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Abstract

Post-training compression is essential for de-
ploying large language models (LLMs) under
tight resource constraints. Tensor decompo-
sitions have emerged as a promising direction,
offering compact parameterizations well suited
to Transformer weight structures. However, ex-
isting studies evaluate these methods in narrow
settings, leaving unclear whether tensorization
is effective at large-scale deployment. We sys-
tematically evaluate tensor compression across
dense and MoE architectures, establishing per-
formance trade-offs grounded in both empirical
analysis and theoretical analysis. We identify
a fundamental mismatch between the shared
subspaces assumed by tensor decompositions
and the heterogeneous representations learned
by modern LLMs, thereby delineating their
practical limits that persist across an exten-
sive range of mainstream dense and MoE de-
ployment settings evaluated in this work. The
code is available at https://github.com/
brain-lab-research/TT-LLM.

1 Introduction
In recent years, large language models (LLMs)
have grown considerably in scale, increasing the
storage and deployment costs and limiting their ap-
plicability in resource-constrained settings. Con-
sequently, compression techniques are widely used
to improve efficiency while preserving quality.

The primary goal of model compression is to
reduce redundancy while preserving the model’s
functional behavior. Standard approaches include
pruning, which removes redundant components to
decrease model size (Frantar and Alistarh, 2022;
Ma et al., 2023; Gromov et al., 2024); quantiza-
tion, which represents weights and activations with
lower-precision data types (Frantar et al., 2022;
Chee et al., 2023; Egiazarian et al., 2024; Lin et al.,
2024); and knowledge distillation (KD), which
trains a compact student model to approximate the
behavior of a larger teacher model (Hinton et al.,

2015; Tan et al., 2023). However, achieving state-
of-the-art performance with these techniques typi-
cally requires extensive fine-tuning or data-driven
calibration.

A natural alternative is matrix and tensor de-
compositions, which are appealing due to their es-
tablished theoretical background. Methods in this
category decompose a dense layer into a product
of smaller factors, achieving parameter reduction
while approximately maintaining the functional-
ity of the original layer. For a weight matrix
𝑊 ∈ R𝑚×𝑛, the SVD writes 𝑊 = 𝑈Σ𝑉⊤; trun-
cating to the top 𝑟 singular values gives

𝑊 = 𝑈𝑟Σ𝑟𝑉
⊤
𝑟 , (1)

which by the Eckart–Young–Mirsky theo-
rem (Eckart and Young, 1936; Mirsky, 1960) is
globally optimal in any unitarily invariant norm.
Tensor decompositions extend this idea to multi-
dimensional weight tensors in multi-head attention
(MHA) (Vaswani et al., 2017) and mixture of ex-
perts (MoE) (Fedus et al., 2022): Tucker decom-
position (Tucker, 1966; Kolda and Bader, 2009)
approximates a tensor X ∈ R𝐼1×···×𝐼𝑁 via a com-
pressed core tensor G ∈ R𝑅1×···×𝑅𝑁 and per-mode
factor matrices𝑈 (𝑛) ∈ R𝐼𝑛×𝑅𝑛 :

X ≈ G ×1 𝑈
(1) ×2 𝑈

(2) · · · ×𝑁 𝑈 (𝑁 ) , (2)

where (𝑅1, . . . , 𝑅𝑁 ) are the Tucker ranks.
Tensor Train (TT) (Oseledets, 2011) chains

three-dimensional cores:

X𝑖1,...,𝑖𝑁 ≈∑𝑟1,...,𝑟𝑁−1G (1)
1,𝑖1,𝑟1G

(2)
𝑟1,𝑖2,𝑟2

· · · G (𝑁 )
𝑟𝑁−1,𝑖𝑁 ,1, (3)

where G (𝑛) ∈ R𝑅𝑛−1×𝐼𝑛×𝑅𝑛 , 𝑅0 = 𝑅𝑁 = 1, and
(𝑅1, . . . , 𝑅𝑁−1) are the TT ranks.

Despite their theoretical appeal, existing stud-
ies on tensor decompositions (Gu et al., 2025; Li
et al., 2026) report positive results under evaluation
protocols that do not reflect full-scale deployment
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Figure 1: Perplexity (PPL) over pruning. Displays the final PPL when each layer is individually pruned.

constraints, leaving the practical utility of these
methods unclear in realistic settings. Therefore,
we contribute the following:
• Systematic empirical validation and deep

diagnosis of matrix and tensor decompositions.
We conduct the first large-scale study of post-
training tensor decompositions under realistic de-
ployment conditions, covering dense and MoE ar-
chitectures, evaluated on perplexity, downstream
accuracy, and a lightweight LoRA repair baseline.
Across all settings, tensor formats fail to outper-
form their matrix counterparts at matched com-
pression ratios. We attribute this to a consistent
failure mechanism, identified through perplexity,
metrics and residual-stream geometry, and also
providing an ablation of super-weight (Yu et al.,
2024) restoration sensitivity to Frobenius-optimal
truncation.
• Partial theoretical explanation. We for-

malize three chained obstructions that prevent
any Frobenius-optimal tensor decomposition from
serving as an effective compressor of Transformer
weights without significant fine-tuning.

2 Related Work
Low-rank matrix compression. As mentioned
in Section 1 truncated SVD (Eq. 1) guarantees
globally optimal low-rank approximation.

LASER (Sharma et al., 2024) applies truncated
SVD directly to selected weight matrices with-
out retraining. SliceGPT (Ashkboos et al., 2024)
exploits the rotational invariance of RMSNorm-
connected Transformers to absorb PCA bases into
adjacent layers. SVD-LLM (Wang et al., 2025b)
improves rank selection via truncation-aware data
whitening and a layer-wise closed-form update.
Dobi-SVD (Wang et al., 2025a) makes the trun-

cation position differentiable, optimising it on
calibration data with respect to the activation.
SoLA (Huang et al., 2025) preserves a small set of
high-activation-norm FFN neurons in dense form
and applies low-rank decomposition only to the
remainder. FLAT-LLM (Tian et al., 2026) ap-
plies head-wise PCA for attention blocks and Nys-
tröm approximation for MLP blocks. HASSLE-
free (Makni et al., 2025) decomposes each weight
into a sparse plus low-rank component.

Tensor decomposition for LLMs. Tensor-
LLM (Gu et al., 2025) and LeSTD (Li et al., 2026)
apply Tucker decomposition to multi-head atten-
tion projections, with LeSTD additionally sparsi-
fying the Tucker core for higher compression ra-
tios. TD-MoE (Xu et al., 2026) extends Tucker
decomposition to sparse MoE models by stack-
ing expert FFN weights into a three-dimensional
tensor. TRAWL (Luo et al., 2024) stacks re-
lated weight matrices across layers and applies
CP/Tucker-style decomposition as a training-free
denoising intervention. A separate line of work
uses TT for parameter-efficient fine-tuning rather
than post-training compression: LoRETTA (Yang
et al., 2024b) introduces TT-based adapters, TT-
LoRA (Anjum et al., 2024) parameterizes adap-
tation updates with TT cores, and AdaZeta (Yang
et al., 2024a) combines tensorized adapters with
zeroth-order fine-tuning.

3 Compression Strategies
3.1 Pruning
Pruning removes parameters or components that
contribute least to the model’s behavior. It is done
by exploiting the highly non-uniform parameter re-
dundancy inherent in LLMs. Notably, both prior
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Figure 2: FFN compression on GPT-J 6B. All methods
compress the full scope of model blocks.

research (Gromov et al., 2024) and our own ex-
periments (Figure 1, Appendix B.1) demonstrate
that intermediate layers have relatively little impact
on final quality and can tolerate aggressive prun-
ing. This phenomenon arises because the earliest
and latest layers disproportionately handle criti-
cal tasks, such as forming token representations
and generating final predictions, while the inter-
mediate layers play a comparatively smaller role.
However, while pruning effectively discards these
middle-layer tails, it limits the maximum achiev-
able compression ratio due to the dominant mass
of the parameters intact. It does not compactly
reparameterize the remaining structure, making it
a naïve baseline for more structurally advanced de-
compositions.

3.2 Matrix Decompositions
A natural next step is matrix factorization, which
compresses weights via low-rank reparameteriza-
tion rather than deletion. For Feed-Forward Net-
works (FFNs), which contain the majority of model
parameters (Geva et al., 2021), we select and eval-
uate several matrix decompositions using the pro-
tocol described in Appendix B.2.
LASER (Sharma et al., 2024) applies Eq. 1 to in-

dividual FFN weight matrices without retraining
or calibration data via selecting the layer, matrix
type, and rank 𝑟 by grid search over downstream
task accuracy. Rank reduction can improve perfor-
mance on reasoning tasks, which is interpreted as a
denoising effect: low-singular-value directions are
hypothesised to encode competing responses that
suppress weakly learned facts. LASER applies no
correction for truncation error, making it a natural

training-free baseline.
Dobi-SVD (Wang et al., 2025a) argues that min-

imizing the weight reconstruction error ∥𝑊 − 𝑊̂𝑟 ∥
is a poor proxy for the true goal of minimizing
the activation error ∥𝑊𝑥 − 𝑊̂𝑟𝑥∥ on calibration
data 𝑥. It introduces a continuous relaxation of
the truncation boundary and optimizes it end-to-
end via gradient-robust backpropagation, keeping
the original weights frozen. The resulting rank is
then used to reconstruct compressed weights using
IPCA, with a remapping step that ensures lower
ranks translate to actual memory savings.
HASSLE-free (Makni et al., 2025) method de-

composes each weight matrix into a sparse and a
low-rank component, namely

𝑊 ≈ 𝑆 + 𝐴𝐵⊤, (4)

minimizing the layer-wise activation reconstruc-
tion error ∥𝑊𝑥− (𝑆+ 𝐴𝐵⊤)𝑥∥ via alternating min-
imization: 𝑆 is updated by thresholding the resid-
ual𝑊 − 𝐴𝐵⊤, and 𝐴𝐵⊤ by solving a least-squares
problem on𝑊−𝑆. The sparse component captures
isolated high-magnitude entries that low-rank fac-
tors approximate poorly, while the low-rank com-
ponent encodes the structured signal.
SoLA (Huang et al., 2025) leverages deeper ma-

trix structure partition with a dense subset of top-𝑘
highest-activation-norm neurons, kept at full pre-
cision, and a compressed subset to which truncated
SVD is applied. This avoids the disproportionately
large errors that arise when high-norm neurons are
low-rank approximated. Additionally, SoLA allo-
cates ranks across layers via integer programming,
minimizing total reconstruction error subject to a
global parameter budget, concentrating capacity
where truncation error is most sensitive.
FLAT-LLM (Tian et al., 2026) applies head-wise

PCA to attention blocks and Nyström approxima-
tion to MLP blocks, computing truncation bases
from calibration activations. Ranks are distributed
across decoder layers via a greedy sensitivity-based
redistribution strategy, allocating the global rank
budget to layers where truncation causes the largest
reconstruction error.

Figure 2 reveals a clear trend: methods that
employ some form of fine-tuning or leverage
additional calibration data (such as Dobi-SVD,
HASSLE-free, and SoLA) exhibit substantially
smaller performance degradation compared to
methods relying solely on matrix decomposition,
such as LASER and Flat-LLM, a trend that per-
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sists for HASSLE-free even at the higher matched-
memory layer target evaluated (see Appendix B.7-
B.8).

Nevertheless, the highest compression ratio is
achieved by LASER (≈ 14%), yet with +8 PPL
increase. This raises the natural questions which
we address in the Section 3.3:

Q1: Can we achieve a higher compression
ratio without sacrificing model quality?

3.3 Tensor decompositions for Dense
Architectures

It is well known that tensor decompositions allow
exponential compression of a dense tensor with
respect to its dimensionality. Methods such as
TT-SVD (Oseledets, 2011) and HOSVD (De Lath-
auwer et al., 2000) achieve quasi-optimal approxi-
mation error in the Frobenius norm, representing a
tensor in TT and Tucker formats respectively. By
employing these representations in operator for-
mat (Tyrtyshnikov, 2003; Hackbusch and Khorom-
skij, 2006; Oseledets, 2011), one can compress an
FFN weight matrix by first reshaping it into a ten-
sor. Figure 2 partially addresses Q1 by comparing
FFN-layer TT decomposition against matrix-based
methods on GPT-J 6B. The results clearly show that
TT decomposition performs worse than LASER in
terms of PPL, yet achieving greater compression.

On the other hand, as demonstrated in
TensorLLM (Gu et al., 2025), the MHA layer ad-
mits a natural four-dimensional tensor represen-
tation that makes its low- dimensional structure
explicit, motivating Tucker decomposition as the
most structurally appropriate format in this set-
ting. For FFN blocks, which account for the ma-
jority of model parameters, no such natural tensor
structure exists; thus we are forced to apply TT
decomposition to match the compression ratio of
matrix methods and fully address the Q1. To max-
imize compression, in all experiments with TT de-
composition we reshape the weight matrix into 12
cores, since the smallest dimension in both models
is 4096 = 212. The resulting decomposition, how-
ever, introduces non-negligible perplexity degra-
dation; to partially recover quality, we apply a
lightweight LoRA repair stage (𝑟 = 16, trained
on WikiText-2) as a parameter-efficient analogue
for the calibration-aware weight decompositions
used in matrix compression methods (Wang et al.,

2025a,b). We evaluate GPT-J 6B (Wang and Ko-
matsuzaki, 2021) and LLaMA 2 7B (Touvron et al.,
2023) under four compression schemes: Tucker on
attention only (reproducing TensorLLM-style fac-
torisation), TT on FFN only, Tucker+TT jointly,
and TT on all projections, with a maximum Tucker
rank of 64, following the protocol detailed in Ap-
pendix B.2. Additionally, we report further com-
binations of tensor decomposition methods in Ap-
pendix B.5. On LLaMA-2 7B, the direct (unre-
paired) perplexity of Tucker+TT and TT-on-all-
projections closely tracks that of the block-level
layer-pruning baseline at matched layer counts (see
Appendix B.1), suggesting that, absent repair, the
decomposition retains little functional signal be-
yond what naive block removal would preserve;
on GPT-J 6B this correspondence is weaker, with
the decomposition degrading faster than pruning
at larger compression. Figure 3 summarizes the
results. Attention-only compression preserves per-
plexity 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 re-
solve the fundamental trade-off. Despite structural
alignment between tensor formats and LLM com-
ponents, all methods exhibit poor compression-
quality trade-offs at practical compression ratios,
pointing to a deeper mismatch between standard
tensor assumptions and learned LLM representa-
tions. We also provide trade-offs for WikiText-2
perplexity and macro LM-Eval accuracy drop in
Appendix B.6.
3.4 Tensor decompositions for

Mixture-of-Experts
MoE layers are an especially appealing target for
tensorization. Since Switch Transformers (Fedus
et al., 2022), MoE models have been trained under
a trade-off between expert specialization and load
balancing, often leading to overlapping represen-
tations across experts. This effect becomes even
more pronounced in compute-efficient grouped de-
signs (Tang et al., 2025; Molodtsov et al., 2026).
Consequently, the expert dimension provides a nat-
ural tensor mode through which Tucker decompo-
sition can exploit cross-expert redundancy, as pro-
posed in TD-MoE (Xu et al., 2026). A complemen-
tary matrix-based approach is taken by MoBE (Chen
et al., 2025), which exploits cross-expert redun-
dancy by factorizing each expert’s up-/gate weight
matrix as𝑊 = 𝐴𝐵, where 𝐴 is expert-specific and

60934



0 10 20
Bits saved (%)

10

20

30

40

50

C4
pe

rp
le

xi
ty

GPT-J 6B

baseline = 11.71

Tucker+TT, LoRA
! = 7, 23.9% saved

Tucker+TT, LoRA
! = 5, 17.1% saved

Tucker+TT, LoRA
! = 4, 13.7% saved

TT(all), LoRA
! = 2, 6.8% saved

Tucker, plain
! = 1, 1.1% saved

0 10 20
Bits saved (%)

10

15

20

25
Llama 2 7B

baseline = 6.63

TT(all), LoRA
! = 8, 24.3% saved

TT(all), LoRA
! = 6, 18.2% saved

Tucker+TT, LoRA
! = 4, 12.1% saved

Tucker+TT, LoRA
! = 2, 6.1% saved

Tucker, plain
! = 1, 1.0% saved

Tucker (MHA)
TT (FFN)

Tucker (MHA) + TT (FFN)
TT (all)

filled = plain
hollow = + LoRA

Pareto envelope

Figure 3: 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.

𝐵 is reparameterized as a linear combination of ba-
sis matrices {𝐵𝑖} shared across all experts within
a layer, with the decomposition learned by mini-
mizing the layer-wise reconstruction error. We test
whether the structural alignment of tensor formats
translates into better post-training compression on
Qwen3-30B-A3B (Yang et al., 2025) (128 experts,
8 active) benchmarking TD-MoE against MoBE as a
matrix-decomposition baseline. Additional exper-
iments with GPT-OSS-20B (OpenAI, 2025) can be
found in Appendix C.2.

Following the protocol from Appendix C.1, Fig-
ure 4 and Figure 5 summarize the comparison be-
tween MoBE and TD-MoE on both Adam and Muon
pretrained models. Surprisingly, TD-MoE performs
substantially worse than MoBE, despite both meth-
ods employing gradient-based optimization during
compression. MoBE remains close to the orig-
inal model across all tested compression ratios,
whereas TD-MoE degrades significantly, suggesting
that the structural alignment between the tensor for-
mat and the expert index does not by itself confer a
compression advantage over matrix-based factor-
ization with shared bases. Thus, Tucker decom-
position for MoE yields substantially better results
than for MHA, yet remains considerably weaker
than the matrix-based method MoBE. This obser-
vation leads to the following question.

Q2: What are the underlying reasons for
such behaviour of tensor decompositions
across the two considered architectures?
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Figure 4: C4 perplexity of TD-MoE and MoBE on Qwen3-
30B-A3B model (Adam pretrained).

3.5 Structural Mismatch of Tensor
Decompositions in LLMs

To address Q2, we conduct an experiment, where
for each compression run – dense or MoE – we
compare residual-stream activations of the original
model and of the compressed one after the last
decomposed block. 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 the deviation
by the mean angle between dense and compressed
activation vectors and by their norm ratio, averaged
over evaluation tokens.

Figure 6 shows the same pattern for all mod-
els. 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. This sug-
gests that tensorization degrades quality by pro-
gressively distorting the geometry of the residual
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stream, rather than merely increasing parameter re-
construction error. Thus, the main limitation is not
the local expressivity of Tucker or TT decomposi-
tions, but their inability to preserve the heteroge-
neous representation geometry induced by LLMs
without additional training. We explain this in the
next section.

3.6 Important Weights for Activation
Restoration

It is well-known that a small fraction of LLM pa-
rameters, termed super-weights and outliers (Yu
et al., 2024), are disproportionately critical to
model quality: removing as few as a single scalar
can raise perplexity by several orders. Giving
a formal definition, let 𝑙∗ be a layer number,
𝑗∗ ∈ {1, 2, ..., 𝐷} is a super activation index, if

∃𝑙∗ : ∀𝑘 ≥ 𝑙∗ :
���𝑦 (𝑘 )𝑡 , 𝑗∗

��� ≫ median 𝑗
���𝑦 (𝑘 )𝑡 , 𝑗

���
for almost all 𝑡 token indexes. If input activation
ℎ𝑡 has outliers on 𝑘∗ coordinate and 𝑊 itself has
an outlier, then

𝑦𝑡 , 𝑗∗ =
𝐻∑︁
𝑘=1

𝑊 𝑗∗,𝑘ℎ𝑡 ,𝑘 ≈ 𝑊 𝑗∗,𝑘∗ℎ𝑡 ,𝑘∗

And the superweight itself is 𝑆𝑊 := 𝑊 (𝑙∗ )
𝑗∗,𝑘∗ .

These parameters are not essentially the largest in
magnitude, thus carry negligible Frobenius mass.
Standard low-rank projections, which minimize
a global Frobenius objective, therefore systemat-
ically discard them, producing severe spectral dis-
tortions at precisely the coordinates that matter
most. Superweights further induce persistent large

activation outliers across layers (Sun et al., 2024,
2026), amplifying this effect under compression.

To empirically validate this claim, we first ob-
serve that LoRA fine-tuning restores the origi-
nal super-weight scalar with an absolute error of
10−4 on the LLaMA 2 7B model, whose super-
weight resides at coordinates (2533, 7890) of the
first MLP down-projection matrix (Sun et al.,
2026). For a more systematic investigation, we
apply HASSLE-free to this matrix: its sparse/low-
rank decomposition combined with Hessian-based
importance scoring recovers 95% of the original
uncompressed activation magnitude, providing a
principled reference set of critical weight coordi-
nates. We then apply truncated SVD at increasing
ranks to the same matrix in order to determine the
minimum rank required to individually restore the
super-weight, the activation outliers, and the full
set of HASSLE-free-selected coordinates. We also
provide experiments demonstrating that pruning of
this layer collapses the model in Appendix B.3.

The results are presented in Figure 7. As shown
in the first panel, the column indices of the weights
selected by HASSLE-free closely coincide with
those of the identified outliers and super-weight
coordinates. Furthermore, the second panel of
Figure 7 reveals that restoring the super-weight
alone requires a rank of at least 1500, while re-
covering the full set of critical weights identified
by HASSLE-free demands a rank approaching that
of the original matrix. This result has a direct
implication: decomposition-based methods that
retain only the leading singular components sys-
tematically fail to capture the fine-grained struc-
ture of LLM weights, since faithful reconstruction
requires 𝑟 ≫ (min{𝑚,𝑛})/2, far beyond the ranks
used in practice. To isolate the role of super-
weights, we repeat the same experiment on a layer
that contains no super-weight and obtain qualita-
tively identical restoration results (Appendix B.4).
This control experiment is particularly revealing: it
demonstrates that super-weight restoration, while
necessary, is not sufficient for activation recovery,
and that the pathological sensitivity to rank trun-
cation reflects a deeper structural property of LLM
weight matrices rather than a localised outlier phe-
nomenon. We therefore conclude that naïve rank
truncation is an inherently inadequate strategy for
compressing LLM weights.
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4 Why Tensorization Fails: An Operator
Analysis Perspective

The empirical patterns such as sharp degrada-
tion under FFN tensorization in Fig. 2, residual-
stream geometric drift (Fig. 6), pathological sen-
sitivity to rank truncation (Fig. 7), and the consis-
tent gap between TD-MoE and the matrix-based
MoBE (Fig. 4) point to a structural rather than a
methodological cause. We formalize this through
two chained obstructions: Frobenius-optimal ten-
sor decompositions (HOSVD, TT-SVD, Tucker)
(i) optimize a norm misaligned with operator-norm
preservation, and (ii) on the heavy-tailed spectra
that Transformer weights exhibit, incur a spectral
error exceeding the matrix-optimal error by a factor
growing polynomially with layer width.

Setup. Let 𝑊 ∈ R𝑚×𝑛 be a layer weight and

𝜑 : R𝑚×𝑛 → R𝐼1×···×𝐼𝑑 a reshape with
𝑑∏
ℓ=1

𝐼ℓ =

𝑚𝑛 and 𝑑 ≥ 2. Set T = 𝜑(𝑊), let T̂ ∈ Mr,
whereMr is a fixed rank manifold, be a Frobenius-
optimal low-rank approximation (Tucker rank r =
(𝑟1, . . . , 𝑟𝑑) via HOSVD or TT rank (𝑟1, . . . , 𝑟𝑑−1)
via TT-SVD), and 𝑊 = 𝜑−1(T̂ ). Singular values
of the mode-ℓ unfoldingT(ℓ ) are𝜎ℓ,1 ≥ 𝜎ℓ,2 ≥ . . . ;
we drop the mode subscript when clear.

Tensorization preserves Frobenius but not op-
erator geometry. Since 𝜑 permutes entries,
∥𝜑(𝐴)∥𝐹 = ∥𝐴∥𝐹 for all 𝐴. The tensor spectral
(injective) norm,

∥T ∥𝜎 := sup
∥𝑢(ℓ) ∥2=1

〈T , 𝑢 (1) ⊗ · · · ⊗ 𝑢 (𝑑) 〉, (5)
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takes its supremum over rank-one unit tensors: a
strict subset of the unit operator-norm ball when
𝑑 ≥ 3. Hence ∥𝜑(𝑊)∥𝜎 ≤ ∥𝑊 ∥2, with equality
only when 𝜑(𝑊) is rank-one. For 𝑑 ≥ 3 computing
∥T ∥𝜎 is computationally hard, and the two norms
can be polynomially separated.
Proposition 1 (Friedland and Lim, 2018). For𝑊 ∈
R𝑚×𝑛 reshaped to order 𝑑 ≥ 3,

∥𝑊 ∥2
∥𝜑(𝑊)∥𝜎 ∈

[
1,

√︁
min(𝑚, 𝑛)

]
, (6)

and the upper bound is generically attained on
matrices with delocalised singular vectors.

Consequently, 𝜑 is a Frobenius isometry but
not an isometry between (R𝑚×𝑛, ∥ · ∥2) and
(R𝐼1×···×𝐼𝑑 , ∥ · ∥𝜎). There is no tensor analogue
of Eckart–Young–Mirsky result: Frobenius and
operator optima do not coincide.

Spectral suboptimality on heavy-tailed spectra.
Fix a target mode ℓ and matrix rank 𝑘 . Let
𝑊ℓ := T(ℓ ) . We compare the Eckart–Young op-
timum 𝑊EY of rank 𝑘 with the unfolding 𝑊 :=
(T̂ ) (ℓ ) of the tensor truncation. HOSVD and
TT-SVD do not solve the Frobenius problem over
Mr exactly, but satisfy the quasi-optimality bound
∥T − T̂ ∥𝐹 ≤ (1 + 𝜀) minS∈Mr ∥T − S∥𝐹 with
𝜀 ≤

√
𝑑 − 1−1 (Oseledets, 2011). Combined with

the mode-wise tail estimate and the reshape isom-
etry, this gives ∥𝑊ℓ −𝑊 ∥2

𝐹 ≤ 𝑑∑𝑖>𝑘 𝜎2
𝑖 under the

working assumption of comparable mode spectra.
By comparable spectra it is assumed that mode un-
foldings utilized in each decomposition all lie in
the same power-law regime, i.e. 𝜎𝑙,𝑖 ∝ 𝑖−𝛼𝑙 with
𝛼 < 1

2 , so that the per-mode Eckart-Young residual
tails

∑
𝑖>𝑘 𝜎

2
𝑖 each grow polynomially in dimen-

sionality N, of order Θ(𝑁1−2𝛼𝑙 ) across modes 𝑙. If
the modes have different 𝛼𝑙, the least dominates.
Corollary 2 (spectral-to-Frobenius gap). Combin-
ing ∥ · ∥2 ≤ ∥ · ∥𝐹 with the bound above,

∥𝑊ℓ −𝑊 ∥2
𝜎𝑘+1

≤
√
𝑑 ·

√︄
1 +

∑︁
𝑖>𝑘+1

(
𝜎𝑖/𝜎𝑘+1

)2
. (7)

The manifold geometry contributes only
√
𝑑; the

binding factor is the spectral profile of𝑊ℓ .

Power-law specialisation. Weight matrix spec-
tra are well modeled by𝜎𝑖 ∝ 𝑖−𝛼 over a broad index
range (Martin and Mahoney, 2021). Aggregating

up to dimension 𝑁 ,

𝑁∑︁
𝑖=𝑘+1

𝜎2
𝑖 ≍



𝑁1−2𝛼, 𝛼 < 1/2,
log(𝑁/𝑘), 𝛼 = 1/2,
𝑘1−2𝛼, 𝛼 > 1/2.

(8)

Substituting into (7), the spectral suboptimal-
ity grows as Θ(𝑁1/2−𝛼) for 𝛼 < 1/2, as
Θ(

√︁
log(𝑁/𝑘)) at the boundary, and is bounded by

a constant for 𝛼 > 1/2. The tail is dominated by
the ambient dimension 𝑁 , not the truncation cutoff
𝑘 , precisely in the heavy-tailed regime. The bound
is consequential only when 𝛼 < 1/2. To verify that
this is the operative regime, we fit 𝜎𝑖 ∝ 𝑖−𝛼𝑘 on the
mode unfoldings of the stacked expert FFN tensors
in Qwen3-30B-A3B and the GPT-J 6B. Table 1 re-
ports the exponents across representative layers:
all measured 𝛼𝑘 lie well below 1/2, with the ex-
pert and output modes routinely below 0.1 and the
input mode below 0.4 for Qwen3-30B-A3B (mode
0: expert; mode 1: output; mode 2: input). Table 2
reports similar exponent behaviour for tensorized
GPT-J 6B weights. The bound (7) is therefore not
asymptotic ornamentation, but a practical binding
at the dimensions and ranks used in practice.

Table 1: Fitted power-law exponents 𝛼𝑘 (𝜎𝑖 ∝ 𝑖−𝛼𝑘 ) for
the three mode unfoldings of the expert FFN tensors in
Qwen3-30B-A3B.

Layer / projection 𝛼0 (expert) 𝛼1 (output) 𝛼2 (input)

Layer 0 / gate 0.160 0.075 0.402
Layer 0 / up 0.187 0.062 0.358
Layer 12 / gate 0.047 0.050 0.197
Layer 12 / up 0.040 0.045 0.190
Layer 24 / gate 0.039 0.053 0.202
Layer 24 / up 0.025 0.046 0.195
Layer 47 / gate 0.052 0.051 0.142
Layer 47 / up 0.048 0.051 0.134

Table 2: Fitted power-law exponents 𝛼 for ten-
sorized decompositions of GPT-J 6B: (a) Tucker mode-
unfolding exponents 𝛼𝑘 for the stacked QKVO attention
tensor; (b) TT bond-cut exponents at 𝑘 = 3, 6, 9.

Layer 𝛼0 (hidden) 𝛼1 (heads) 𝛼2 (head_dim)

Layer 0 0.60 0.01 0.04
Layer 13 0.43 0.01 0.03
Layer 27 0.40 0.00 0.03

(a) Tucker QKVO mode unfoldings.

Layer 𝑘 = 3 𝑘 = 6 𝑘 = 9

Layer 0 0.01 0.34 0.02
Layer 13 0.01 0.34 0.02
Layer 27 0.01 0.34 0.02

(b) TT bond-cut, 12-mode reshape of fc_in.
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Reconciliation with the empirical findings.
Proposition 1 and Corollary 2 imply that a
Frobenius-optimal tensorization controls ∥𝑊 −
𝑊 ∥𝐹 but admits an operator residual ∥𝑊 − 𝑊 ∥2
up to

√︁
min(𝑚, 𝑛) times the matrix-optimal value.

Since residual-stream propagation is governed by
the operator norm, Frobenius optimality is mis-
aligned with the quantity that determines func-
tional preservation. This reconciles the findings
of Section 3: the angular drift and norm shrinkage
in Fig. 6 track operator error, while the recovery
curves of Fig. 7 reflect that the critical singular
directions lie deep in the spectrum that Frobenius
truncation discards first. The TD-MoE vs MoBE
gap in Fig. 4 is the same effect amplified: ten-
sorizing the expert axis introduces the most heavy-
tailed unfolding of all (Table 1, 𝛼0 ≈ 0.03–0.05
at intermediate layers), multiplying an already
strict bound. None of this is fixed by reweight-
ing the Frobenius loss or reordering modes; it re-
quires either an operator-aware objective or post-
decomposition repair substantially heavier than the
lightweight LoRA used here.

5 Comparison with the Quantization
Baseline

Sections 3 and 4 established that tensor decompo-
sitions face a structural barrier as standalone post-
training compressors. We benchmark all matrix-
and tensor-based methods of Section 3 against stan-
dard post-training quantization: round-to-nearest
(RTN) at 4 and 8 bits, applied to the same Trans-
former layers and modules (Gholami et al., 2022).
Figure 8 reports the resulting C4 perplexity versus
bits saved on GPT-J 6B, including a new com-
bination: Tucker on MHA paired with LASER (at
ranks 512 and 1024) on FFN, the strongest hy-
brid among the surveyed methods. Additional
experiments across different models and setups
are presented in Appendix B.6 and C.2. Accord-
ing to Figure 8, RTN dominates the compression-
quality frontier: both RTN-4-bit and RTN-8-bit
track the dense baseline across the full tested
range, with no perceptible perplexity degradation
up to ≈ 18% bits saved. Among decomposition-
based methods, only HASSLE-free remains gen-
uinely competitive in the low-compression regime,
where its structure absorbs the high-magnitude en-
tries that pure low-rank truncation distorts; SoLA
and Dobi-SVD follow at a slightly larger margin.
Beyond this regime, every matrix- and tensor-
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Figure 8: C4 perplexity versus bits saved on GPT-J 6B
for all selected modules and post-training quantization.

based method incurs perplexity penalties that RTN
avoids by construction. Thus, at deployment-
relevant compression ratios, training-free decom-
positions complement rather than substitute for
quantization. At matched compression ratios in
the mid range (≈ 15–20% bits saved), the hy-
brid Tucker(MHA)+LASER(FFN) variants outper-
form both Tucker(MHA)+TT(FFN) and TT(All):
at ≈ 17% bits saved, Tucker(MHA)+LASER(FFN)
at rank 1024 achieves PPL ≈ 19, versus PPL ≈ 28
for the TT-based combinations. Together, these re-
sults delineate the role of tensor decompositions in
post-training LLM compression: they cannot com-
pete with quantization as a standalone strategy, and
among decomposition methods they are dominated
by matrix-level alternatives due to the heavy-tailed
FFN spectra shown in Tables 1, 2. Quantizing
the tensor factors themselves adds only marginal
further savings (see Appendix B.11).

6 Conclusion
This study shows that tensor decompositions fail
as a standalone post-training LLM compression
method because they optimize the wrong geome-
try. Tucker and TT preserve the Frobenius mass
while distorting the spectral subspaces (head, neu-
ron, and expert-specific) that carry the model func-
tion. These perturbations accumulate across depth,
and manifest as activation drift and quality degra-
dation. Our conclusion concerns training-free and
parameter-efficient post-training repair, rather than
the ultimate recoverability of tensorized models
under unrestricted full-parameter retraining.
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Limitations
We evaluate two dense models (GPT-J 6B,
LLaMA 2 7B) and three MoE models (Qwen3-
30B-A3B, GPT-OSS-20B, Moonlight-16B-A3B),
spanning both Adam- and Muon-pretrained
weights. Transfer to architectures outside this set
remains to be verified.

The theory gives sufficient conditions for the ob-
served failure, not a tight characterisation. Propo-
sition 1 and Corollary 2 bound the worst-case sep-
aration between Frobenius- and operator-optimal
truncation. The realised gap depends on the
singular-value profile of each layer, which we mea-
sure only for the tensors in Table 1 and Table 2.

The LoRA repair stage (ranks 16 to 128, 100
and 400 optimiser steps, Appendix B.9) is a lower
bound on recoverability rather than a best-effort
fine-tuning baseline. Stronger adaptation could
narrow the gap we report, and we make no claim
about recovery under full fine-tuning.
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A Notation
General objects and conventions. Scalars are
denoted by lowercase letters such as 𝑟, 𝑝, 𝑞, 𝜌,
and 𝐿. Matrices are denoted by uppercase letters
such as 𝑋 , 𝑋 , 𝐴, 𝑊 , 𝑊 , 𝑈, 𝑉 , and Σ. Tensors are
denoted by calligraphic letters such as X, G, and
T . The notation ·̂ denotes an approximation of the
corresponding dense object. The symbol≈ denotes
an approximate factorization or reconstruction.

Compression and evaluation variables. 𝐿 de-
notes 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 com-
pression ratio is denoted by 𝜌, with experiments
using 𝜌 ∈ {0.2, 0.4}. In the GPT-OSS-20B expert-
mode comparison, preserve fixes 𝑟1 = 𝐾 , while
compress uses 𝑟1 < 𝐾 . Example selected TD-
MoE ranks are (32, 1720, 2664) for preserve and
(20, 2496, 2880) for compress.

Method abbreviations. Table 3 lists the method-
specific abbreviations used throughout the paper.

Table 3: Method abbreviations.

Abbreviation and 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 Additional information and
experiments for Dense models

B.1 GPT-J and LLaMa 2 Pruning Protocol
and Joint Layer Pruning

Layer pruning in this work is employed to evalu-
ate the layer-wise sensitivity of dense Transformer
blocks to structural removal, isolating the func-
tional role of individual sublayers (multi-head at-
tention, MHA; feed-forward network, FFN) and
full residual blocks within GPT-J 6B and LLaMA-
2 7B.

Per-layer ablation protocol (Figure 1). For
each layer ℓ, we independently (i) skip only the

MHA sublayer, (ii) skip only the FFN sublayer, or
(iii) skip the entire residual block, leaving all other
layers at their original dense configuration, and
measure the resulting C4 perplexity. This sweep
requires 𝑂 (3𝐿) full forward passes per model
(𝐿=28 for GPT-J 6B, 𝐿=32 for LLaMA-2 7B).
For LLaMA-2 7B, we use half of the model’s max-
imum sequence length (2048 of 4096) to reduce
evaluation cost across the large number of abla-
tion runs; for GPT-J 6B, we use a quarter of its
maximum sequence length (512 of 2048).

Joint layer pruning. Motivated by the ablation
sweep above, which identifies middle layers as con-
sistently least sensitive to removal, we evaluate
joint pruning of a contiguous layer range: fixing
the start at the middle layer (ℓ=⌊𝐿/2⌋) and pro-
gressively extending the end index up to ⌊3𝐿/4⌋,
we jointly skip either the MHA sublayer, the FFN
sublayer, or the full transformer block across all
layers in the range [⌊𝐿/2⌋, 𝑘], and measure the re-
sulting C4 perplexity for each 𝑘 . Results for that
ablation sweep are presented in Figure 9.

B.2 GPT-J and LLaMA 2
Tensor-Decomposition Protocol

This section describes the post-training tensor-
decomposition experiments on GPT-J 6B (Wang
and Komatsuzaki, 2021) and LLaMA 2 7B (Tou-
vron et al., 2023) reported in Figure 3. We use
the progressive block schedule: GPT-J 6B is com-
pressed from block 14 to block 20, and LLaMA 2
7B from block 16 to block 23, adding one consecu-
tive 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 FFN projections, and for
the TT-all setting, each linear weight matrix is ten-
sorized into twelve paired input-output modes. The
input and output dimensions are split into twelve
approximately balanced factors, interleaved into
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Figure 9: C4 perplexity over number of mid layers pruned. Layers are pruned starting at ℓ=⌊𝐿/2⌋ and progressively
up to ⌊3𝐿/4⌋, where 𝐿 is the nubmer of layers in the model.

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 × 10−4, 100 op-
timizer 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 diag-
nostics, we collect WikiText-2 sequences from the
dense and compressed models and compare acti-
vations 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 bench-
marking, compressed modules are reconstructed
to dense linear layers so that the reported qual-
ity reflects the compressed weights rather than
implementation-specific runtime kernels.

B.3 Single-Layer Decomposition on LLaMA
2 7B

To separate local layer sensitivity from error accu-
mulation 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 lay-
ers 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 factoriza-
tion, and a per-head TT variant. For FFN lay-

ers, we compare LASER-style matrix factorization
with TT factorization. Tucker always refers to the
TensorLLM-style decomposition of the attention
projections.

Figure 10 shows that sensitivity is highly non-
uniform across depth. The earliest layers are espe-
cially 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 decomposi-
tions save more parameters, but their effect grows
toward the final layers, especially for TT. This sup-
ports the progressive middle-to-late compression
schedule used in the main experiments: middle
layers are less sensitive locally, but quality still de-
grades once errors are accumulated over multiple
compressed blocks.

It is also worth noting separately that the PPL
of early layers, particularly those close to the layer
containing the super-weight (Layer 1), degrades far
more severely than even under the pruning strat-
egy(see Figure 1). This further confirms that re-
taining only the dominant singular components is
insufficient to recover the structure of the original
weight matrix.

Table 4: 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 Local CR 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 FFN 64 398.63 2.04
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because of large perplexity spikes.

B.4 Outlier Restoration Without Known
Super-Weights

The main restoration experiment in Section 3.6
focuses on the layer-1 MLP output projection
of LLaMA 2 7B, where a known super-weight
is present. To test whether the observed rank-
restoration barrier is specific to that single co-
ordinate, we repeat the same diagnostic on the
corresponding MLP output projection in layer 17.
We track random inliers, top-magnitude entries,
and activation-weighted top-𝑘 entries selected by
|𝑊𝑖 𝑗 |

√︁
diag(𝑋⊤𝑋) 𝑗 .

Figure 11 shows that the qualitative pattern from
Figure 7 persists even without a super-weight. Top-
magnitude entries are recovered more smoothly as
the rank increases, but activation-weighted entries
remain substantially below full recovery until the
retained rank approaches the full matrix rank.

B.5 Detailed GPT-J and LLaMA 2 Results
Table 8 reports 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 com-
pressed setting for each model, while the full table
reports all middle-to-late block ranges. For acti-
vation geometry, Angle is the mean angle between
dense and compressed 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.

B.6 Quality–Compression Trade-offs
In addition to C4 perplexity, we evaluate WikiText-
2 perplexity (Figure 12) and zero-shot LM-Eval ac-
curacy. The LM-Eval score is computed on ARC-
Challenge, HellaSwag, OpenBookQA, PIQA, and
WinoGrande (Figure 13). For each task, we mea-
sure the accuracy drop relative to the dense model
in percentage points, and report the unweighted av-
erage across tasks as the macro LM-Eval accuracy
drop. Lower values are better for all metrics shown
in this section.

B.7 Comparable Memory–Saving Levels
Protocol. The main-text protocol fixes the num-
ber and location of compressed blocks and reports
the resulting memory–quality trajectory; since
methods differ in their native rank and spar-
sity parameterizations, a matched-memory abla-
tion is added as a complement. Additional ex-
periments were run on GPT-J 6B, in which every
method compresses the same expanding middle-
to-late MLP block range while its internal rank or
sparse/low-rank budget is auto-selected to match
a fixed local compression target of either 50% or
75% of the affected MLP modules’ bits – budgets
chosen to align with the local compression of 8-bit
and 4-bit RTN quantization, respectively.

Results. Table 5 reports results at the largest
block range used in Figure 2 of the main text
(seven affected blocks); savings are reported as
a percentage of all non-embedding model bits.
The ordering is consistent across the full ten-block
sweep: RTN quantization remains closest to the
dense baseline at both budgets; HASSLE-free is
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Figure 11: (a) Positions of random inliers, top-magnitude entries, and activation-weighted top-𝑘 entries in the
weight matrix. Marker size encodes absolute weight magnitude. (b) Fraction of tracked entries restored as a
function of retained SVD rank.

the strongest decomposition/hybrid method; and
Tensor Train shows the largest degradation among
the decomposition-based methods. The pruning
baseline evaluated in the main text removes an en-
tire attention or MLP sublayer, giving it a discrete
100% local-removal operating point rather than a
continuously tunable budget. Matching it to the
50%/75% targets used here would require a differ-
ent, fine-grained pruning algorithm and would no
longer correspond to the pruning baseline evalu-
ated in the submission.

Table 5: Comparable-memory-saving comparison on
GPT-J 6B at the seven-block range from Figure 2, with
per-method rank/sparsity budgets matched to 50% and
75% local MLP-module bits saved. Savings are per-
centages of all non-embedding model bits.

Family Method 50% local target 75% local target

Overall saved (%) C4 PPL Overall saved (%) C4 PPL

Quantization RTN 8.04 11.71 12.05 11.85
Sparse + low-rank HASSLE-free 8.05 12.51 12.06 14.29

Matrix

Dobi-SVD 8.04 13.27 12.06 15.50
FLAT-LLM 8.04 14.38 12.06 15.41
SoLA 8.04 13.38 12.06 16.24
LASER 8.04 13.65 12.06 16.55

Tensor Tensor Train 8.04 15.75 12.06 18.92

B.8 HASSLE-free at 50% Overall Bits Saved
Protocol. HASSLE-free is evaluated at approx-
imately 50% savings of all non-embedding model
bits. The submitted 2:4-sparse-plus-rank-64 set-
ting cannot reach that point: even when applied to
all 28 feed-forward blocks, it saves only 27.88%
overall, since the sparse component retains half
of each matrix and the low-rank factors add fur-
ther storage. Target-matched high-compression
variants are therefore evaluated, covering both an
MLP-only configuration and one spanning atten-

tion and MLP projections.

Results. Table 6 reports the outcome. Distribut-
ing the compression budget across both attention
and feed-forward projections reduces C4 perplex-
ity from 721.95 to 65.06 (WikiText-2 PPL: 31.92).
Both 50% configurations nonetheless remain far
below the dense baseline: HASSLE-free’s strong
performance in the moderate-compression regime
does not extend to acceptable quality at 50% over-
all savings.

Table 6: HASSLE-free on GPT-J 6B pushed to ≈50%
overall non-embedding bits saved, on C4, versus the
submitted moderate-compression setting.

HASSLE-free setting Compressed modules Blocks Local savings Overall saved (%) C4 PPL

Dense baseline None 0 — 0.00 11.71
Submitted 2:4 + rank-64 MLP only 28 43.35% 27.88 20.02
High-compression target MLP only 28 77.75% 50.00 721.95
High-compression target Attention and MLP 19 76.42% 50.03 65.06

B.9 Stronger LoRA Repair and
full-parameter fine-tuning

Protocol. Sufficiently extensive full-parameter
retraining may recover more performance, and the
experiments reported here do not establish im-
possibility under that different regime; the scope
here is post-training compression with parameter-
efficient repair. To test whether the reported limi-
tation was caused by the lightweight rank-16, 100-
step setup, rank-64 TT is applied to all attention
and FFN projections in the final seven-block GPT-
J 6B setting (layers 14–20), and LoRA adapters are
trained on every compressed projection with ranks
up to 128 and up to 400 optimizer steps, using the
same WikiText-2 training data and learning rate as
the main repair protocol. Reported storage savings
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include the LoRA parameters.

Results. Table 7 reports the outcome. LoRA
substantially repairs the direct TT model, but the
best configuration remains far from the dense base-
line. Increasing the rank from 16 to 64 gives only
a modest improvement, while four-times-longer
training and rank 128 do not close the gap and in-
stead degrade held-out perplexity. The observed
limitation is therefore not simply an artifact of
rank-16 LoRA or 100 repair steps; the conclu-
sion concerns training-free and parameter-efficient
post-training repair, rather than the ultimate recov-
erability of tensorized models under unrestricted
full-parameter retraining.

Table 7: Effect of repair strength on rank-64 TT applied
to all attention and FFN projections in the final seven-
block GPT-J 6B setting (layers 14–20). Bits saved are
non-embedding, including LoRA parameters where ap-
plicable.

Repair after TT Steps Non-embedding bits saved WikiText-2 PPL ↓ C4 PPL ↓
Dense baseline — 0.00% 8.86 11.71
No repair 0 24.03% 54.85 51.42
LoRA, rank 16 100 23.89% 15.30 21.99
LoRA, rank 64 100 23.47% 15.10 22.26
LoRA, rank 16 400 23.89% 15.73 32.45
LoRA, rank 64 400 23.47% 17.40 32.84
LoRA, rank 128 400 22.90% 17.46 31.54

B.10 Dense-Sparse TT with Outlier
Preservation

We also test whether explicitly preserving a small
number of large or activation-important entries can
mitigate TT degradation. For a target weight ma-
trix 𝑊 , Dense-Sparse TT first selects a sparse set
S of entries, stores those entries exactly, and ap-
plies TT factorization only to the remaining inlier
matrix:

𝑊 = 𝑊S +𝑊in, 𝑊in ≈ 𝑊TT.

The final compressed layer is therefore imple-
mented as a TT layer plus a sparse correction.
We evaluate two sparse-entry selectors. The
magnitude-selected version chooses the top frac-
tion 𝑓 of entries by |𝑊𝑖 𝑗 |. The activation-weighted
version instead ranks entries by

score𝑖 𝑗 = |𝑊𝑖 𝑗 |
√︃

diag(𝑋⊤𝑋) 𝑗 ,

where 𝑋 contains calibration inputs to the cor-
responding linear layer. This score is inspired
by the activation-aware sparse selection used in
HASSLE-free, but we use it only to choose the

sparse correction entries; the remaining matrix is
still compressed with the same TT procedure. We
collect the activation statistics using 64 calibration
sequences of length 256.

Figure 14 shows that preserving a tiny sparse
correction substantially improves GPT-J 6B rela-
tive to plain TT when all selected modules are com-
pressed. At the largest compressed range, plain
TT reaches much higher C4 perplexity, whereas
both Dense-Sparse variants remain close to each
other and substantially lower. On LLaMA 2 7B,
however, the Dense-Sparse variants are almost in-
distinguishable from TT. Overall, sparse outlier
preservation helps in some cases, especially GPT-
J, but it does not remove the model-dependent
compression–quality trade-off.
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Table 8: Detailed GPT-J 6B and LLaMA 2 7B tensor-decomposition results. Compressed rows are grouped by
the number of consecutive decomposed blocks 𝐿 and report direct / +LoRA. Bits saved are measured over all
non-embedding model parameters. Bold values are best among compressed runs within each model-𝐿 group.

Compression
↑ Perplexity ↓ LM-Eval accuracy (%) ↑ Activation

geometry
𝐿 Blocks Method Bits saved

(%) WT2 C4 Macro ARC-C HSwag OBQA PIQA WinoG Angle
↓

Norm
→ 1

GPT-J 6B
Dense baseline 0.0 8.86 11.71 50.5 33.9 49.5 29.0 75.5 64.4 – –

1 14

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 / 25.8 74.6 / 74.9 64.6 / 63.1 9.3 / 18.3 0.99 / 1.04
TT FFN 2.3 / 2.3 9.32 / 8.83 12.35 / 17.33 49.4 / 49.2 32.5 / 33.4 47.7 / 49.1 27.8 / 27.2 74.5 / 73.6 64.2 / 62.6 14.9 / 23.5 0.99 / 1.05
Tucker+TT 3.4 / 3.4 9.60 / 8.89 12.57 / 13.41 48.2 / 49.5 29.8 / 33.0 46.2 / 48.4 26.6 / 29.4 74.3 / 73.9 64.1 / 62.6 16.9 / 24.6 0.98 / 1.03
TT all 3.4 / 3.4 9.62 / 8.93 12.59 / 13.74 48.0 / 48.7 29.7 / 31.7 46.2 / 48.8 26.4 / 26.2 74.4 / 73.9 63.5 / 62.7 16.9 / 24.7 0.98 / 1.02

2 14–15

Tucker MHA 2.3 / 2.3 9.93 / 8.93 12.57 / 12.71 47.9 / 48.8 30.2 / 32.8 46.5 / 48.1 25.6 / 25.0 73.7 / 74.1 63.5 / 63.9 11.9 / 20.3 0.98 / 1.04
TT FFN 4.6 / 4.6 10.31 / 9.20 13.59 / 14.39 48.0 / 49.0 31.1 / 33.5 45.5 / 48.0 27.8 / 27.6 73.2 / 73.5 62.3 / 62.3 18.5 / 23.3 0.97 / 1.01
Tucker+TT 6.9 / 6.8 12.13 / 9.50 15.20 / 13.91 44.4 / 48.1 26.3 / 31.7 41.7 / 47.0 23.0 / 26.0 71.3 / 73.8 59.8 / 62.0 20.5 / 26.2 0.97 / 0.99
TT all 6.9 / 6.8 12.41 / 9.50 15.50 / 13.82 44.1 / 48.0 25.6 / 32.6 41.5 / 46.7 23.0 / 24.2 70.8 / 73.7 59.4 / 63.0 20.5 / 25.9 0.97 / 0.99

3 14–16

Tucker MHA 3.4 / 3.4 10.53 / 9.26 13.28 / 13.30 46.4 / 48.1 28.5 / 31.8 44.9 / 47.2 24.4 / 25.4 72.6 / 73.3 61.4 / 62.6 13.7 / 19.9 0.98 / 1.01
TT FFN 6.9 / 6.8 12.06 / 9.77 15.54 / 16.12 46.1 / 48.5 28.4 / 32.7 43.2 / 46.9 25.4 / 28.4 72.9 / 73.2 60.7 / 61.4 21.5 / 24.7 0.94 / 0.97
Tucker+TT 10.3 / 10.2 15.30 / 10.27 18.41 / 15.01 42.1 / 46.7 23.3 / 30.4 39.3 / 45.5 20.0 / 25.0 69.4 / 72.1 58.6 / 60.5 23.4 / 27.0 0.94 / 0.95
TT all 10.3 / 10.2 15.93 / 10.25 19.01 / 15.04 41.8 / 47.0 23.0 / 30.8 38.9 / 45.4 19.2 / 25.6 69.3 / 72.9 58.7 / 60.2 23.4 / 27.1 0.95 / 0.95

4 14–17

Tucker MHA 4.6 / 4.5 12.01 / 9.57 13.79 / 13.61 46.5 / 47.9 28.8 / 31.5 44.4 / 47.0 24.8 / 25.2 72.9 / 73.4 61.5 / 62.5 15.2 / 20.3 0.97 / 1.00
TT FFN 9.2 / 9.1 14.49 / 10.38 18.28 / 16.99 44.6 / 47.5 26.7 / 32.3 41.4 / 46.0 22.6 / 26.4 71.5 / 72.8 61.0 / 59.9 24.1 / 26.1 0.92 / 0.94
Tucker+TT 13.7 / 13.7 20.46 / 11.06 22.77 / 17.78 41.1 / 45.9 22.9 / 29.4 37.4 / 44.3 17.8 / 23.8 68.7 / 71.3 58.6 / 60.6 26.0 / 28.6 0.92 / 0.91
TT all 13.7 / 13.7 21.80 / 11.12 24.01 / 18.05 40.8 / 45.7 23.0 / 29.4 37.1 / 44.1 17.6 / 23.2 68.3 / 71.9 58.1 / 60.1 26.0 / 29.2 0.93 / 0.92

5 14–18

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 / 61.5 16.6 / 21.6 0.98 / 1.00
TT FFN 11.5 / 11.4 17.73 / 11.03 21.46 / 18.36 43.5 / 46.6 27.0 / 32.1 40.2 / 45.3 20.8 / 24.8 70.2 / 71.7 59.1 / 59.3 26.4 / 27.4 0.89 / 0.91
Tucker+TT 17.2 / 17.1 27.10 / 11.97 28.26 / 19.00 39.9 / 45.0 22.3 / 29.7 35.9 / 43.2 17.8 / 22.6 65.8 / 70.9 57.9 / 58.6 28.1 / 30.2 0.90 / 0.89
TT all 17.2 / 17.1 29.39 / 12.16 30.22 / 20.33 39.7 / 45.2 22.1 / 29.4 35.6 / 43.1 17.4 / 23.4 65.7 / 71.0 57.6 / 59.0 28.2 / 31.2 0.91 / 0.89

6 14–19

Tucker MHA 6.9 / 6.8 14.90 / 10.48 16.04 / 15.11 44.8 / 46.7 26.8 / 30.1 42.4 / 45.9 22.4 / 23.2 71.2 / 73.1 61.4 / 61.3 17.9 / 23.8 0.98 / 0.99
TT FFN 13.8 / 13.7 21.05 / 11.89 24.54 / 20.10 42.0 / 45.7 24.7 / 28.8 38.6 / 43.9 20.2 / 24.6 68.3 / 71.4 58.0 / 60.0 28.5 / 28.9 0.86 / 0.88
Tucker+TT 20.6 / 20.5 34.27 / 13.62 34.16 / 22.35 39.3 / 43.7 21.6 / 26.8 34.6 / 41.3 18.0 / 21.0 64.4 / 69.9 58.0 / 59.4 30.1 / 33.3 0.87 / 0.86
TT all 20.6 / 20.5 37.25 / 13.50 36.73 / 21.31 39.3 / 43.9 22.0 / 26.2 34.5 / 41.4 17.6 / 22.6 64.3 / 70.8 58.1 / 58.8 30.1 / 33.0 0.88 / 0.86

7 14–20

Tucker MHA 8.0 / 7.9 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 / 24.2 0.98 / 0.98
TT FFN 16.0 / 16.0 26.31 / 12.86 28.28 / 20.00 40.7 / 45.4 24.1 / 29.2 37.3 / 43.4 17.8 / 23.8 66.2 / 71.1 57.9 / 59.3 30.5 / 30.3 0.83 / 0.87
Tucker+TT 24.1 / 23.9 51.26 / 15.34 48.09 / 21.51 38.5 / 42.6 21.8 / 24.5 33.3 / 40.6 16.8 / 20.4 62.8 / 68.8 57.5 / 58.8 31.8 / 35.1 0.85 / 0.85
TT all 24.0 / 23.9 54.84 / 15.30 51.42 / 21.99 38.5 / 42.1 21.9 / 24.8 33.0 / 40.3 17.8 / 19.8 62.8 / 68.4 57.1 / 57.3 31.8 / 35.1 0.86 / 0.85

LLaMA 2 7B
Dense baseline 0.0 5.12 6.63 56.2 43.0 57.1 33.4 78.1 69.4 – –

1 16

Tucker MHA 1.0 / 1.0 5.28 / 5.06 6.87 / 6.91 54.9 / 55.5 41.0 / 42.7 55.3 / 56.0 32.4 / 33.2 76.8 / 76.9 69.0 / 68.5 17.1 / 22.5 0.91 / 0.99
TT FFN 2.0 / 2.0 5.52 / 5.15 7.01 / 7.05 55.3 / 55.5 41.9 / 42.2 55.9 / 55.9 31.4 / 32.4 77.6 / 78.0 69.9 / 69.0 22.3 / 26.3 0.93 / 1.00
Tucker+TT 3.1 / 3.0 5.61 / 5.24 7.23 / 7.25 53.8 / 54.5 38.9 / 40.2 54.3 / 54.8 30.4 / 32.6 76.4 / 77.0 69.1 / 68.1 26.5 / 31.1 0.85 / 0.92
TT all 3.1 / 3.0 5.61 / 5.23 7.23 / 7.26 53.9 / 54.8 39.1 / 40.7 54.4 / 54.8 30.4 / 33.6 76.4 / 77.1 69.1 / 68.0 26.5 / 31.5 0.85 / 0.92

2 16–17

Tucker MHA 2.0 / 2.0 5.52 / 5.20 7.15 / 7.18 54.0 / 54.7 38.8 / 40.1 54.1 / 55.2 31.6 / 32.8 76.6 / 77.0 69.0 / 68.6 19.7 / 23.9 0.89 / 0.96
TT FFN 4.1 / 4.1 5.88 / 5.41 7.56 / 7.56 54.1 / 54.1 39.9 / 39.1 54.4 / 54.6 31.2 / 31.4 76.6 / 76.6 68.3 / 68.7 26.2 / 28.7 0.90 / 0.94
Tucker+TT 6.1 / 6.1 6.24 / 5.56 7.97 / 7.88 52.7 / 53.2 37.8 / 38.0 52.2 / 53.1 29.8 / 30.4 75.2 / 76.3 68.7 / 68.4 30.5 / 34.1 0.80 / 0.86
TT all 6.1 / 6.1 6.24 / 5.56 7.97 / 7.90 52.8 / 53.5 38.0 / 38.7 52.2 / 53.2 29.8 / 31.4 75.2 / 76.3 69.0 / 68.0 30.5 / 34.5 0.80 / 0.87

3 16–18

Tucker MHA 3.0 / 3.0 5.76 / 5.34 7.50 / 7.45 53.3 / 53.9 37.7 / 38.8 53.3 / 54.6 30.8 / 31.4 76.3 / 76.6 68.4 / 68.0 21.7 / 25.8 0.87 / 0.96
TT FFN 6.1 / 6.1 6.44 / 5.73 8.33 / 8.17 53.3 / 53.5 39.4 / 38.9 52.8 / 53.3 29.6 / 31.4 76.0 / 75.7 68.7 / 68.3 29.1 / 31.8 0.87 / 0.90
Tucker+TT 9.2 / 9.1 6.98 / 6.03 8.95 / 8.66 51.9 / 52.3 35.5 / 36.5 50.5 / 51.4 30.8 / 30.0 74.7 / 76.0 67.9 / 67.5 33.5 / 36.7 0.76 / 0.81
TT all 9.2 / 9.1 6.98 / 6.01 8.95 / 8.65 51.9 / 51.9 35.5 / 36.1 50.5 / 51.3 30.8 / 30.0 74.8 / 75.0 68.1 / 67.2 33.6 / 36.8 0.76 / 0.82

4 16–19

Tucker MHA 4.0 / 4.0 6.03 / 5.46 7.91 / 7.68 52.7 / 53.6 36.9 / 38.1 52.6 / 54.0 30.2 / 32.0 76.0 / 76.2 68.0 / 67.6 23.5 / 25.8 0.86 / 0.94
TT FFN 8.2 / 8.1 7.61 / 6.20 9.59 / 8.90 51.9 / 51.3 37.0 / 35.9 51.1 / 51.7 29.0 / 26.8 74.9 / 74.1 67.3 / 67.8 31.5 / 35.0 0.84 / 0.89
Tucker+TT 12.2 / 12.1 7.85 / 6.63 10.06 / 9.62 50.0 / 49.6 35.0 / 34.4 49.0 / 49.4 25.6 / 24.6 73.6 / 73.8 66.9 / 66.0 36.0 / 39.3 0.72 / 0.77
TT all 12.2 / 12.1 7.86 / 6.63 10.06 / 9.65 50.0 / 49.8 34.9 / 34.1 49.0 / 49.5 25.2 / 25.6 73.6 / 73.6 67.0 / 66.4 36.0 / 38.9 0.72 / 0.78

5 16–20

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
TT FFN 10.2 / 10.2 8.71 / 6.80 10.99 / 9.73 50.7 / 50.1 36.5 / 33.9 49.2 / 50.4 27.6 / 26.2 73.6 / 73.0 66.8 / 66.9 33.5 / 36.1 0.81 / 0.84
Tucker+TT 15.3 / 15.2 9.94 / 7.74 12.34 / 11.09 47.1 / 47.4 30.6 / 30.8 45.2 / 46.8 23.2 / 23.2 70.0 / 71.0 66.3 / 65.4 38.3 / 42.3 0.68 / 0.74
TT all 15.3 / 15.2 9.94 / 7.72 12.35 / 11.11 46.9 / 48.0 30.5 / 31.1 45.2 / 46.8 22.8 / 24.0 70.0 / 70.9 66.2 / 67.1 38.4 / 41.5 0.68 / 0.74

6 16–21

Tucker MHA 6.1 / 6.0 6.93 / 5.94 9.07 / 8.50 50.4 / 51.9 34.4 / 36.3 50.3 / 52.2 25.8 / 28.2 73.2 / 74.1 68.5 / 68.6 26.7 / 28.1 0.83 / 0.91
TT FFN 12.3 / 12.2 10.26 / 7.52 12.51 / 10.98 49.4 / 49.1 35.6 / 32.3 47.2 / 48.8 26.2 / 25.6 71.3 / 72.0 66.9 / 66.9 35.2 / 38.3 0.79 / 0.81
Tucker+TT 18.3 / 18.2 12.45 / 8.81 14.96 / 12.77 45.7 / 46.4 29.8 / 28.7 43.0 / 45.2 23.0 / 24.4 67.6 / 68.6 65.3 / 65.2 40.4 / 44.5 0.64 / 0.71
TT all 18.3 / 18.2 12.46 / 8.79 14.97 / 12.76 45.7 / 46.1 29.5 / 29.4 43.0 / 45.0 23.0 / 23.0 67.6 / 68.9 65.3 / 64.5 40.4 / 43.8 0.64 / 0.71

7 16–22

Tucker MHA 7.1 / 7.0 7.45 / 6.15 9.74 / 8.97 49.3 / 51.3 32.8 / 35.6 49.8 / 51.9 23.4 / 27.2 72.0 / 74.1 68.7 / 67.8 28.1 / 29.3 0.81 / 0.91
TT FFN 14.3 / 14.2 11.52 / 8.19 14.14 / 12.24 46.9 / 47.7 32.0 / 31.1 45.1 / 47.5 23.0 / 23.8 69.3 / 70.3 65.0 / 65.9 36.7 / 40.7 0.76 / 0.80
Tucker+TT 21.4 / 21.2 17.60 / 10.39 19.45 / 15.22 42.7 / 44.2 27.2 / 27.5 39.5 / 42.4 19.2 / 21.2 64.3 / 66.2 63.5 / 63.8 42.2 / 46.8 0.61 / 0.68
TT all 21.4 / 21.2 17.60 / 10.23 19.44 / 14.90 42.9 / 44.6 27.6 / 28.1 39.5 / 42.3 19.2 / 22.0 64.4 / 66.3 63.6 / 64.2 42.2 / 45.4 0.61 / 0.70

8 16–23

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
TT FFN 16.3 / 16.2 12.98 / 9.02 15.77 / 13.40 46.0 / 47.2 31.6 / 30.7 43.4 / 45.9 22.8 / 23.6 67.4 / 68.9 64.7 / 66.7 38.0 / 41.7 0.74 / 0.78
Tucker+TT 24.4 / 24.3 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 / 64.3 43.8 / 48.7 0.58 / 0.65
TT all 24.4 / 24.3 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 / 65.2 43.9 / 47.1 0.58 / 0.68
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B.11 Quantization After Tensor
Decomposition

We evaluate 4-bit round-to-nearest quantization on
top of tensor decomposition: each TT core, and
each Tucker core/factor matrix, is quantized inde-
pendently with a symmetric per-component max-
abs scale, then dequantized and reconstructed for
evaluation; 16-bit scale metadata is included in
storage accounting. Table 9 reports the maximum
tested compression range per model under four de-
composition schemes, comparing 16-bit and 4-bit
factor storage (Saved = % of non-embedding bits
saved). Quantizing the factors adds little degra-
dation, but the extra whole-model saving is only
0.02–0.07 percentage points: at rank-64, the TT/-
Tucker components are already a small fraction
of total storage, so halving their precision barely
moves the total. Post-decomposition quantization
is thus quality-neutral but yields negligible incre-
mental compression, and does not address the dom-
inant error source — the decomposition itself. This
matches Section 5: RTN alone already dominates
the compression-quality frontier (Figure 8), and
stacking it onto decomposition does not recover
the tensor format, since the binding constraint is
decomposition error, not factor precision.

Table 9: Effect of 4-bit round-to-nearest quantization
of tensor factors after decomposition, at the maximum
tested compression range per model. Saved is the per-
centage of non-embedding model bits saved.

Model Tensor scheme 16-bit factors 4-bit factors Additional
saving (pp)Saved (%) C4 PPL Saved (%) C4 PPL

GPT-J 6B, 7 blocks
Tucker MHA 8.005 17.56 8.030 18.27 +0.024
TT FFN 16.046 28.28 16.068 28.31 +0.022
Tucker MHA + TT FFN 24.051 48.09 24.098 48.21 +0.047
TT on all 24.032 51.42 24.093 51.59 +0.061

LLaMA 2 7B, 8 blocks
Tucker MHA 8.092 10.14 8.117 10.14 +0.025
TT FFN 16.337 15.77 16.367 15.77 +0.031
Tucker MHA + TT FFN 24.428 23.53 24.484 23.53 +0.056
TT on all 24.410 23.59 24.480 23.72 +0.070

C TD-MoE Experiments
C.1 Qwen3-30B-A3B and GPT-OSS-20B

Tensor-Decomposition Protocol
This section describes the post-training tensor-
decomposition experiments on Qwen3-30B-
A3B (Yang et al., 2025) and GPT-OSS-20B (Ope-
nAI, 2025) reported in Figure 4. We use the pro-
gressive block schedule. Qwen3-30B-A3B is com-
pressed 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. GPT-OSS-20B is
compressed from the middle, the 12th layer. We
first extend the compressed set toward later layers
for 6 MoE layers, reaching roughly the 75% depth
point of the model, and then extend toward earlier
layers for another 6 MoE layers, reaching roughly
the 25% depth point. The final setting therefore
covers 12 MoE layers in total. We use two per-layer
compression ratios 𝜌 ∈ {0.2, 0.4}, where 𝜌 con-
trols how aggressively each expert is compressed
via Tucker decomposition (Figure 15). All runs are
evaluated relative to a fixed dense baseline for the
same model.

TD-MoE is a post-training compression method
designed for Mixture-of-Experts layers. Instead of
decomposing each expert weight matrix indepen-
dently, 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 ≈ G ×1 𝑈
(1) ×2 𝑈

(2) ×3 𝑈
(3) .

Here 𝑈 (1) ∈ R𝐾×𝑟1 acts on the expert mode and
represents 𝑟1 latent meta-experts, 𝑈 (2) ∈ R𝑑in×𝑟2
spans the compressed input-feature subspace, and
𝑈 (3) ∈ R𝑑out×𝑟3 spans the compressed output-
feature subspace. The core tensor G couples these
three latent modes.
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Figure 15: WikiText-2 perplexity as the number of
TD-MoE-compressed MoE layers increases on Qwen3-
30B-A3B, for 𝜌 ∈ {0.2, 0.4}. C4 perplexity is shown
in the main text (Figure 4).

Figure 16 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. Recent work identifies
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Figure 16: Downstream task accuracy (%) as the number of TD-MoE-compressed MoE layers increases on Qwen3-
30B-A3B.
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Figure 17: Downstream task accuracy (%) as the number of TD-MoE-compressed MoE layers increases on GPT-
OSS-20B for 𝜌 ∈ {0.2, 0.4}.

3 6 9 12
Compressed layers

30

35

40

45

A
cc

ur
ac

y
(%

)

ARC-C

3 6 9 12
Compressed layers

45

50

55

HellaSwag

3 6 9 12
Compressed layers

70

72

74

76

PIQA

3 6 9 12
Compressed layers

56

58

60

62

64

66

WinoGrande

3 6 9 12
Compressed layers

30

32

34

36

38

40

OBQA

preserve (d = 0.4) compress (d = 0.4) uncompressed baseline

Figure 18: Downstream accuracy (%) versus number of TD-MoE-compressed layers on GPT-OSS-20B at 𝜌=0.4.
preserve keeps the expert Tucker rank equal to 𝐾; compress additionally reduces the expert dimension.
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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 (Su
et al., 2025). Our schedule starts at mid-depth
and does not touch those shallow super experts,
so moderate TD-MoE may act mainly as denois-
ing in less critical expert subspaces, consistent with
prior observations that selective rank reduction can
sometimes improve LLM accuracy by removing
harmful higher-order components (Sharma et al.,
2024). GPT-OSS-20B has a smaller MoE struc-
ture, with 24 layers, 32 experts, and 4 active experts
per token (OpenAI, 2025), so the same interven-
tion has less expert-mode redundancy to exploit
before it removes functional diversity (Figure 17).

Perplexity on GPT-OSS-20B. Unlike Qwen3-
30B-A3B, GPT-OSS-20B reports anomalously
high perplexity on raw text: the uncompressed
model scores 503.9 on WikiText-2 and 269.9 on
C4. This is a known artifact—GPT-OSS is built
around the harmony chat format and is not intended
for direct causal-language-model perplexity evalu-
ation on raw corpora, so its absolute perplexity is
not a reliable quality signal. Consistent with this,
TD-MoE compression lowers perplexity monoton-
ically as more layers are compressed (Figure 19)
rather than raising it, as the intervention nudges the
miscalibrated baseline toward more generic next-
token statistics. We therefore treat downstream
accuracy (Figure 17) as the reliable signal for GPT-
OSS-20B and report perplexity only for complete-
ness.

C.2 Additional Experiments on
GPT-OSS-20B

C.2.1 Expert-Mode Comparison
We evaluate TD-MoE on OpenAI GPT-OSS-20B
at per-layer compression ratio 𝜌=0.4, varying the
expert mode: preserve fixes the expert-dimension
Tucker rank to 𝑟1=𝐾 (all experts are kept as dis-
tinct latent directions), whereas compress also
compresses the expert dimension (𝑟1 < 𝐾). At
the same target compression ratio, this reallo-
cates the saved expert-mode budget to the fea-
ture 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 ex-
ploit cross-expert redundancy at the cost of reduced
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Figure 19: WikiText-2 (left) and C4 (right) perplex-
ity as the number of TD-MoE-compressed MoE layers
increases on GPT-OSS-20B, for 𝜌 ∈ {0.2, 0.4}. The
uncompressed baseline (dotted) is anomalously high be-
cause GPT-OSS targets the harmony chat format rather
than raw-text language modeling; absolute perplexity is
therefore not a reliable quality metric for this model.

expert diversity.
Figure 18 reports the corresponding downstream

accuracy curves for preserve and compress as the
number of TD-MoE-compressed GPT-OSS-20B
layers increases.

C.2.2 Comparison Against MoBE
We extend the MoBE baseline introduced in Sec-
tion C to GPT-OSS-20B. GPT-OSS-20B has only
32 experts per layer (against Qwen3-30B-A3B’s
128), so MoBE’s number of basis matrices must
satisfy 𝑛𝐵 < 32 to yield any compression. We
evaluate 𝑛𝐵 ∈ {8, 16}, with the truncation 𝑇
fixed at the lowest per-expert dimension following
MoBE’s published convention. The two settings
are matched in bits-saved to TD-MoE 𝜌=0.4 and
𝜌=0.2 respectively, while all other protocol de-
tails (progressive middle-out block schedule, eval-
uation datasets, activation-geometry probe) follow
Appendix C.1.

Figure 20 reports C4 perplexity as more MoE
layers are compressed. As in the TD-MoE-only ex-
periments (Figure 19), absolute perplexity values
on GPT-OSS-20B are not interpretable in isola-
tion because the uncompressed baseline is miscal-
ibrated for raw-text causal-language-model evalua-
tion. The relative ordering is nonetheless informa-
tive: MoBE perturbs the model less than TD-MoE
at matched bits-saved. We rely on the activation-
geometry diagnostic in Figure 21 and downstream
accuracy (Figure 17) as the reliable quality signals.

Figure 21 compares the methods at the residual-
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stream level. Each marker is one block-schedule
setting; marker shape encodes the decomposition
family, marker area is the fraction of bits saved
relative to the dense model, and colour encodes C4
perplexity.
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Figure 20: C4 perplexity as the number of compressed
MoE layers increases on GPT-OSS-20B, for TD-MoE
𝜌 ∈ {0.2, 0.4} and MoBE 𝑛𝐵 ∈ {8, 16}. The uncom-
pressed C4 baseline (dotted) is anomalously high be-
cause GPT-OSS targets the harmony chat format rather
than raw-text language modelling (cf. Figure 19); ab-
solute perplexity is not a reliable quality metric for this
model, but the relative ordering—MoBE perturbing the
model less than TD-MoE at matched bits-saved—is
consistent with the activation-geometry diagnostic in
Figure 21.

D Computational Costs
All model experiments were run on NVIDIA
H100 GPUs. The GPT-J 6B and LLaMA 2 7B
tensor-decomposition experiments described in
Appendix B.2, including the progressive middle-
layer compression grid, perplexity evalua-
tion, activation-geometry diagnostics, and the
lightweight LoRA repair runs, required ap-
proximately 100 H100 GPU-hours in total.
The Qwen3-30B-A3B and GPT-OSS-20B tensor-
decomposition experiments described in Ap-
pendix C.1, including the progressive middle-
layer compression grid, perplexity evaluation,
activation-geometry diagnostics, and the MoBE
comparison, required approximately 60 H100
GPU-hours in total. We report GPU-hours as wall-
clock runtime multiplied by the number of GPUs
used.

All models (GPT-J 6B, LLaMA 2 7B,
Qwen3-30B-A3B, GPT-OSS-20B) and bench-
marks (WikiText-2, C4, ARC-Challenge, Hel-
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Figure 21: Residual-stream activation geometry of TD-
MoE versus MoBE on GPT-OSS-20B. Each marker
is one block-schedule setting; marker shape indicates
the decomposition family, marker area is the fraction
of bits saved relative to the dense model, and colour
encodes C4 perplexity. The dashed line marks the no-
perturbation reference (norm ratio = 1). At matched
bits-saved, MoBE produces smaller MoE-output angles
and norm ratios closer to one than TD-MoE, mirroring
the Qwen3-30B-A3B finding (Figure 4).

laSwag, OpenBookQA, PIQA, WinoGrande) are
used strictly for research evaluation of compression
methods, consistent with their publicly stated in-
tended research use. We do not redistribute model
weights and do not derive products outside research
contexts

Information About Use of AI Assistants
During the preparation of this work, AI-based tools
were consulted to refine the writing, assist in locat-
ing related work, and help arrange the final repos-
itory layout. The authors retained full control over
the content and checked the resulting materials.
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