
LANCE: Low Rank Activation Compression for
Efficient On-Device Continual Learning

Marco P. E. Apolinario1,2 and Kaushik Roy2

1 Delft University of Technology, Delft 2628 CD, Netherlands
2 Purdue University, West Lafayette 47906, IN, USA

m.apolinariolainez@tudelft.nl, kaushik@purdue.edu

Abstract. On-device learning is essential for personalization, privacy,
and long-term adaptation in resource-constrained environments. Achiev-
ing this requires efficient learning, both fine-tuning existing models and
continually acquiring new tasks without catastrophic forgetting. Yet both
settings are constrained by high memory cost of storing activations dur-
ing backpropagation. Existing activation compression methods reduce
this cost but rely on repeated low-rank decompositions, introducing com-
putational overhead. Also, such methods have not been explored for
continual learning. We propose LANCE (Low-rank Activation Compres-
sion), a framework that performs one-shot higher-order Singular Value
Decomposition (SVD) to obtain a reusable low-rank subspace for ac-
tivation projection. This eliminates repeated decompositions, reducing
both memory and computation. Moreover, fixed low-rank subspaces fur-
ther enable on-device continual learning by allocating tasks to orthogo-
nal subspaces without storing large task-specific matrices. Experiments
show that LANCE reduces activation storage by 25× to 380× depend-
ing on the architecture, while maintaining accuracy comparable to full
backpropagation on CIFAR-10/100, Oxford-IIIT Pets, Flowers102, and
CUB-200 datasets. On continual learning benchmarks (Split CIFAR-100,
Split MiniImageNet, 5-Datasets), it performs competitively with orthog-
onal gradient projection methods at a fraction of the memory cost. These
results position LANCE as a practical and scalable solution for efficient
fine-tuning and continual learning on edge devices.3

1 Introduction

On-device learning can be a key enabler for personalization, privacy preservation,
and rapid adaptation in resource-constrained environments. Unlike cloud-based
training, on-device learning allows models to adapt directly on hardware such
as smartphones, IoT devices, or embedded systems, ensuring that data remain
local and inference remains low-latency [34]. Crucially, many real-world scenarios
require not only efficient fine-tuning but also continual learning, where models
incrementally acquire new tasks without catastrophic forgetting [14, 18, 22, 41].
The combination of efficiency and adaptability is essential for edge devices that
3 Our code is available at https://github.com/mapolinario94/LANCE
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must operate over long lifetimes while processing evolving user data streams. Yet,
both fine-tuning and continual learning are severely constrained by the large
memory footprint of storing intermediate activations during backpropagation.
For modern deep neural networks, activation memory often exceeds parameter
memory by 5–10× [6,26], making training infeasible on low-power devices such
as microcontrollers with only a few hundred kilobytes of Static Random Access
Memory (SRAM) [1,26].

Several approaches have been proposed to address this issue. Checkpoint-
ing [10] reduces memory usage at the cost of extra recomputation; reversible
networks [13] eliminate the need to store activations but require specialized ar-
chitectures; and quantization or activation pruning [5,9,17] compress or sparsify
activations but may introduce approximation errors or hardware overhead. Al-
ternatively, bio-inspired methods have explored efficient replacements for BP,
such as forward-forward methods [11,16] and local learning rules [3,4,12,24,32].
However, they usually incur accuracy degradation. More recently, low-rank ap-
proaches exploit redundancy in activations using SVD or Tucker decomposi-
tions [29,30], but these typically recompute decompositions at each training step,
adding significant overhead and making them unsuitable for continual learning,
where repeated factorization across tasks would require storing large task-specific
matrices.

A key insight from orthogonal gradient projection methods in continual learn-
ing [2, 23, 35] is that neural activations often lie in a stable, low-rank subspace
that can be reused across training. This suggests a natural question: Can we
identify a compact activation subspace and reuse it throughout fine-tuning, while
simultaneously enabling efficient continual learning?

With the above in mind, we introduce LANCE (Low-rank Activation Com-
pression), a framework that applies one-time higher-order singular value decom-
position (HOSVD) to extract a reusable low-rank activation subspace, as shown
in Figure 1b. Unlike prior iterative approaches [29,30], LANCE computes the de-
composition only once at the beginning of training. Subsequent activations are
projected onto this fixed subspace throughout training, avoiding repeated de-
compositions, thereby significantly reducing memory usage, computational cost,
and hardware overhead. In contrast to system-level methods such as TinyTL [6]
or the 256KB training engine [26], which freeze layers or restrict updates to
fit memory budgets, LANCE enables full backpropagation across all layers by
directly compressing stored activations. Importantly, these fixed subspaces also
allow assigning new tasks to orthogonal components, inherently supporting on-
device continual learning without storing large task-specific matrices as in pre-
vious continual learning (CL) methods [2, 27, 28, 35, 36, 39, 42]. By eliminating
repeated decompositions while preserving full-model fine-tuning, LANCE pro-
vides a practical and scalable solution for memory- and energy-efficient on-device
continual learning.

Our main contributions are summarized as follows:
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– We propose LANCE, a one-shot activation compression framework that con-
structs a reusable low-rank subspace via HOSVD, avoiding repeated decom-
positions.

– We show that LANCE enables both efficient fine-tuning and continual learn-
ing on edge devices by projecting activations onto fixed low-rank subspaces,
which can be partitioned across tasks to mitigate forgetting.

– We empirically validate LANCE on fine-tuning benchmarks (CIFAR-10/100,
Pets, Flowers102, CUB-200 with MCUNet, MobileNetV2, ResNet18/34) and
continual learning benchmarks (Split CIFAR-100, Split MiniImageNet, 5-
Datasets), demonstrating substantial memory savings while remaining within
2% of full backpropagation on standard residual networks, and presenting a
controlled 3% to 13% Pareto trade-off on ultra-lightweight mobile models,
and achieving competitive performance with full-rank gradient projection
methods for continual learning at a fraction of the memory cost.

2 Methodology

In this section, we outline our methodology. We first describe the main memory
bottleneck for on-device learning with full backpropagation (BP), then review
higher-order singular value decomposition (HOSVD), and finally present our
proposed method, including an overview, step-by-step pseudocode, a complexity
analysis, and a convergence analysis.

2.1 Preliminaries

Training deep neural networks requires storing intermediate activations during
the forward pass so that they can be reused for gradient computation in back-
propagation, as illustrated in Figure 1a. Let f(x;θ) denote a neural network
with input x and parameters θ. During forward propagation, each layer l pro-
duces an activation tensor X(l) that is stored in SRAM for later use in computing
the gradient: ∇θ(l)L = ∂L

∂X(l)
∂X(l)

∂θ(l) , where L is the loss function. The cumu-
lative memory footprint of storing {X(l)}Ll=1 across all L layers often dominates
SRAM usage, especially in convolutional networks. For example, on CIFAR-100
with ResNet18, storing activations during training can consume up to 5× more
memory than storing weights, quickly exhausting the limited resources of edge
devices. A natural way to mitigate this bottleneck is to exploit the low-rank
structure of activations. Instead of storing the full tensor X(l), we can approx-
imate it with a compressed representation and reconstruct (or use) it during
backpropagation. While classical singular value decomposition (SVD) is defined
for matrices, activations are inherently higher-order (e.g., batch × channels ×
height × width), making tensor decompositions more suitable.

Higher-Order Singular Value Decomposition (HOSVD). HOSVD (or N -mode
SVD) provides a principled way to decompose a tensor into mode-specific sub-
spaces. Given an order-d activation tensor X ∈ Rn1×n2×···×nd , HOSVD expresses
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Fig. 1: Overview of LANCE for on-device training. (a) In full backpropagation (BP),
the entire activation tensor X(l) must be stored in memory for computing gradients,
leading to a large memory footprint. (b) LANCE replaces X(l) with a compressed core
tensor G(l), obtained via one-shot HOSVD using fixed low-rank matrices {U (l)

i }
d
i=1

computed once at the beginning of training. Only G(l) is stored, while the factors are
reused during the backward pass. (c) Pareto comparisons show that LANCE reduces
memory (SRAM) usage by up to ∼250× and FLOPs by ∼1.5× relative to vanilla BP,
while maintaining accuracy.

it as X = G × (U1,U2, · · · ,Ud), where G ∈ Rr1×r2×···×rd is the core tensor,
Ui ∈ Rni×ri are orthonormal factor matrices for each mode i, and × denotes the
tensor–matrix product. The ranks {ri}di=1 control the compression level, with
ri ≪ ni in the low-rank regime. To compute HOSVD, the tensor X is unfolded
along each mode i into a matrix Xi ∈ Rni×

∏
j ̸=i nj , followed by a matrix SVD

Xi = UiΣiV
⊤
i . Truncating to the top-ri singular vectors yields U (i), which

captures the dominant subspace of mode i. Thus, HOSVD produces a compact
multi-linear approximation of X that preserves most of its structure while dis-
carding redundancy.

2.2 Proposed Method: LANCE

To address the challenges of training DNNs on low-power devices, we propose
LANCE, a one-shot HOSVD-based low-rank activation compression method for
efficient on-device learning. LANCE directly targets the primary memory bottle-
neck in backpropagation: the need to store intermediate activations X(l) from hid-
den layers. By projecting activations into a compact low-rank subspace, LANCE
reduces both the memory required to store X(l) and the number of computations
needed to backpropagate through them.

Formally, given projection matrices {Ui}di=1 obtained via HOSVD, each ac-
tivation tensor X(l) ∈ Rn1×n2×···×nd is compressed into a smaller core tensor
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Algorithm 1 LANCE: Low-Rank Activation Compression for On-device Con-
tinual Learning
Require: Pretrained network f(x;θ) with layers l=1, . . . , L; calibration batches
{Bj}Nj=1; energy thresholds ε (LANCE) and εCL (CL); (CL only) memory M t−1

from previous task
1: Notation: we omit layer superscripts for readability; all steps are applied per layer.
2: Phase I: One-Shot Subspace Calibration (offline)
3: for each mode i ∈ {1, . . . , d} do
4: Estimate covariance Bi from calibration activations via Equation (2)
5: if i=d then
6: B̂d ← (I −M t−1M t−1⊤)Bd // For non-CL or t = 1, M t−1 is a zero

matrix
7: Compute SVD, B̂d = ÛdΣ̂dÛ

⊤
d , and Bd = UdΣdU

⊤
d

8: Retain top rd columns of Ûd satisfying Equation (5); set Ud ← Ûd[:, 1:rd]
9: else

10: Compute SVD Bi = UiΣiU
⊤
i

11: Retain top ri columns of Ui satisfying Equation (3)
12: end if
13: end for
14: Phase II: Fine-Tuning with Low-Rank Activations (on-device)
15: for each minibatch B do
16: Forward: project X(l) to cores G(l) = X(l) × (U⊤

1 , . . . ,U⊤
d ); store G(l) only

17: Backward: compute ∇θ(l)L using G(l) × (U1, . . . ,Ud); update θ(l)

18: end for
19: Phase III (CL only): Memory Construction & Update (offline, after task

t)
20: Estimate last-mode covariance Bt

d from NCL calibration mini-batches as in Equa-
tion (2)

21: Compute B̂t
d ← (I −M t−1M t−1⊤)Bt

d, then SVD on B̂t
d and Bt

d

22: Select rd via Equation (5); and update memory: M t ← orth
(
[M t−1 Û t

d,[:,1:rd]
]
)

G(l) ∈ Rr1×r2×···×rd :

G(l) = X(l) × (U
(l)⊤
1 ,U

(l)⊤
2 , · · · ,U (l)⊤

d ). (1)

The compressed G(l) is saved instead of the full activation and reused during
backpropagation. Unlike prior works that recompute low-rank decompositions
every iteration, LANCE computes the projection matrices only once at the be-
ginning of fine-tuning and reuses them across all epochs. This one-shot approach
avoids expensive per-iteration SVDs and is particularly well-suited for energy-
constrained devices. The method, summarized in Algorithm 1, has two phases:
(1) a one-shot subspace calibration performed offline, and (2) on-device fine-
tuning with low-rank activations, which projects activations into low-rank sub-
spaces during the forward pass and computes gradients during the backward
pass using the compressed activations (Figure 1b). Each step is detailed below.
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Phase I: One-Shot Subspace Calibration (offline). We estimate the subspace
for each hidden layer l using activations from N calibration mini-batches passed
through the pretrained model. For each mode i, we maintain a running covariance
estimate:

Bi[t] = 1
t

(
(t− 1)Bi[t− 1] + 1∏

j ̸=i nj
X

(l)
i X

(l)⊤
i

)
, (2)

with Bi[0] = 0, where X
(l)
i is the mode-i unfolding of X(l). After N batches,

we compute an SVD decomposition, Bi = UiΣiU
⊤
i . We then truncate to the

top-ri singular vectors according to an energy threshold ε:∑ri
j=1 σj∑ni

j=1 σj
≥ ε, (3)

where σj is the j-th singular value of Bi. This ensures that the subspace cap-
tures at least an ε fraction of activation variance. Because this decomposition is
computed only once (before fine-tuning) and amortized across training, its cost
is negligible relative to repeated decompositions.

Phase II: Fine-Tuning with Low-Rank Activations (on-device). During fine-
tuning with BP (Figure 1b), we distinguish the forward and backward passes.

Forward pass. Each activation X(l) is projected into the learned low-rank
subspace using the precomputed matrices {U (l)

i }di=1, following Equation (1) to
obtain a core tensor G(l). Only the compact tensor G(l) and the fixed {U (l)

i }di=1

need to be stored for backpropagation. This reduces the memory footprint from
O(

∏d
i=1 ni) to O(

∏d
i=1 ri +

∑d
i=1 niri) per activation.

Backward pass. The gradient with respect to the weights is computed using
the compressed activations. Given the gradient of the loss with respect to the
layer output,∇X(l+1)L, we reconstruct the contribution with respect to the layer’s
parameters θ(l) by reversing the projections:

∇θ(l)L̃ =
∂L⊤

∂X(l+1)

(
G(l) × (U

(l)
1 , · · · ,U (l)

d )
)
. (4)

Because {U (l)
i }di=1 are orthonormal, this operation preserves gradient directions

up to the truncation error introduced by the low-rank approximation. We prove
that the approximated gradient −∇θ(l)L̃ is a descent direction and that the over-
all method converges in Sec. 2.4. Finally, gradients with respect to activations,
∇X(l)L, are computed as usual by automatic differentiation; the compression
only affects which forward tensors are stored (cores G(l) vs. full X(l)), not the
functional form of the backward.

2.3 LANCE for On-Device Continual Learning

We extend LANCE to the continual learning (CL) setting, where tasks arrive
sequentially t = 1, 2, . . . , T . After completing task t, we retain for each layer a
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compact set of important directions on the last mode (the input dimension of the
layer’s weights), denoted by M t. When calibrating the HOSVD for the next task
t+1, the new columns of Ud (the mode-d factors) are chosen to lie strictly in the
null space of M t. This ensures that task-t+1 learns from directions orthogonal
to those already used by previous tasks, thereby preventing interference and
mitigating forgetting.

For clarity, we omit the explicit layer superscript in the following notation;
all operations (memory construction, calibration, and updates) are applied in-
dependently at each layer.

Phase III: Memory construction and update. At the end of training on task
t, we estimate the subspace M t by accumulating the covariance of activations
along the last mode, Bt

d, as in Equation (2) using NCL calibration mini-batches.
An SVD decomposition of Bt

d yields a basis of principal directions, and we
retain the top rd components that capture at least an energy fraction εCL. To
ensure orthogonality with previously stored directions, we project Bt

d onto the
complement of M t−1: B̂t

d = Bt
d−M t−1M t−1⊤Bt

d, where M0 is initialized as
empty. We select the smallest rd such that:∑nd

j=1 σj −
∑nd

j=rd
σ̂j∑nd

j=1 σj
≥ εCL. (5)

The corresponding top-rd eigenvectors form Û t
d, which are merged with the pre-

vious memory to update: M t ← orth
(
[M t−1 Û t

d,[:,1:rd]
]
)
.

Null-space constrained calibration. For a new task t+1, we update the one-shot
calibration of LANCE by incorporating the memory constraint only in mode-d;
all other modes follow the procedure in Section 2.2. We compute the covariance
Bd for the new task, remove contributions along M t, B̂d = Bd−BdM

tM t⊤,
and select the top rd eigenvectors of B̂d that satisfy an energy threshold ε
similar to Equation (5). The resulting low-rank factors used during fine-tuning
are {U (l)

i }
d−1
i=1 ∪Û

(l)
d,[:,1:rd]

, where Û (l)
d,[:,1:rd]

are the retained singular vectors of B̂d.
This guarantees that activations of the new task are compressed into a subspace
orthogonal to those of previous tasks, thereby reducing catastrophic forgetting.

Discussion. Both memory update and null-space constrained calibration are
performed offline, so they do not affect the efficiency of on-device fine-tuning.
The method requires storing only the compact memory matrices {M (l)} and
applying inexpensive projections during calibration. By construction, interfer-
ence with past tasks is eliminated along the stored subspaces, and forgetting
is mitigated without replay buffers or large task-specific models. In contrast to
prior gradient-projection methods [2, 27, 28, 35, 36], which explicitly use {M (l)}
for online gradient projection and must store such matrices in SRAM during
training, our approach achieves continual learning naturally by projecting acti-
vations into fixed low-rank subspaces that lie in the null space of previous tasks,
retaining LANCE’s memory efficiency.
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2.4 Convergence Analysis

We provide a brief convergence analysis showing that LANCE yields valid de-
scent directions and converges to projected stationary points. Full proofs are
deferred to Appendix B.

Assumption A1 (Orthogonal truncation). For every layer l and mode i,
the calibration bases U

(l)
i have orthonormal columns; hence P(l) := U

(l)
1 U

(l)⊤
1 ⊗

· · · ⊗U
(l)
d U

(l)⊤
d is an orthogonal projector.

Assumption A2 (Smoothness). The empirical loss L(θ) is L-smooth.

Assumption A3 (Layer linearity in inputs). Each trainable layer is lin-
ear in its input during backpropagation (dense or convolutional after unfolding).
Nonlinearities are piecewise linear and treated as fixed locally.

Assumption A4 (Energy capture). One-shot HOSVD retains a fraction
ε ∈ (0, 1] of activation energy per mode, inducing a bound on gradient leakage
outside the retained input subspace (used in Proposition 1).

Theorem 1 (Projected gradient & descent). Under Assumptions A1 and
A3, for any layer l with input projector P(l), the LANCE weight gradient equals
the right-Frobenius orthogonal projection of the full gradient: ∇WLLANCE =
∇WLfull P

(l). Consequently, ⟨∇WLLANCE, ∇WLfull⟩ = ∥∇WLLANCE∥2F ≥ 0, so
−∇WLLANCE is a descent direction unless it vanishes.

Theorem 2 (Monotone decrease & projected stationarity). Let Q be the
block projector that right-multiplies each layer’s weight gradient by its P(l). Under
Assumption A2, the LANCE update θk+1 = θk − ηQ∇L(θk) with η ∈ (0, 1/L]
satisfies L(θk+1) ≤ L(θk) − η

2 ∥Q∇L(θk)∥
2
2, hence ∥Q∇L(θk)∥2 → 0 and

every limit point θ⋆ obeys Q∇L(θ⋆) = 0.

Proposition 1 (Stationarity gap vs. truncation). If along the iterates
∥(I − Q)∇L(θ)∥2 ≤ C

√
1− ε for some C > 0, then any limit point θ⋆ satisfies

∥∇L(θ⋆)∥2 ≤ C
√
1− ε.

Insight. Together, these results show that LANCE behaves like full BP restricted
to the low-rank activation subspace: updates are valid descent directions, the loss
decreases monotonically, and iterates converge to projected stationary points. The
residual gap depends only on the energy threshold ε, so higher ε yields solutions
closer to true stationary points, while lower ε trades accuracy for efficiency in a
quantifiable way.
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3 Experimental Evaluation

We evaluate LANCE in two complementary settings: (i) single-task fine-tuning,
where a pretrained model is adapted to a target dataset on an edge device,
and (ii) continual learning, where multiple tasks arrive sequentially and must
be learned without catastrophic forgetting. Our experiments aim to answer the
following questions:

Q1 Does the one-shot subspace calibration preserve gradient fidelity in practice?
Q2 How effective is LANCE at reducing activation memory and computational

cost during on-device fine-tuning, while maintaining accuracy?
Q3 Can LANCE leverage fixed low-rank subspaces to achieve competitive per-

formance on continual learning benchmarks, while offering superior memory
efficiency?

Experimental Setup. (i) Datasets: For single-task fine-tuning, we use CIFAR-
10/100 [20], Oxford-IIIT Pets [33], Flowers-102 [31], CUB-200 [40], and Ima-
geNet [21], covering a range of dataset sizes and complexities. For continual
learning, we evaluate on Split CIFAR-100 (20 tasks), Split MiniImageNet (20
tasks), and the 5-Datasets benchmark (CIFAR-10, MNIST, SVHN, Fashion-
MNIST, and notMNIST), following common CL protocols. (ii) Metrics: We re-
port the following metrics: classification accuracy in the target datasets; memory
usage, measured as peak activation storage in MB (estimated in Appendix C);
and computational cost in FLOPs. For continual learning benchmarks, we addi-
tionally report the average final accuracy over all tasks (ACC) and the Backward
Transfer (BWT), which quantifies the forgetting of previously learned tasks when
new tasks are introduced, as defined in Appendix A.2.

3.1 Results: Single-task Fine-Tuning Efficiency

We first evaluate LANCE on fine-tuning the last 2 or 4 layers of MCUNet [25],
MobileNetV2 [37], ResNet18 [15] and ResNet34 [15]. All models are pretrained
on ImageNet-1k. For LANCE, the offline Phase I calibration uses N=100 mini-
batches with an energy threshold ε=0.7. Fine-tuning runs for 50 epochs.

Answer to Q1. To assess gradient fidelity, we compute the angle between
LANCE gradients (∇θLLANCE) and full BP gradients (∇θLBP), normalized as
∇θL/||∇θL||F , on one mini-batch at the start of each epoch. Figure 2 shows that
LANCE gradients remain within ∼70◦ of the full gradients, with angles stabi-
lizing over time. This empirically validates Theorem 1, confirming that LANCE
preserves gradient fidelity and maintains valid descent directions. This observa-
tion is consistent with the ablation in Sec. 3.3, where gradient fidelity remains
stable across a wide range of compression ratios controlled by the energy thresh-
old ε.

Answer to Q2. Across all datasets and models, LANCE reduces activation
storage by up to 250× relative to BP while maintaining competitive accuracy.
Table 2 reports results on CIFAR-10/100 and Pets and CUB200. Compared
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Fig. 2: Gradient alignment between full BP and LANCE. We plot the angle between
true gradients and LANCE-projected gradients across epochs for different fine-tuning
tasks. LANCE consistently produces gradients within 70◦ of the true gradient, and
angles stabilize as training progresses, indicating preserved descent directions.

Table 1: ImageNet-scale fine-tuning on Split ImageNet-1k. We pretrain each model
on 500 ImageNet classes (Split A) and fine-tune on the remaining 500 classes (Split B).

ResNet18 ResNet34

Method Acc ↑ MB ↓ TFLOPs ↓ Acc ↑ MB ↓ TFLOPs ↓

BP (2 layers) 60.70 24.50 0.059 60.77 24.50 0.059
BP (4 layers) 64.28 61.25 0.090 64.21 49.00 0.118

LANCE (ϵ = 0.8, 2 layers) 57.04 2.48 0.039 56.57 1.58 0.038
LANCE (ϵ = 0.8, 4 layers) 59.76 5.79 0.062 60.56 3.87 0.078

LANCE (ϵ = 0.9, 2 layers) 59.18 7.12 0.048 58.59 4.49 0.046
LANCE (ϵ = 0.9, 4 layers) 62.20 16.59 0.075 62.66 10.79 0.093

to iterative low-rank methods such as ASI [29], or HOSVD [30] where a full
SVD is recomputed at each step, LANCE achieves comparable compression
with higher accuracy and similar FLOPs, confirming that repeated decompo-
sitions are unnecessary. Although BP attains higher accuracy when the same
number of layers are fine-tuned, LANCE’s extreme memory efficiency enables
fine-tuning more layers under strict SRAM budgets. For example, fine-tuning 4
layers with LANCE reaches the accuracy of 2-layer BP while still fitting within
microcontroller constraints. These results demonstrate that fixed low-rank sub-
spaces retain sufficient representational power for efficient on-device fine-tuning.

Scalability to ImageNet-Scale Fine-Tuning. To assess the scalability of LANCE
to larger datasets and higher-capacity models, we conduct an ImageNet-scale
experiment following the protocol used in prior work [29]. We split ImageNet-
1k into two disjoint subsets of 500 classes (Split A and Split B). A model is
first pretrained on Split A and then fine-tuned on Split B using either full BP or
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Table 2: Performance and efficiency comparison. Results are reported in terms of
accuracy, memory usage, and TFLOPs. † denote the results from the respective original
paper.

Mdl. Method # Layers CIFAR10 CIFAR100 Pets CUB200

Acc ↑MB ↓ TFLOPS ↓ Acc ↑MB ↓ TFLOPS ↓ Acc ↑MB ↓ TFLOPS ↓ Acc ↑MB ↓ TFLOPS ↓

M
C

U
N

et

BP 2 75.85 11.71 0.000 52.47 11.71 0.000 56.30 11.71 0.000 33.05 11.71 0.000
4 82.91 17.57 0.001 58.38 17.57 0.001 60.01 17.57 0.001 34.13 17.57 0.001

HOSVD 2 70.91 0.04 1.930 48.00 0.05 1.930 56.11 0.06 1.93 31.22 0.06 1.93
4 75.63 0.12 2.590 52.34 0.10 2.590 57.89 0.17 2.59 31.72 0.14 2.59

LANCE 2 70.64 0.04 0.000 47.57 0.04 0.000 57.26 0.06 0.000 31.44 0.05 0.000
4 76.23 0.09 0.000 52.59 0.09 0.000 58.05 0.14 0.000 30.87 0.13 0.000

M
ob

ile
N

et
V

2

BP 2 91.72 30.62 0.01 73.43 30.62 0.01 89.94 30.62 0.01 64.37 30.62 0.01
4 92.23 57.42 0.01 74.69 57.42 0.01 90.32 57.42 0.01 65.86 57.42 0.01

HOSVD 2 85.67 0.13 11.87 67.28 0.14 11.87 89.58 0.13 11.87 58.11 0.13 11.87
4 89.03 0.16 22.86 69.33 0.15 22.86 89.91 0.23 22.86 60.30 0.16 22.86

ASI † 2 85.09 0.26 0.01 61.03 0.15 0.01 88.13 0.15 0.01 46.44 0.26 0.01
4 88.03 0.63 0.06 66.18 0.63 0.06 88.91 0.76 0.06 50.69 0.63 0.06

LANCE 2 84.16 0.15 0.01 60.69 0.16 0.01 89.69 0.14 0.01 58.18 0.14 0.01
4 88.99 0.17 0.01 68.79 0.17 0.01 90.40 0.19 0.01 61.21 0.15 0.01

R
es

N
et

18

BP 2 92.69 24.5 0.05 75.69 24.5 0.06 89.17 24.5 0.06 62.28 24.5 0.06
4 94.01 61.25 0.09 77.07 61.25 0.09 89.07 61.25 0.09 60.80 61.25 0.09

HOSVD 2 92.17 0.71 6.12 74.57 0.72 6.12 89.47 0.92 6.12 60.02 0.73 6.12
4 93.16 1.16 15.56 75.35 1.21 15.56 88.71 1.77 15.56 59.26 1.41 15.56

ASI † 2 90.77 1.24 0.04 69.70 0.90 0.04 88.75 2.01 0.04 56.77 1.51 0.04
4 91.90 1.89 0.06 71.93 1.61 0.06 88.44 4.34 0.07 55.73 3.50 0.07

LANCE 2 91.8 0.75 0.03 74.09 0.77 0.03 89.26 0.94 0.03 59.87 0.73 0.03
4 92.89 1.11 0.05 75.7 01.16 0.05 89.12 1.78 0.05 59.50 1.36 0.05

R
es

N
et

34

BP 2 93.48 24.50 0.06 76.19 24.50 0.06 91.22 24.50 0.06 64.10 24.50 0.06
4 94.37 49.00 0.12 77.50 49.00 0.12 91.60 49.00 0.12 64.22 49.00 0.12

HOSVD 2 92.70 0.42 6.12 75.31 0.45 6.12 90.89 0.48 6.12 60.82 0.38 6.12
4 93.80 0.92 12.25 76.01 0.95 12.25 91.11 1.10 12.25 62.28 0.84 12.25

ASI † 2 90.09 0.49 0.03 69.66 0.44 0.03 91.09 0.81 0.04 58.77 0.60 0.03
4 91.54 1.24 0.07 70.60 1.00 0.07 91.41 2.05 0.07 58.85 1.58 0.07

LANCE 2 92.62 0.46 0.03 74.89 0.51 0.03 90.70 0.45 0.03 62.35 0.39 0.03
4 93.56 1.01 0.06 75.94 1.02 0.06 90.92 1.05 0.06 63.01 0.80 0.06

LANCE. Table 1 reports results for ResNet18 and ResNet34 when fine-tuning the
last 2 or 4 layers. The trends closely mirror those observed on smaller downstream
datasets: LANCE achieves large reductions in activation memory (up to ∼4×)
and maintains accuracy within ∼1–2% of full BP, with only modest differences in
training FLOPs. These results demonstrate that LANCE remains effective and
memory-efficient even at ImageNet scale, confirming that the one-shot low-rank
subspace generalizes well to large, high-variance visual distributions.

3.2 Results: Continual Learning

We compare LANCE against a broad set of continual learning baselines: regu-
larization based methods (EWC [19], HAT [38]), replay-based approaches (A-
GEM [7], ER_Res [8]), and projection-based methods (GPM [35], TRGP [28],
CUBER [27], SGP [36], SD [42], LMSP [39], CODE-CL [2]). For reference, we
also report multitask performance, which serves as an upper bound where all
tasks are trained jointly. We follow the same experimental setup as [2]: a 5-layer
AlexNet for Split CIFAR-100, and a reduced ResNet18 for Split MiniImageNet
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Table 3: Performance comparison on continual image classification datasets using
multi-head networks. Accuracy and BWT (mean ± std) are reported over five trials. †

denotes the results taken from [35] and ‡ denote the results from the respective original
papers.

Method Split CIFAR100 Split MiniImageNet 5-Datasets

ACC (%) ↑ BWT (%) ↑ Mem (MB) ↓ ACC (%) ↑ BWT (%) ↑ Mem (MB) ↓ ACC (%) ↑ BWT (%) ↑ Mem (MB) ↓

Multitask† 79.58± 0.54 − − 69.46± 0.62 − − 91.54± 0.28 − −

EWC † 68.80± 0.88 -2± 1 − 52.01± 2.53 -12± 3 − 88.64± 0.26 -4± 1 −
HAT † 72.06± 0.50 0± 0 − 59.78± 0.57 -3± 0 − 91.32± 0.18 -1± 0 −
A-GEM † 63.98± 1.22 -15± 2 − 57.24± 0.72 -12± 1 − 84.04± 0.33 -12± 1 −
ER_Res † 71.73± 0.63 -6± 1 − 58.94± 0.85 -7± 1 − 80.31± 0.22 -4± 0 −

TRGP+SD ‡ 75.5± 0.35 -0.96± 0.09 − 65.8± 0.16 -0.49± 0.08 − − − −
LMSP ‡ 74.21 +0.94 − 64.2 +1.55 − 93.78 +0.07 −

GPM † 72.48± 0.54 -0.9 22.27 60.41± 0.61 -0.9 127.37 91.22± 0.20 -1.0 70.33

TRGP ‡ 74.64± 0.32 -0.9± 0.01 78.86 61.78± 0.60 -0.5± 0.60 543.22 93.56± 0.10 -0.04± 0.01 181.57

CUBER ‡ 75.54± 0.22 +0.13± 0.08 326.79 62.67± 0.74 +0.23± 0.15 604.61 93.48± 0.10 -0.00± 0.02 196.91

SGP ‡ 76.05± 0.43 -1 22.27 62.83± 0.33 -1 127.37 − − −
CODE-CL‡ 77.21± 0.32 -1.1± 0.28 33.80 71.16± 0.32 -1.1± 0.3 283.82 93.51± 0.13 -0.11± 0.01 116.72

LANCE 71.52± 0.27 -0.17± 0.34 2.32 59.68± 1.17 -0.99± 0.78 32.96 90.76± 0.31 -1.02± 0.15 34.96

and the 5-Datasets benchmark. During the first task, models are trained without
constraints using full BP. For subsequent tasks, the model from the previous task
serves as initialization, and LANCE applies its subspace-constrained training.

Answer to Q3. LANCE achieves accuracy competitive with full-rank gra-
dient projection methods such as GPM and CODE-CL, while using drastically
less memory. As summarized in Tab. 3, on Split CIFAR-100 LANCE reaches
∼71% average accuracy (ACC) while reducing activation storage by more than
10× compared to GPM. Similar trends are observed on Split MiniImageNet and
the 5-Datasets benchmark, where LANCE maintains stable performance without
rehearsal memory. These results confirm that fixed low-rank subspaces are suffi-
cient to retain representational capacity across tasks, while providing substantial
memory savings for resource-constrained devices.

3.3 Ablations and Analysis

We conduct ablations on two key hyperparameters: (i) the energy threshold ε
(evaluated on CUB-200), and (ii) the number of calibration batches N (evalu-
ated on CIFAR-100 with ε=0.7). Results for MCUNet and ResNet34 are shown
in Figure 3. As expected, higher ε increases accuracy but also grows memory
usage exponentially, highlighting the need to balance compression and accuracy
according to device memory budgets. For calibration size N , accuracy remains
stable across a wide range, while memory usage grows with N . Remarkably, even
N=2 calibration batches are sufficient to yield stable subspaces, underscoring the
robustness of the one-shot calibration phase.

We additionally evaluate how different compression ratios affect gradient fi-
delity by measuring the angle between full-BP gradients and LANCE-projected
gradients across several values of ε, shown in Figure 4. As expected, more aggres-
sive compression (lower ε) leads to larger angles, but the degradation is smooth
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Fig. 3: Ablation studies of LANCE. (Left) Effect of the energy threshold ε on CUB-200
using MCUNet and ResNet34. Accuracy improves steadily as ε increases, but memory
usage grows exponentially, illustrating the trade-off between accuracy and compression.
(Right) Effect of the number of calibration batches N on CIFAR-100. Accuracy remains
stable even for very small N , while memory increases with larger calibration sets. These
results show that stable subspaces can be obtained with as few as N=2 calibration
batches, and practical choices of ε (e.g., 0.7) provide a good balance between accuracy
and memory.

and controlled. Even at the strongest compression settings, reducing activation
storage by up to two orders of magnitude, LANCE maintains gradient align-
ment within ∼ 70◦ of full BP, indicating that the one-shot subspace preserves
the dominant descent directions required for stable optimization.

3.4 Runtime Validation on Edge Hardware

While our memory analysis (Sec. 3.1) demonstrates LANCE’s ability to fit within
strict microcontroller SRAM budgets, we evaluated the framework on a Rasp-
berry Pi 3 Model B+ (ARM Cortex-A53) to validate its practical runtime effi-
ciency. Serving as an accessible edge proxy, this hardware allows us to isolate and
measure the relative computational overhead of the competing methods with-
out artificial bottlenecking. We fine-tuned an MCUNet model for five iterations
on CIFAR-10 using a batch size of 128. Each configuration was run for five in-
dependent trials, and we report mean end-to-end latency across 1–10 trainable
layers. As shown in Figure 5, LANCE consistently achieves the lowest forward,
backward, and total training time. Relative to LANCE, BP is 3–9% slower, ASI
is 19–76% slower, and iterative HOSVD is 2.1×–4.4× slower. This demonstrates
that one-shot subspace calibration effectively eliminates the overhead of repeated
decompositions, yielding tangible latency speedups that inherently scale down
to even tighter energy-constrained microcontrollers.
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Fig. 4: Gradient fidelity across compression ratios. We vary the energy threshold ε
controlling the effective memory compression of LANCE and report the angle (mean
± std) between full-BP gradients and LANCE-projected gradients over the final 10
epochs (out of 50). As ε decreases, compression becomes more aggressive and gradient
alignment degrades accordingly. Nevertheless, even under memory reductions of up to
two orders of magnitude, LANCE maintains gradient directions within ∼ 70◦ of full
BP, indicating preserved descent directions despite strong compression.

Fig. 5: End-to-end fine-tuning latency on a Raspberry Pi 3B+ (MCUNet on CIFAR-
10, batch size 128). Averaged over five trials, LANCE consistently achieves the lowest
forward, backward, and total training times across all layer depths.

4 Related Work

Storing intermediate activations is the primary memory bottleneck for on-device
training [6, 26]. Prior work has reduced this cost through recomputation (e.g.,
checkpointing [10]), architectural modifications (e.g., reversible networks [13]), or
lossy compression and sparsity [5,9,17], but often at the expense of extra compu-
tation, accuracy, or hardware complexity. A complementary line of work exploits
low-rank structure in activations [29, 30]. Closest to our method is ASI [29],
which incrementally updates subspaces during training; in contrast, LANCE
performs a one-shot HOSVD at initialization and reuses the resulting subspaces
throughout fine-tuning, avoiding repeated decompositions. Recent CL work such
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as LMSP [39] also uses low-rank representations but focuses on reducing the
computational cost of gradient projection, still requiring multiple per-task low-
rank memory components; by contrast, LANCE targets the dominant activation-
memory bottleneck directly. This simple design not only reduces compute and
hardware overhead but also enables a continual learning extension: fixed sub-
spaces naturally support null-space allocation across tasks without storing large
task-specific matrices. System-level methods such as TinyTL [6], MCUNet [25],
and the 256KB training engine [26] co-design architectures and update rules to
fit extreme SRAM budgets, often by freezing layers or pruning gradient paths.
LANCE is complementary to these approaches: instead of restricting the op-
timization, it preserves full backpropagation while directly compressing activa-
tions. Finally, in continual learning, regularization methods [19,38], replay-based
approaches [7, 8], and gradient-projection methods [2, 27, 28, 35, 36, 42] all miti-
gate forgetting by controlling parameter updates or storing exemplars. LANCE
differs by operating directly in the activation subspace: new tasks are assigned
to the orthogonal complement of previously used directions during calibration.
This yields performance competitive with gradient-projection methods while re-
quiring significantly less memory, and without rehearsal buffers.

5 Conclusion

We introduced LANCE, a one-shot low-rank activation compression framework
for efficient on-device learning. By calibrating reusable activation subspaces with
a single HOSVD, LANCE eliminates repeated decompositions and reduces both
memory and computational cost. Experiments show that LANCE achieves up to
380× memory savings while maintaining accuracy close to full backpropagation
across diverse datasets and models. Crucially, the fixed low-rank subspaces nat-
urally extend to continual learning, where LANCE matches the performance of
gradient projection methods at a fraction of their memory footprint. Together,
these results establish LANCE as a practical and scalable approach for enabling
fine-tuning and continual learning on resource-constrained edge devices.
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