
model either by increasing the activation angle or by shrinking the activation norm. This supports the interpretation that the degradation is
tied to changes in intermediate representation geometry rather than to compression ratio alone.

LLaMA 2 7B: activation geometry
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Figure 11: Activation geometry of LLaMA 2 7B compression runs. Each point is one run across all tested layer ranges. Angle
measures directional drift from the dense model, norm ratio measures activation-scale distortion, color shows C4 perplexity,
and marker size shows bits saved excluding embeddings.

C.2 Quality—-Compression Trade-offs

In addition to C4 perplexity, we evaluate WikiText-2 perplexity and zero-shot LM-Eval accuracy. The LM-Eval score is computed on
ARC-Challenge, HellaSwag, OpenBookQA, PIQA, and WinoGrande. For each task, we measure the accuracy drop relative to the dense model
in percentage points, and report the unweighted average across tasks as the macro LM-Eval accuracy drop. Lower values are better for all
metrics shown in this section.
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Figure 12: WikiText-2 perplexity versus bits saved for GPT-J 6B and LLaMA 2 7B. Each point is one compression run, and L
denotes the number of consecutive compressed transformer blocks. Arrows connect each decomposition to its LoORA-repaired
variant; the Pareto frontier marks the best observed trade-offs.
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Figure 13: Macro LM-Eval accuracy drop versus bits saved for GPT-J 6B and LLaMA 2 7B. Macro drop is the unweighted average
accuracy drop, in percentage points, across ARC-Challenge, HellaSwag, OpenBookQA, PIQA, and WinoGrande. Lower is better.

C.3 GPT-J and LLaMA 2 Tensor-Decomposition Protocol

This section describes the post-training tensor-decomposition experiments on GPT-J 6B and LLaMA 2 7B reported in Figure 2. We use the
progressive block schedule: GPT-] 6B is compressed from block 14 through block 20, and LLaMA 2 7B from block 16 through block 23, adding
one consecutive block at a time. All runs are evaluated relative to a fixed dense baseline for the same model.

For attention compression, we use a TensorLLM-style Tucker factorization of the query, key, value, and output projections. Since these
projections have matching shapes in both models, we stack them into a tensor with input-feature, head, head-dimension, and projection-type
modes. We apply partial Tucker factorization to the input-feature, head-dimension, and projection-type modes, leaving the head mode
explicit. The maximum input-feature rank is 64, the head-dimension rank is 4, and the projection-type rank is 2.

For TT compression of FEN projections, and for the TT-all setting, each linear weight matrix is tensorized into twelve paired input-output
modes. The input and output dimensions are split into twelve approximately balanced factors, interleaved into input-output pairs, and
compressed with TT ranks capped at 64. Bias terms, when present, are kept dense.

LoRA repair is applied after decomposition with the decomposed modules frozen. We train rank-16 LoRA adapters with scaling factor 32
on WikiText-2 using AdamW, learning rate 2 x 10~%, 100 optimizer steps, and gradient accumulation over 8 micro-batches. This stage tests
whether limited data-dependent adaptation can recover quality lost by factorization, rather than performing full fine-tuning.

Perplexity is evaluated on WikiText-2 and C4, using sequence length 2048 for GPT-J 6B and 4096 for LLaMA 2 7B. For activation geometry
diagnostics, we collect WikiText-2 sequences from the dense and compressed models and compare activations at the last compressed block.
We report the mean angular deviation from the dense activations and the compressed-to-dense activation norm ratio. Storage is always
computed from the compressed representation, excluding embeddings; for benchmarking, compressed modules are reconstructed to dense
linear layers so that the reported quality reflects the compressed weights rather than implementation-specific runtime kernels.

C.4 Single-Layer Decomposition on LLaMA 2 7B

To separate local layer sensitivity from error accumulation across depth, we also evaluate a single-layer protocol on LLaMA 2 7B. In each
run, only one transformer layer is modified, and all other layers remain dense. We repeat this for all 32 layers and evaluate WikiText-2 and
C4 perplexity. For attention layers, we compare LASER-style matrix factorization, TensorLLM-style Tucker factorization, and a per-head TT
variant. For FFN layers, we compare LASER-style matrix factorization with TT factorization. Tucker always refers to the TensorLLM-style
decomposition of the attention projections.

Figure 14 shows that sensitivity is highly non-uniform across depth. The earliest layers are especially fragile: decomposing the first

attention layer causes very large perplexity spikes for Tucker and per-head TT, while TT on FFN is most unstable in the first two FFN layers.

Away from these early layers, attention decompositions usually stay much closer to the dense baseline, although they save little of the total
model size. FFN decompositions save more parameters, but their effect grows toward the final layers, especially for TT. This supports the
progressive middle-to-late compression schedule used in the main experiments: middle layers are less sensitive locally, but quality still
degrades once errors are accumulated over multiple compressed blocks.

C.5 Detailed GPT-J and LLaMA 2 Results

Tables 3 and 4 report the GPT-J 6B and LLaMA 2 7B tensor-decomposition experiments. Each cell is shown as direct / +LoRA, where +LoRA

denotes the lightweight rank-16 LoRA trained on WikiText-2. The maximum-L table gives the most compressed setting for each model,

while the full table reports all middle-to-late block ranges. For activation geometry, Angle is the mean angle between dense and compressed
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Table 2: Storage accounting for the LLaMA 2 7B single-layer decomposition study. Each run compresses one layer at a time. Bits
saved are measured over non-embedding model parameters.

Method Target Rank Layer-local CR Bits saved (%)

LASER MHA 1024 2.00 0.51
Tucker MHA 64 240.49 1.01
TT/head MHA 64 1.98 0.50
LASER FFN 1024 2.92 1.34
TT FEN 64 398.63 2.04
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Figure 14: Single-layer decomposition sensitivity on LLaMA 2 7B. Each point compresses only one transformer layer. The
left and right panels report WikiText-2 and C4 perplexity, respectively; early layers are shown separately because of large
perplexity spikes.

residual-stream activations after the last compressed block, and Norm is the compressed-to-dense activation norm ratio. Lower Angle and
Norm closer to 1 are better.

Table 3: Maximum-L GPT-J 6B and LLaMA 2 7B tensor-decomposition results. Compressed rows report direct / +LoRA. Bits
saved are measured over all non-embedding model parameters; bold values are best among compressed runs within each model

group.
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L Blocks Method . S(;";VE WT2 c4 Macro ARC-C  HSwag OBQA  PIQA  WinoG "f ¢ o
GPT-J 6B
J . 0.0 8.86 11.71 50.5 33.9 49.5 29.0 75.5 64.4 - -
Dense baseline
Tucker MHA 8.0/79 17.33/10.98 17.56 / 15.99 44.1/46.7 26.5/30.3 41.3/45.4 21.0/24.2 70.0/71.7 61.9/61.9 19.4/242 0.98/0.98
7 14-20 TT FEN 16.0 / 16.0 26.31/12.86 28.28/20.00 40.7/454 24.1/29.2 37.3/43.4 17.8/238 66.2/71.1 57.9/59.3 30.5/30.3 0.83/0.87
Tucker+TT 24.1/239 51.26 / 15.34 48.09/21.51 38.5/42.6 21.8/245 33.3/40.6 16.8/20.4 62.8/68.8 57.5/58.8 31.8/351 0.85/0.85
TT all 24.0/23.9 54.84/15.30 51.42/21.99 385/421 21.9/248 33.0/40.3 17.8/19.8 62.8/684 57.1/57.3 31.8/351 0.86/0.85
LLaMA 2 7B
. 0.0 5.12 6.63 56.2 43.0 57.1 334 78.1 69.4 - -
Dense baseline
Tucker MHA 8.1/8.0 7.78/6.30  10.14/9.36 49.4/51.2 33.0/35.8 49.5/52.0 24.8/26.8 71.6/73.7 68.0/68.0 29.4/29.9 0.80/0.90
8 16-23 TT FEN 16.3/16.2 12.98/9.02 15.77/13.40 46.0/47.2 31.6/30.7 43.4/459 22.8/23.6 67.4/689 64.7/66.7 38.0/41.7 0.74/0.78
Tucker+TT 24.4/243 25.44/11.64 23.53/17.15 42.1/43.3 27.8/27.7 37.7/40.9 18.8/18.8 62.6/64.6 63.5/643 43.8/48.7 0.58/0.65
TT all 24.4/243 25.61/11.35 23.59/16.61 42.0/43.8 27.7/27.8 37.7/41.1 18.4/20.6 62.6/64.5 63.5/652 43.9/47.1 0.58/0.68
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Table 4: Detailed GPT-J 6B and LLaMA 2 7B tensor-decomposition results. Compressed rows are grouped by the number of

1277 1335
s consecutive decomposed blocks L and report direct / +LoRA. Bits saved are measured over all non-embedding model parameters. 156
1o Bold values are best among compressed runs within each model-L group. 1537
1280 1338
1281 Compression T Perplexity | LM-Eval accuracy (%) T Activation geometry 1339
Ha Bits saved . Angle Norm P
1282 L Blocks Method %) WT2 C4 Macro  ARC-C  HSwag  OBQA PIQA WinoG I -1 1340
1283 p—— 1341
J6
1284 Dense baseline 0.0 8.86 1171 50.5 33.9 495 29.0 75.5 64.4 - - 1342
1285 Tucker MHA 1.1/1.1 9.19/8.65 12.01/12.30 49.5/49.4 32.6/34.1 47.8/49.2 28.0/258 74.6/74.9 64.6/63.1 9.3/183 0.99/1.04 1343
1286 . g4 TTFN 23/23 932/883 1235/1733 494/49.2 32.5/334 47.7/49.1 27.8/27.2 745/73.6 64.2/62.6 149/235 099/1.05 1344
Tucker+TT 3.4/34 9.60/8.89 1257/13.41 48.2/49.5 29.8/33.0 46.2/48.4 26.6/29.4 743/739 64.1/626 169/246 098/1.03
1287 TT all 34/34 9.62/893 1259/13.74 48.0/48.7 29.7/317 46.2/48.8 264/262 744/739 635/627 169/247 0.98/1.02 1345
1288 Tucker MHA 23/23 9.93/8.93 12.57/12.71 47.9/4838 30.2/32.8 46.5/48.1 256/250 73.7/74.1 635/63.9 11.9/203 0.98/1.04 1346
5 1415 TTEEN 46/46 1031/9.20 13.59/14.39 48.0/49.0 31.1/33.5 455/48.0 27.8/27.6 732/735 623/623 185/233 0.97/1.01
1289 Tucker+TT 6.9/68 12.13/9.50 15.20/13.91 44.4/48.1 263/317 41.7/47.0 23.0/260 71.3/73.8 59.8/62.0 20.5/262 0.97/0.99 1347
1290 TTall 6.9/68 1241/9.50 15.50/13.82 44.1/48.0 25.6/32.6 41.5/467 23.0/242 70.8/73.7 59.4/630 205/259 0.97/0.99 1348
e Tucker MHA 34/34 1053/9.26 13.28/1330 46.4/48.1 28.5/318 44.9/47.2 244/254 72.6/73.3 614/62.6 13.7/19.9 0.98/1.01 »
1291 5 141 TTFEN 6.9/638 12.06/9.77 15.54/16.12 46.1/48.5 28.4/32.7 432/46.9 254/28.4 729/73.2 60.7/614 215/247 0.94/097 1349
1292 Tucker+TT 103/102  1530/10.27 18.41/15.01 42.1/46.7 23.3/304 393/455 20.0/250 69.4/721 58.6/60.5 23.4/27.0 0.94/0.95 1350
TTall 103/10.2  15.93/1025 19.01/1504 41.8/47.0 23.0/30.8 38.9/454 192/256 69.3/729 58.7/602 234/27.1 0.95/0.95
1293 1351
Tucker MHA 46/45 12.01/9.57 13.79/13.61 46.5/47.9 28.8/31.5 44.4/47.0 248/252 72.9/73.4 615/62.5 152/203 0.97/1.00
1294 4 141y TTEEN 9.2/9.1 1449 /1038 18.28/16.99 44.6/47.5 26.7/32.3 41.4/46.0 22.6/26.4 71.5/728 61.0/59.9 241/261 092/0.94 1352
Tucker+TT 13.7/137  2046/11.06 22.77/17.78 41.1/459 22.9/29.4 37.4/443 17.8/238 68.7/71.3 58.6/60.6 26.0/28.6 0.92/0.91 )
1295 TTall 13.7/137  21.80/1112 24.01/18.05 40.8/457 23.0/294 37.1/441 17.6/23.2 683/719 58.1/60.1 26.0/29.2 0.93/0.92 1353
1296 Tucker MHA 5.7/5.7 13.12/9.91 14.92/14.20 45.8/47.3 27.6/30.1 43.1/46.2 24.6/25.6 72.1/73.1 61.5/615 16.6/21.6 0.98/1.00 1354
1297 s 141 TTFEN 115/11.4  17.73/11.03 21.46/18.36 43.5/46.6 27.0/32.1 40.2/453 20.8/248 70.2/717 59.1/593 26.4/274 0.89/0.91 1355
Tucker+TT 17.2/171  27.10/11.97 28.26/19.00 39.9/450 22.3/29.7 359/43.2 17.8/22.6 658/70.9 57.9/58.6 28.1/302 0.90/0.89
1298 TT all 172/171  29.39/1216 30.22/20.33 39.7/452 221/294 356/43.1 17.4/234 65.7/71.0 57.6/59.0 28.2/312 0.91/0.89 1356
1299 Tucker MHA 6.9/68 1490/ 10.48 16.04/15.11 44.8/46.7 26.8/30.1 42.4/45.9 224/232 712/73.1 61.4/613 17.9/23.8 0.98/0.99 1357
¢ 1410 TTFEN 13.8/13.7  21.05/11.89 24.54/2010 42.0/457 24.7/288 38.6/439 202/24.6 68.3/714 58.0/60.0 28.5/28.9 0.86/0.88
1300 Tucker+TT 20.6/20.5  34.27/13.62 34.16/2235 39.3/437 21.6/268 34.6/413 18.0/21.0 644/69.9 58.0/59.4 30.1/333 0.87/0.86 1358
1301 TT all 20.6/205  37.25/1350 36.73/2131 39.3/43.9 22.0/262 345/414 17.6/22.6 64.3/70.8 58.1/588 30.1/33.0 0.88/0.86 1359
o Tucker MHA 8.0/7.9 1733/ 10.98 1756/ 15.99 44.1/46.7 26.5/30.3 413/45.4 21.0/24.2 70.0/71.7 61.9/61.9 19.4/242 0.98/0.98 ]
1302 7 4.9 TTFEN 160/160  2631/12.86 28.28/20.00 40.7/454 24.1/29.2 37.3/43.4 17.8/238 66.2/71.1 57.9/59.3 30.5/30.3 0.83/0.87 1360
1303 Tucker+TT 24.1/239  51.26/1534 48.09/2151 38.5/42.6 21.8/245 33.3/40.6 168/204 62.8/688 57.5/588 31.8/351 0.85/0.85 1361
TTall 240/239  5484/1530 5142/21.99 38.5/42.1 21.9/248 33.0/403 17.8/198 62.8/68.4 57.1/57.3 318/351 0.86/0.85
1304 1362
LLaMA 2 7B
1305 Demse baseline 0.0 5.12 6.63 56.2 430 57.1 334 78.1 69.4 - - 1363
1306 Tucker MHA 1.0/1.0 528/5.06 6.87/691 549/555 41.0/42.7 553/56.0 32.4/332 768/769 69.0/685 17.1/225 0.91/0.99 1364
1307 . 1 TTFN 2.0/2.0 552/515  7.01/7.05 553/55.5 41.9/422 559/559 31.4/324 77.6/78.0 69.9/69.0 223/263 0.93/1.00 1365
Tucker+TT 3.1/3.0 561/524  7.23/7.25 53.8/545 38.9/40.2 54.3/548 30.4/32.6 764/77.0 69.1/681 265/31.1 0.85/0.92
1308 TTall 31/3.0 561/523  7.23/7.26 53.9/548 39.1/40.7 54.4/548 30.4/33.6 764/77.1 69.1/680 265/315 0.85/0.92 1366
1309 Tucker MHA 2.0/2.0 552/520 7.15/7.18 54.0/54.7 38.8/40.1 54.1/552 31.6/32.8 76.6/77.0 69.0/68.6 19.7/23.9 0.89/0.96 1367
5 16.17 TTFEN 41/41 588/541  7.56/7.56 54.1/541 39.9/39.1 544/546 312/314 76.6/766 68.3/687 262/28.7 0.90/0.94
1310 Tucker+TT 6.1/6.1 6.24/556  7.97/7.88 52.7/53.2 37.8/38.0 52.2/53.1 29.8/304 752/763 68.7/684 30.5/341 0.80/0.86 1368
1311 TTall 61/6.1 6.24/556  7.97/7.90 52.8/535 38.0/387 52.2/532 29.8/314 752/763 69.0/68.0 30.5/345 0.80/0.87 1369
a1 Tucker MHA 3.0/3.0 576/534 7.50/7.45 53.3/53.9 37.7/388 53.3/54.6 30.8/314 763/76.6 68.4/680 21.7/258 0.87/0.96 1370
’ s 16.15 TTFEN 6.1/6.1 6.44/573  833/817 53.3/535 39.4/389 52.8/533 29.6/314 76.0/757 68.7/683 29.1/31.8 0.87/0.90
1313 Tucker+TT 9.2/9.1 698/6.03  895/866 51.9/523 355/365 50.5/51.4 30.8/30.0 747/760 67.9/67.5 335/36.7 0.76/0.81 1371
s TT all 9.2/9.1 698/601  895/865 51.9/51.9 355/361 50.5/513 30.8/30.0 74.8/750 68.1/67.2 33.6/368 0.76/0.82 -
Tucker MHA 40740 6.03/546 791/7.68 527/53.6 36.9/38.1 52.6/54.0 302/32.0 760/76.2 68.0/67.6 23.5/253 0.86/0.94
1315 4 16.10 TTFEN 82/8.1 761/620 959/890 51.9/513 37.0/359 51.1/517 29.0/268 749/741 67.3/67.8 315/350 0.84/0.89 1373
516 Tucker+TT 12.2 /121 7.85/663 10.06/9.62 50.0/49.6 35.0/34.4 49.0/494 256/24.6 73.6/738 66.9/660 36.0/39.3 0.72/0.77 1374
’ TTall 122/121 7.86/6.63  10.06/9.65 50.0/49.8 349/34.1 49.0/495 252/256 73.6/73.6 67.0/664 36.0/389 0.72/0.78 :
1317 Tucker MHA 5.1/5.0 6.65/5.77  8.64/8.25 50.9/51.9 34.5/36.4 51.0/53.0 26.0/27.6 74.1/74.6 68.8/68.0 25.3/27.2 0.84/0.92 1375
1318 s 16.00 TTFEN 102/10.2 871/680 10.99/9.73 50.7/50.1 36.5/33.9 49.2/50.4 27.6/262 73.6/73.0 66.8/669 335/361 0.81/0.84 1376
Tucker+TT 153 /152 9.94/7.74 1234/11.09 47.1/47.4 30.6/308 45.2/468 232/23.2 70.0/71.0 66.3/654 383/423 0.68/0.74
1319 TTall 153/15.2 9.94/7.72 1235/11.11 46.9/48.0 305/31.1 45.2/46.8 22.8/240 70.0/70.9 66.2/67.1 384/415 0.68/0.74 1377
1320 Tucker MHA 6.1/6.0 693/594 907/850 504/51.9 344/36.3 503/52.2 258/28.2 73.2/74.1 685/68.6 26.7/28.1 083/0.91 1378
6 16.z1 TTFEN 123/12.2 1026/7.52 12.51/1098 49.4/49.1 356/323 47.2/488 262/256 713/720 66.9/669 352/383 0.79/0.81
1321 Tucker+TT 18.3/18.2 12.45/8.81 14.96/12.77 457/46.4 29.8/287 43.0/452 23.0/244 67.6/68.6 653/652 40.4/445 0.64/0.71 1379
1322 TTall 183/18.2 12.46/8.79 14.97/12.76 45.7/46.1 29.5/29.4 43.0/450 23.0/23.0 67.6/68.9 653/645 40.4/438 0.64/0.71 1350
Tucker MHA 7.1/7.0 745/6.15 9.74/8.97 493/51.3 32.8/35.6 49.8/51.9 234/27.2 72.0/74.1 68.7/67.8 28.1/293 081/0.91 )
1323 7 16.g2 TTFEN 143/ 142 1152/819 14.14/12.24 46.9/47.7 32.0/31.1 451/475 23.0/238 693/70.3 65.0/659 36.7/40.7 0.76/0.80 1381
1324 Tucker+TT 214/21.2  17.60/1039 1945/1522 42.7/442 27.2/27.5 39.5/424 192/21.2 643/662 635/638 422/468 0.61/0.68 1382
TTall 214/212  17.60/1023 19.44/1490 42.9/446 27.6/28.1 39.5/423 192/220 644/663 63.6/642 422/454 0.61/0.70
1325 1383
Tucker MHA 8.1/80 7.78/6.30 10.14/9.36 49.4/51.2 33.0/35.8 49.5/52.0 24.8/26.8 71.6/73.7 68.0/68.0 29.4/29.9 0.30/0.90
1326 ¢ 16.23 TTFEN 163/16.2 12.98/9.02 15.77/1340 46.0/47.2 31.6/307 43.4/459 22.8/23.6 67.4/68.9 647/66.7 38.0/417 0.74/0.78 1384
N Tucker+TT 24.4/243  2544/1164 2353/17.15 42.1/433 27.8/27.7 37.7/40.9 18.8/188 62.6/646 635/643 438/487 0.58/0.65
1327 TTall 2447243  2561/1135 2359/16.61 42.0/43.8 27.7/27.8 37.7/41.1 184/206 62.6/645 63.5/652 43.9/47.1 0.58/0.68 1385
1328 1386
1329 1387
1330 1388
1331 1389
1332 1390
1333 1391

1334 12 1392
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