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ABSTRACT

Convolutional Neural Networks (CNNs) have become indispensable in modern computer vision, yet
their deeper layers are often heavily overparameterized and computationally inefficient. We present
Multilinear Transformation Layers (MTLs), a simple and effective alternative that replaces select
convolutional layers with global multilinear transformations applied directly on activation tensors.
By shifting from kernel-level factorization to activation-level projections, MTLs retain expressivity
while offering substantial reductions in parameters and multiply-accumulate (MAC) operations. We
introduce two complementary strategies: D-MTL (Depth-selective MTL), which replaces the T
deepest convolutional layers, and Rk-MTL (Rank-selective MTL), which replaces layers whose
normalized effective rank falls below a threshold τ . Both variants are fully differentiable and end-
to-end trainable. Empirical studies on ResNet-50 (ImageNet-1K), ResNet-101 (CIFAR-10), and
YOLOv11x (DOTA-v1) demonstrate consistent parameter reductions while matching or improving
accuracy. On ImageNet-1K, D-MTL achieves up to 29% fewer parameters within 1.5 pp of baseline
Top-1 accuracy, outperforming LR by 4–6 pp; Rk-MTL delivers up to 41.7% latency reduction in
well-calibrated settings. On CIFAR-10, D-MTL reduces parameters by up to 30% while matching or
surpassing accuracy. On DOTA-v1, D-MTL cuts parameters by up to 20% with commensurate MAC
and latency reductions. In well-calibrated configurations, both variants consistently outperform prior
tensor-based methods.

Keywords Convolutional Neural Networks, Multilinear Transformation, Parameter Efficiency, Effective Rank, Image
Classification, Object Detection, Model Compaction

1 Introduction

Convolutional Neural Networks (CNNs) have become the workhorse of modern computer vision. From foundational
image recognition systems [1, 2] to state-of-the-art image classification [3, 4] and object detection [5–8], CNNs
underpin a remarkably broad range of applications. Yet this success comes at a cost: the same depth that makes CNNs
expressive also makes them over-parameterized [9–11]. Redundant capacity wastes storage and energy, raises the
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risk of overfitting when labeled data is scarce, and makes deployment on resource-constrained hardware a persistent
engineering challenge [8, 12, 13].

A natural response is to compress a trained network—through pruning, quantization, or knowledge distillation—or to
compact the architecture from the start by replacing expensive building blocks with leaner alternatives. Compression is
practical and widely used, but it is fundamentally bounded by the structure of the original network. Compaction, by
contrast, avoids redundancy by design, which tends to yield better generalization especially under limited data. The
central question we address is: which specific building block, and which layers, should be replaced?

Two complementary observations together point toward an answer. First, as depth increases in a CNN, spatial resolution
decreases, channel dimensionality grows, and spatial locality becomes progressively less critical [14, 15]. Second, the
weight tensors of deeper layers tend to exhibit low effective rank [16, 17]: their representational capacity is already
confined to a low-dimensional subspace. Together, these suggest that the deepest convolutional layers are the natural
candidates for compact replacement.

Contributions. We introduce Multilinear Transformation Layers (MTLs), a fully differentiable, drop-in replacement for
convolutions that applies three learned factor matrices—one per tensor mode—directly on activation tensors, eliminating
spatial kernel dependence entirely. D-MTL (Depth-selective MTL) replaces the final T convolutional layers via a
single hyperparameter before training begins, while Rk-MTL (Rank-selective MTL) targets layers whose normalized
effective rank falls below a threshold τ—identified by a one-time SVD pass—and retrains the resulting hybrid from
scratch. Experiments validate the approach across three benchmarks: on ImageNet-1K, D-MTL achieves up to 29%
fewer parameters within 1.5 pp of baseline accuracy, outperforming LR [18] by 4–6 pp; Rk-MTL (τ=0.88) delivers
up to 41.7% latency reduction. On CIFAR-10, D-MTL reduces parameters by up to 30% while improving accuracy;
on DOTA-v1, it cuts parameters by up to 20% with commensurate MAC and latency reductions. In well-calibrated
settings, both methods consistently outperform prior tensor-based approaches [18, 19].

2 Related Work

Post-training compression. Pruning eliminates redundant weights or filters [20, 21]. The Lottery Ticket Hypoth-
esis [22] showed sparse subnetworks can match dense counterparts. Quantization [23] reduces numerical precision,
and Knowledge Distillation [24] transfers knowledge from a large teacher to a smaller student. These approaches are
bounded by the original network’s structure.

Pre-training compaction. MobileNet [8] and EfficientNet [3] redesign convolutional blocks for efficiency; NAS [25]
automates efficient architecture search. Many such architectures still rely on convolutional kernels that dominate
parameter counts in deeper layers.

Tensor-based compaction. Low-rank and CP-inspired decompositions factorize convolutional filters [18] and
evolved into multilinear filter mappings [19]. Tucker decomposition compresses full layers [26] and inspired Tensor
Contraction Layers [27]. Tensor Train [28,29] and Tensor Ring [30] achieve high compression but can impose sequential
dependencies. In contrast, our MTLs act on activation tensors rather than kernels, offering global projections and
explicit control over the accuracy–compactness trade-off.

Rank analysis. Sedghi et al. [16] characterized rapid spectral decay in convolutional layers. The effective rank [17]
provides a continuous measure of effective dimensionality. Idelbayev and Carreira-Perpiñán [31] showed rank-aware
compression outperforms uniform-rank approaches; Schotthöfer et al. [32] framed low-rank discovery as a differential
equation problem. Our Rk-MTL uses effective rank directly as a layer-selection criterion.

3 Proposed Method

3.1 Multilinear Transformation Layer (MTL)

Scalars, vectors, matrices, and tensors are denoted by non-bold, bold lowercase, bold uppercase, and bold calligraphic
letters, respectively (e.g., x; x; U1; X ,Y). In a standard convolutional layer l + 1, the input X (l) ∈ RD×D×C is
convolved with filters F (l+1) ∈ Rk×k×C×O to produce X (l+1) ∈ Rd×d×O:

Y(i, j, p) = ⟨Xi,j ,F(:, :, :, p)⟩ . (1)

An MTL replaces this with trainable multilinear projections across all tensor modes:

Y = X ×1 U1 ×2 U2 ×3 U3, (2)

2



Depth- and Rank-Selective MTLs for Compact CNNs A PREPRINT

Figure 1: Multilinear Transformation Layer (MTL). All trainable parameters reside in U1,U2,U3, eliminating
dependence on a spatial kernel k.

where U1,U2 ∈ Rd×D project spatial modes and U3 ∈ RO×C mixes channels (Fig. 1). The element-wise form is
given in (3):

Y(j1, j2, j3) =

D∑
i1=1

D∑
i2=1

C∑
i3=1

[
X (i1, i2, i3)

2∏
n=1

Un(jn, in)

]
U3(j3, i3), ∀j1, j2, j3. (3)

All factor matrices are learned via standard backpropagation without specialized procedures.

Novelty and distinction from prior work. Unlike Kossaifi et al. [27], whose Tensor Contraction Layers (TCLs)
replace fully connected layers acting on flattened feature vectors, our MTL replaces convolutional layers directly,
acting on three-dimensional activation tensors X ∈ RD×D×C via mode-wise projections. This is non-trivial: replacing
convolutions requires preserving spatial structure for both classification and detection. To the best of our knowledge,
this is the first work to systematically replace convolutional layers with activation-level multilinear transformations,
complemented by data-driven rank analysis for layer selection.

3.2 D-MTL: Depth-Selective Replacement

D-MTL replaces the final T convolutional layers with MTLs. The hyperparameter T is a single, interpretable
knob: small T preserves expressive power while larger T increases compaction. This is motivated by the well-
established observation that deeper CNN layers encode increasingly abstract representations with higher representational
redundancy [15], where spatial locality becomes less critical and global correlations dominate.

3.3 Rk-MTL: Rank-Selective Replacement

Depth alone is an imperfect proxy for compressibility—some layers encode information in a low-dimensional subspace
regardless of their position [16]. Rk-MTL uses the effective rank of each layer’s weight tensor as a principled,
data-driven criterion.

For layer ℓ with weight tensor F (ℓ) ∈ Rk×k×C×O, reshape to W(ℓ) ∈ RO×k2C with singular values σ1, . . . , σm and
normalized weights pi = σi/

∑
j σj . The effective rank [17] is:

reff

(
W(ℓ)

)
= exp

(
−

m∑
i=1

pi log pi

)
, (4)

then the normalized effective rank is defined as:

r̄eff

(
W(ℓ)

)
=

reff
(
W(ℓ)

)
m

∈ (0, 1]. (5)

Values of r̄eff ≪ 1 indicate that information content is concentrated in a low-dimensional subspace—precisely
where MTL replacement is most effective. Given threshold τ , Rk-MTL: (1) trains the baseline CNN to convergence;
(2) computes r̄eff(W(ℓ)) via a single SVD pass per layer; (3) forms Sτ = {ℓ : r̄eff(W(ℓ)) < τ}; and (4) retrains the
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Table 1: Parameters and computational cost: standard convolution vs. the proposed MTL.
Method # Params MACs

Conv k2CO O(k2D2CO)

MTL 2dD + CO O
(
min{D2Cd+DCd2 + Cd2O, D2Cd+DCdO +Dd2O, D2CO +D2dO +Dd2O}

)

Figure 2: Exp. 1: Accuracy–parameter trade-off for ResNet-50 on ImageNet-1K. The Pareto frontier of D-MTL
dominates LR across all parameter budgets; Rk-MTL (τ=0.88) achieves competitive accuracy at a comparable
parameter count.

resulting hybrid from scratch. Lower τ replaces only the most compressible layers; higher τ admits more replacements.
Rk-MTL relaxes D-MTL’s depth assumption and directly targets layers with low intrinsic dimensionality, complementing
D-MTL for architectures with irregular rank profiles.

3.4 Model Size and Computational Complexity

Table 1 compares Conv and MTL. MTL eliminates kernel dependence: parameter count reduces to 2dD + CO, scaling
linearly with spatial dimensions rather than quadratically in k. Contractions in (2) are evaluated in order ×3,×1,×2

(channel mixing first), which minimizes MACs when C,O ≫ D—a condition satisfied in every deep layer targeted by
D-MTL and Rk-MTL across all three architectures. Whether MAC reductions translate to lower wall-clock latency
depends on input resolution and hardware kernel availability, as discussed in Section 4.4.

4 Experimental Studies

We evaluate MTLs on three benchmarks: ResNet-50 on ImageNet-1K (Exp. 1), ResNet-101 on CIFAR-10 (Exp. 2), and
YOLOv11x on DOTA-v1.0 (Exp. 3). All contractions are performed in the order ×3,×1,×2.

4.1 Experiment 1: ImageNet-1K Classification

4.1.1 Settings

ResNet-50 [33] on ImageNet-1K [2] (1.28M training / 50K validation, 1,000 classes). SGD with momentum 0.9, initial
LR 0.1 with cosine decay, weight decay 10−4, batch size 256, 90 epochs. D-MTL replaces T ∈ {5, 15, 45} layers;
Rk-MTL uses τ ∈ {0.88, 0.91, 0.92} computed from baseline weights. Comparisons: LR [18] (K ∈ {209, 250, 298})
and MLconv [19] (R ∈ {1, 3, 6}).

4
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Table 2: Exp. 1: Top-1/Top-5 accuracy (%) and model size
(M) for ResNet-50 on ImageNet-1K. N = number of layers
replaced.

Config Top-1 Top-5 # Params N

ResNet-50 (baseline)
– 76.70 93.22 25.56 –

LR [18]
K = 209 71.58 90.38 15.51 –
K = 250 68.87 88.83 18.25 –
K = 298 71.38 90.40 21.35 –

MLconv [19]
R = 1 75.49 92.55 15.51 –
R = 3 74.69 92.09 18.07 –
R = 6 75.70 92.56 21.92 –

D-MTL (Ours)
T = 45 70.34 89.05 15.62 45
T = 15 75.17 92.33 18.22 15
T = 5 75.82 92.83 21.36 5

Rk-MTL (Ours)
τ = 0.92 63.95 84.96 15.53 17
τ = 0.91 69.95 89.22 17.75 14
τ = 0.88 75.68 92.67 21.68 8

Figure 3: Exp. 1: Per-layer r̄eff(W(ℓ)) for ResNet-50
on ImageNet-1K. Unlike ResNet-101, no contiguous
low-rank collapse occurs; most layers maintain r̄eff >
0.5, explaining why the practical operating point is
τ=0.88.

4.1.2 Results and Discussion

D-MTL. Table 2 shows D-MTL consistently outperforms LR. At ∼21M parameters, D-MTL (T=5) achieves 75.82%
Top-1 vs. LR (K=298) at 71.38%—a 4.4 pp improvement. At ∼18M, D-MTL (T=15) at 75.17% outperforms LR
(K=250) at 68.87% by 6.3 pp. The accuracy gap is at most 1.5 pp at T=15, and the D-MTL Pareto frontier dominates
LR across all budgets (Fig. 2).

Rk-MTL. Fig. 3 shows ResNet-50 does not exhibit a contiguous low-rank collapse; most layers maintain r̄eff > 0.5.
At τ=0.88 (8 layers), Rk-MTL achieves 75.68% Top-1 with 21.68M parameters—within 0.14 pp of D-MTL (T=5)—
and reduces inference latency by 41.7% (Table 5), as these rank-selected layers overlap with computationally dominant
layers at 224×224. Aggressive thresholds (τ≥0.91) replace layers lacking genuine low-rank structure, causing
significant accuracy loss. All variants converge smoothly without special optimization procedures.

4.2 Experiment 2: CIFAR-10 Classification

4.2.1 Settings

ResNet-101 [33] on CIFAR-10 [34], 200 epochs, batch 128, LR 10−3, weight decay 10−5. D-MTL: T ∈ {3, 15, 42}.
Rk-MTL: τ ∈ {0.01, 0.3, 0.9}, ranks computed post-convergence; hybrid retrained from scratch. Comparisons: LR
(K ∈ {229, 260, 300}) and MLconv (R ∈ {4, 6, 8}). Data-limited regime: 2/5 training subset.

4.2.2 Results and Discussion

Fig. 4 plots the accuracy–parameter trade-off.

D-MTL. D-MTL consistently reduces parameters while preserving or improving accuracy. With T=42, it reaches
87.30%—above the 86.07% baseline—with only 30.46M parameters (∼28% fewer). T=3 achieves 87.33% at ∼5%
compaction. On the 2/5 subset, the baseline drops 7.22 pp; D-MTL (T=15) declines by only 6.02 pp, demonstrating
stronger data efficiency.

Rk-MTL. Fig. 5 shows that under full data, layers ℓ ∈ [28, 65] collapse to near-zero effective rank. Under 2/5 data,
the low-rank region expands to earlier layers, directly explaining the larger N (e.g., 22 vs. 32 at τ=0.9). At moderate
thresholds (τ=0.3, τ=0.01), Rk-MTL yields 87.01% and 86.95% with 27.84M and 33.61M parameters—competitive
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Figure 4: Exp. 2: Accuracy vs. parameters for ResNet-101 on CIFAR-10 (full and 2/5 reduced data). D-MTL and
Rk-MTL in well-calibrated configurations lie on a more favorable frontier than the baseline and prior methods (LR,
MLconv). Best viewed in color.

Table 3: Exp. 2: Validation accuracy (%) and model size (M) for ResNet-101 on CIFAR-10. For Rk-MTL, N is reported
as Full / 2/5.

Config Val Acc (Full / 2/5) # Params N

ResNet-101 (baseline)
– 86.07 / 79.86 42.52 –

LR [18]
K = 229 86.28 / 80.52 30.86 –
K = 260 87.22 / 79.73 35.03 –
K = 300 86.76 / 79.90 40.39 –

MLconv [19]
R = 4 86.76 / 79.44 30.85 –
R = 6 86.31 / 79.09 35.22 –
R = 8 86.94 / 80.29 40.82 –

D-MTL (Ours)
T = 42 87.30 / 80.38 30.46 42
T = 15 86.66 / 80.64 35.18 15
T = 3 87.33 / 80.37 40.42 3

Rk-MTL (Ours)
τ = 0.9 65.20 / 57.11 27.18 / 27.73 22 / 32
τ = 0.3 87.01 / 76.63 27.84 / 27.84 19 / 28
τ = 0.01 86.95 / 77.55 33.61 / 32.95 11 / 19

6
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(a) Full data (b) 2/5 data

Figure 5: Exp. 2: Per-layer r̄eff(W(ℓ)) for ResNet-101 baseline. (a) Layers ℓ∈ [28, 65] collapse to near-zero rank. (b)
Low-rank region expands under reduced data, explaining larger N and stronger Rk-MTL gains.

Figure 6: Exp. 3: mAP@50 vs. parameters for YOLOv11x on DOTA-v1 (full and 2/3 reduced data). D-MTL and
Rk-MTL in well-calibrated configurations outperform all LR and MLconv baselines. Best viewed in color.

with D-MTL. The aggressive τ=0.9 replaces layers without genuinely low rank, causing accuracy collapse to 65.20%,
underscoring the importance of calibrating τ below the architecture’s actual rank concentration level.

4.3 Experiment 3: DOTA-v1.0 Object Detection

4.3.1 Settings

YOLOv11x [35, 36] on DOTA-v1.0 [37], 300 epochs, batch 16, Adam. D-MTL replaces T ∈ {17, 24, 60, 61}
convolutional layers (excluding detection head). Rk-MTL uses τ ∈ {0.81, 0.83, 0.87, 0.90}. Comparisons: LR
(K ∈ {180, 220, 265, 300}), MLconv (R ∈ {1, 2, 4, 5}). Both full and 2/3 data splits are evaluated.

4.3.2 Results and Discussion

Fig. 6 plots the mAP@50–parameter trade-off.
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(a) Full data (b) 2/3 data

Figure 7: Exp. 3: Per-layer r̄eff(W(ℓ)) for YOLOv11x baseline. All layers sustain high rank (r̄eff ≳ 0.7) with oscillatory
profile. Under reduced data, fewer layers fall below τ (opposite of ResNet-101).

Table 4: Exp. 3: mAP@50 (%) and model size (M) for YOLOv11x on DOTA-v1. For Rk-MTL, N is reported as
Full / 2/3.

Config mAP@50 (Full / 2/3) # Params N

YOLOv11x (baseline)
– 53.15 / 50.34 56.89 –

LR [18]
K = 180 51.70 / 48.30 35.13 –
K = 220 51.95 / 48.49 39.93 –
K = 265 50.94 / 48.17 45.33 –
K = 300 51.71 / 48.67 49.53 –

MLconv [19]
R = 1 52.06 / 48.81 35.74 –
R = 2 53.11 / 47.54 39.44 –
R = 4 51.90 / 49.54 45.36 –
R = 5 53.06 / 48.02 50.54 –

D-MTL (Ours)
T = 61 43.83 / 39.23 35.07 61
T = 60 48.92 / 38.86 39.78 60
T = 24 53.21 / 51.69 45.72 24
T = 17 53.47 / 50.33 49.83 17

Rk-MTL (Ours)
τ = 0.90 53.32 / 48.20 36.02 / 43.95 23 / 11
τ = 0.87 51.88 / 47.90 38.95 / 48.67 13 / 10
τ = 0.83 51.67 / 50.10 44.80 / 50.99 8 / 2
τ = 0.81 53.43 / 49.19 50.71 / 51.00 3 / 2

D-MTL. D-MTL matches or exceeds YOLOv11x accuracy while reducing parameters by 12–20%. With T=17,
it achieves 53.47% mAP@50 (vs. baseline 53.15%) with 49.83M parameters; with T=24, 53.21% mAP@50 with
45.72M parameters. All LR and MLconv configurations fall below baseline accuracy at comparable budgets. On 2/3
data, D-MTL (T=24) maintains 51.69% mAP@50 vs. baseline 50.34%, confirming improved data efficiency.

Rk-MTL. Fig. 7 shows all YOLOv11x layers maintain r̄eff ≳ 0.7 with an oscillatory profile—in sharp contrast to
ResNet-101—so τ must be set near the global rank level (τ ∈ [0.81, 0.90]). At τ=0.81 (3 layers), Rk-MTL matches
D-MTL (T=17) at 53.43% mAP@50. Aggressive τ=0.90 achieves 53.32% with only 36.02M parameters. Under 2/3
data, τ=0.81 yields 49.19% mAP@50, marginally below baseline, so D-MTL (T=24) is the stronger data-limited
choice.

8
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Table 5: Whole-model computational efficiency. GMACs via thop on 3×224×224 (Exp. 1), 3×32×32 (Exp. 2),
3×640×640 (Exp. 3). Latency: mean single-image inference time (ms) over 1,000 GPU runs. ∆ relative to respective
baseline.

Config Params (M) ∆Params GMACs ∆MACs Latency (ms) ∆Latency

Exp. 1 — ResNet-50 / ImageNet-1K (224×224)
Baseline 25.56 — 4.130 — 0.617 —
D-MTL (T = 45) 15.62 ↓38.9% 0.610 ↓85.2% 1.432 ↑132.1%
D-MTL (T = 15) 18.22 ↓28.7% 2.940 ↓28.8% 0.736 ↑19.3%
D-MTL (T = 5) 21.36 ↓16.4% 3.750 ↓9.2% 0.638 ↑3.4%
Rk-MTL (τ = 0.92) 15.53 ↓39.3% 2.280 ↓44.8% 0.698 ↑13.1%
Rk-MTL (τ = 0.91) 17.75 ↓30.6% 2.520 ↓39.0% 0.395 ↓36.0%
Rk-MTL (τ = 0.88) 21.68 ↓15.2% 3.210 ↓22.3% 0.360 ↓41.7%

Exp. 2 — ResNet-101 / CIFAR-10 (32×32)
Baseline 42.52 — 0.159 — 5.930 —
D-MTL (T = 42) 30.46 ↓28.4% 0.137 ↓13.8% 9.280 ↑56.5%
D-MTL (T = 15) 35.18 ↓17.3% 0.156 ↓2.1% 7.075 ↑19.3%
D-MTL (T = 3) 40.42 ↓4.9% 0.157 ↓1.3% 6.130 ↑3.4%
Rk-MTL (τ = 0.9) 27.18 ↓36.1% 0.136 ↓14.5% 7.018 ↑18.3%
Rk-MTL (τ = 0.3) 27.84 ↓34.5% 0.120 ↓24.5% 7.529 ↑27.0%
Rk-MTL (τ = 0.01) 33.61 ↓20.9% 0.116 ↓27.0% 7.947 ↑34.0%

Exp. 3 — YOLOv11x / DOTA-v1 (640×640)
Baseline 56.89 — 97.242 — 16.201 —
D-MTL (T = 61) 35.07 ↓38.3% 80.173 ↓17.6% 21.248 ↑31.1%
D-MTL (T = 60) 39.78 ↓30.1% 81.316 ↓16.4% 21.113 ↑30.3%
D-MTL (T = 24) 45.72 ↓19.6% 89.823 ↓7.6% 16.113 ↓0.5%
D-MTL (T = 17) 49.83 ↓12.4% 95.229 ↓2.1% 14.400 ↓11.1%
Rk-MTL (τ = 0.90) 36.02 ↓36.7% 82.332 ↓15.3% 16.440 ↑1.5%
Rk-MTL (τ = 0.87) 38.95 ↓31.5% 85.475 ↓12.1% 14.203 ↓12.3%
Rk-MTL (τ = 0.83) 44.80 ↓21.2% 88.407 ↓9.1% 12.307 ↓24.0%
Rk-MTL (τ = 0.81) 50.71 ↓10.9% 94.620 ↓2.7% 11.638 ↓28.2%

4.4 GMACs and Latency Analysis

Several patterns emerge from Table 5.

MAC reductions scale with input resolution. On Exp. 1, D-MTL (T=15) achieves a 28.8% MAC reduction
alongside a 28.7% parameter reduction. On Exp. 2, replacing 42 layers yields only 13.8% fewer whole-model MACs
despite a 28.4% parameter reduction, because early high-resolution layers dominate computation and are not replaced.
On Exp. 3, T=60 achieves a 16.4% MAC reduction with 30.1% parameter reduction at 640×640 input.

Latency does not always track MACs. torch.nn.Conv2d benefits from vendor-optimized cuDNN kernels (Wino-
grad, FFT-based, or direct GEMM), whereas MTL mode products execute as general BLAS calls without the same
hardware specialization. This kernel-dispatch overhead dominates at small input resolutions, causing latency increases
for D-MTL on Exps. 1 and 2. For Rk-MTL on ImageNet-1K (224×224), rank-guided selection targets computationally
dominant layers, yielding up to 41.7% latency reduction. At large input (Exp. 3), D-MTL (T=17: −11.1%) and
Rk-MTL (τ=0.81: −28.2%) confirm that latency gains are achievable when replaced layers are both computationally
significant and spatially large. Hardware-aware kernel fusion for MTL mode products is a natural direction for future
work.

5 Conclusion

We presented two complementary MTL variants as efficient, drop-in replacements for convolutional layers. D-MTL
replaces the deepest T layers via a single hyperparameter; Rk-MTL targets layers whose normalized effective rank
falls below τ , guided by a one-time SVD pass. Both are architecture-agnostic, differentiable, and require no specialized
optimization. On ResNet-50/ImageNet-1K, D-MTL reduces parameters by up to 29% within 1.5 pp of baseline accuracy,
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outperforming LR by 4–6 pp; Rk-MTL achieves up to 41.7% latency reduction at τ=0.88. On ResNet-101/CIFAR-10,
D-MTL achieves up to 30% fewer parameters while matching or improving accuracy. On YOLOv11x/DOTA-v1,
D-MTL cuts parameters by up to 20%; Rk-MTL (τ=0.81) achieves 28.2% latency reduction. D-MTL is recommended
for depth-redundant architectures (ResNet-like); Rk-MTL is preferable for architectures with irregular rank profiles
(YOLO-like) or when a data-driven criterion is desired. Future work will investigate hardware-aware kernel fusion and
a unified D-MTL + Rk-MTL two-criterion strategy.
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