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ABSTRACT

On-device learning is essential for personalization, privacy, and long-term adapta-
tion in resource-constrained environments. Achieving this requires efficient learn-
ing, 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 during backpropagation. Existing activation compression
methods reduce this cost but relying on repeated low-rank decompositions, in-
troducing computational overhead. Also, such methods have not been explored
for continual learning. We propose LANCE (Low-rank Activation Compression),
a framework that performs one-shot higher-order Singular Value Decomposition
(SVD) to obtain a reusable low-rank subspace for activation projection. This elim-
inates repeated decompositions, reducing both memory and computation. More-
over, fixed low-rank subspaces further enable on-device continual learning by al-
locating tasks to orthogonal subspaces without storing large task-specific matrices.
Experiments show that LANCE reduces activation storage up to 250 x while main-
taining accuracy comparable to full backpropagation on CIFAR-10/100, Oxford-
IIT Pets, Flowers102, and CUB-200 datasets. On continual learning bench-
marks (Split CIFAR-100, Split MinilmageNet, 5-Datasets), it achieves perfor-
mance competitive with orthogonal gradient projection methods at a fraction of
the memory cost. These results position LANCE as a practical and scalable solu-
tion for efficient fine-tuning and continual learning on edge devices.

1 INTRODUCTION

On-device learning can be a key enabler for personalization, privacy preservation, and rapid adapta-
tion in resource-constrained environments. Unlike cloud-based training, on-device learning allows
models to adapt directly on hardware such as smartphones, 10T devices, or embedded systems, en-
suring that data remain local and inference remains low-latency (Ren et al.,[2024). Crucially, many
real-world scenarios require not only efficient fine-tuning but also continual learning, where mod-
els incrementally acquire new tasks without catastrophic forgetting (Wang et al., 2024} [Kudithipudi
et al.l 2022} Hadsell et al.| [2020; Ke et al.| |2021). Combination of efficiency and adaptability is
essential for edge devices that 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 net-
works, activation memory often exceeds parameter memory by 5—10x (Cai et al., [2020; |Lin et al.,
2022a), making training infeasible on low-power devices such as microcontrollers with only a few
hundred kilobytes of Static Random Access Memory (SRAM) (Ankit et al.| [2020; |Lin et al.| 2022a).

Several approaches have been proposed to address this issue. Checkpointing (Chen et al.l 2016)
reduces memory usage at the cost of extra recomputation; reversible networks (Gomez et al., 2017)
eliminate the need to store activations but require specialized architectures; and quantization or
activation pruning (Chen et al., 2021; Barley & Froning, 2023} Jiang et al.l [2022) compress or
sparsify activations but may introduce approximation errors or hardware overhead. Alternatively,
bio-inspired methods have explored efficient replacements for BP, such as forward-forward meth-
ods (Dellaferrera & Kreiman, 2022; |Hinton, [2022)) and local learning rules (Lillicrap et al., 2014;
Ngkland, [2016;|Apolinario et al.,[2025b; |[Frenkel et al.| [2021;|Apolinario et al.,2025c)). They usually
incur accuracy degradation. More recently, low-rank approaches exploit redundancy in activations
using SVD or Tucker decompositions (Nguyen et al.,|2024;2025)), but these typically recompute de-
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compositions at each training step, adding significant overhead and making them unsuitable for con-
tinual learning, where repeated factorization across tasks would require storing large task-specific
matrices.

A key insight from orthogonal gradient projection methods in continual learning (Saha et al.| 2021}
Liang & Li, |2024; Apolinario et al., 2025a) 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 Compression), a framework
that applies one-time higher-order singular value decomposition (HOSVD) to extract a reusable
low-rank activation subspace, as shown in Fig.[Ib. Unlike prior iterative approaches (Nguyen et al.|
2024; 2025), LANCE computes the decomposition only once at the beginning of training. Sub-
sequent activations are projected onto this fixed subspace throughout training, avoiding repeated
decompositions, thereby, significantly reducing both memory usage, computational cost, and hard-
ware overhead. In contrast to system-level methods such as TinyTL (Cai et al.,|2020) or the 256KB
training engine (Lin et al., [2022a)), 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, in-
herently supporting on-device continual learning without storing large task-specific matrices as in
previous continual learning (CL) methods (Saha et al., 2021} |Saha & Royl 2023} |Apolinario et al.,
2025a; |Lin et al.} 2022bjc; Zhao et al., 2023} Shang et al.,[2025)). By eliminating repeated decompo-
sitions while preserving full-model fine-tuning, LANCE provides a practical and scalable solution
for memory- and energy-efficient on-device continual learning.

Our main contributions are summarized as follows:

* We propose LANCE, a one-shot activation compression framework that constructs a
reusable low-rank subspace via HOSVD, avoiding repeated decompositions.

* We show that LANCE enables both efficient fine-tuning and continual learning 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, Flow-
ers102, CUB-200 with MCUNet, MobileNetV2, ResNetl18/34) and continual learning
benchmarks (Split CIFAR-100, Split MinilmageNet, 5-Datasets), demonstrating memory
savings of up to 250x while maintaining accuracy within 2% of full backpropagation and
achieving competitive performance with full-rank gradient projection methods 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 decom-
position (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 backpropagation, as illustrated in Fig. [Th. Let
f(x; 0) denote a neural network with input x and parameters 6. During forward propagation, each

layer [ produces an activation tensor XY that is stored in SRAM for later use in computing the
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of storing {X(Z)}IL: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 con-
sume up to 5x 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.

gradient: Voy L = where L is the loss function. The cumulative memory footprint
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Figure 1: Overview of LANCE for on-device training. (a) In full backpropagation (BP), the entire
activation tensor X'") must be stored in memory for computing gradients, leading to a large memory
footprint. (b) LANCE replaces XY with a compressed core tensor G, obtained via one-shot
HOSVD using fixed low-rank matrices {Ui(l) d_| computed once at the beginning of training. Only
G is stored, while the factors are reused during the backward pass. (c) Pareto comparisons show

that LANCE reduces memory (SRAM) usage by up to ~250x and FLOPs by ~1.5x relative to
vanilla BP, while maintaining accuracy.

Instead of storing the full tensor XY, we can approximate 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 x channels x height x
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 subspaces. Given an order-d activation
tensor X € R™Mxn2xxna HOSVD expresses it as X = G x (U1,Us,--- ,Uy), where G €
Rrixr2XX7d ig the core tensor, U; € R™*"i are orthonormal factor matrices for each mode 4,
and x denotes the tensor-matrix product. The ranks {r;}¢_, control the compression level, with
r; < n; in the low-rank regime. To compute HOSVD, the tensor X is unfolded along each mode
i into a matrix X; € R™*ILix= followed by a matrix SVD X; = UiEiViT. Truncating to
the top-r; singular vectors yields U(?), which captures the dominant subspace of mode . Thus,
HOSVD produces a compact multi-linear approximation of X that preserves most of its structure
while discarding 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 bottleneck in backpropagation: the need to store intermediate

activations X*) from hidden layers. By projecting activations into a compact low-rank subspace,

LANCE reduces both the memory required to store X" and the number of computations needed to
backpropagate through them.

Formally, given projection matrices {U;}?_, obtained via HOSVD, each activation tensor X e
R™xm2xXna jg compressed into a smaller core tensor G e Rrixraxxra;

G = XU x @ U7, U, o)

The compressed G 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 beginning 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-
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Algorithm 1 LANCE: Low-Rank Activation Compression for On-device Continual Learning

Require: Pretrained network f(x; @) with layers [=1, ..., L; calibration batches {8, }szl; energy
thresholds £ (LANCE) and ¢y, (CL); (CL only) memory M*~! 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 eachmode i € {1,...,d} do
4:  Estimate covariance B; from calibration activations via
5:  if i=d then
6: By« (I-M"'M'"='T) B, // For non-CL or t = 1, M[*~1 is a zero matrix
7: Compute SVD, B, = U;2,U,] , and B, = U, ,U,;
8: Retain top 74 columns of Uy satisfying ; setUg + Uy[:,1:74]
9: else
10: Compute SVD B; = UiﬁiUl-T
11: Retain top r; columns of U satisfying (3)
12:  end if
13: end for
14: Phase II: Fine-Tuning with Low-Rank Activations (on-device)

: for each minibatch B do

—_
W

16:  Forward: project X to cores G = XU x (U] ,... U] ); store G only
17:  Backward: compute V) £ using G x (Ui, ...,Uy,); update )
18: end for

—_
Nel

: Phase III (CL only): Memory Construction & Update (offline, after task t)
. Estimate last-mode covariance Bg from N¢p calibration mini-batches as in

: Compute B, < (I — M*"'M*~'T) BY, then SVD on B! and B,
. Select rq via ; and update memory: M* < orth([M'~* U} t 1:m]])

N DN
N = O

constrained devices. The method, summarized in Algorithm |1} has two phases: (1) a one-shot sub-
space calibration performed offline, and (2) on-device fine-tuning with low-rank activations, which
projects activations into low-rank subspaces during the forward pass and computes gradients during
the backward pass using the compressed activations (Fig. [Ib). Each step is detailed below.

Phase I: One-Shot Subspace Calibration (offline). We estimate the subspace for each hidden
layer [ using activations from NN calibration mini-batches passed through the pretrained model. For
each mode 4, we maintain a running covariance estimate:

Bill] = }(-1Bilt -1 + LoxPxT), @)

with B;[0] = 0, where X Z-(l) is the mode-7 unfolding of X" After N batches, we compute an SVD
decomposition, B; = UiEiUiT. We then truncate to the top-r; singular vectors according to an
energy threshold e:

Zj;l 9

= 25
Zj:l gy
where o is the j-th singular value of B;. This ensures that the subspace captures at least an ¢

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.

3)

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

Forward pass. Each activation X is projected into the learned low-rank subspace using the pre-
computed matrices {U}”}gi:l, following (1) to obtain a core tensor Gc". Only the compact tensor
G and the fixed {U;”}g‘:1 need to be stored for backpropagation. This reduces the memory

footprint from O(TT%_, n;) to O([T, i + 30, nyr;) per activation.
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Backward pass. The gradient with respect to the weights is computed using the compressed activa-
tions. Given the gradient of the loss with respect to the layer output, Vy«+1) £, we reconstruct the

contribution with respect to the layer’s parameters @) by reversing the projections:
oL’
ax(l—i—l)

Because {U, Z-(l) d_, are orthonormal, this operation preserves gradient directions up to the truncation

error introduced by the low-rank approximation. We prove that the approximated gradient —V gy L
is a descent direction and that the overall method converges in Sec.[2.4] Finally, gradients with
respect to activations, Vyu) £, are computed as usual by automatic differentiation; the compression

Vol = GV x w,-.. , uMy). 4)

only affects which forward tensors are stored (cores G 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 ¢, we retain for each layer a compact set of important directions
on the last mode (the input dimension of the layer’s weights), denoted by M*. When calibrating
the HOSVD for the next task ¢+1, the new columns of Uy, (the mode-d factors) are chosen to lie
strictly in the null space of M. 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 independently at each layer.

Phase III: Memory construction and update. At the end of training on task ¢, we estimate the
subspace M by accumulating the covariance of activations along the last mode, B, as in (2
using Ny, calibration mini-batches. An SVD decomposition of B yields a basis of principal direc-
tions, and we retain the top r4 components that capture at least an energy fraction ecr. To ensure
orthogonality with previously stored directions, we project BY, onto the complement of M1

B, = B, — M 'M''T B, where M is initialized as empty. We select the smallest 74 such
that: . —_—
it 05— L, 04
Z?il gj
The corresponding top-r4 eigenvectors form U'é which are merged with the previous memory to
update: M" « orth([M'~* U}, 1]).

> EcL- )

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 pro-
cedure in Section We compute the covariance B, for the new task, remove contributions
along M!, By = By — B;M!M'T, and select the top ry eigenvectors of By that satisfy
an energy threshold ¢ similar to (5). The resulting low-rank factors used during fine-tuning are
{U, i(l)}?:_ll u ﬁéffz’lzrd], where U’éf%_l:rd] are the retained singular vectors of Bj. 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 offfine, 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, interference 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 (Saha et al., 2021; Saha & Royl, 2023} [Lin et al., [2022b:c; |Apolinario et al.,
2025a)), 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 activa-
tions 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 descent directions and
converges to projected stationary points. Full proofs are deferred to Appendix [B]

Assumption A1 (Orthogonal truncation). For every layer [ and mode 7, the calibration bases Ui(l)
have orthonormal columns; hence P() := Ul(l)Ul(l)T R ® Uél)U (gl)T is an orthogonal projector.
Assumption A2 (Smoothness). The empirical loss £(8) is L-smooth.

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

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

Proposition [2.3).

Theorem 2.1 (Projected gradient & descent). Under Assumption and Assumption for
any layer | with input projector PY), the LANCE weight gradient equals the right-Frobenius
orthogonal projection of the full gradient: VwLiance = VwLli PO, Consequently,
(Vw Lrance, Vw Lean) = |[Vw Lrance||% > 0, so —Vw LiaNcE is a descent direction unless
it vanishes.

Theorem 2.2 (Monotone decrease & projected stationarity). Let Q be the block projector that
right-multiplies each layer’s weight gradient by its P, Under Assumption the LANCE up-
date 01 = 0, —nQVL(Oy) withn € (0,1/L] satisfies L(Or11) < L(Ok) — 2 IQVL(6:)||3,
hence |QVL(0y)|l2 — 0 and every limit point 0, obeys QVL(6,) = 0.

Proposition 2.3 (Stationarity gap vs. truncation). If along the iterates ||(I — Q)VL(0)|2 <
CV/1 — e for some C > 0, then any limit point 0, satisfies |[VL(0,)||2 < Cv1 —e.

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 it-
erates converge to projected stationary points. The residual gap depends only on the energy thresh-
old ¢, so higher ¢ yields solutions closer to true stationary points, while lower ¢ trades accuracy for
efficiency in a quantifiable way.

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

Experimental Setup. (i) Datasets: For single-task fine-tuning, we use CIFAR-10/100, Oxford-
IIT Pets, Flowers-102, and CUB-200, covering a range of dataset sizes and complexities. For
continual learning, we evaluate on Split CIFAR-100 (20 tasks), Split MinilmageNet (20 tasks), and
the 5-Datasets benchmark (CIFAR-10, MNIST, SVHN, Fashion-MNIST, and notMNIST), follow-
ing common CL protocols. (ii) Metrics: We report the following metrics: classification accuracy
on the target datasets; memory usage, measured as peak activation storage in MB (estimated in Ap-
pendix ; and computational cost in FLOPs. For continual learning benchmarks, we additionally
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
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Figure 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, indi-
cating preserved descent directions.

(b) ResNet34

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

ResNet18 ResNet34
Method Acct MB| TFLOPs] Acct MB| TFLOPs |
BP (2 layers) 60.70  24.50 0.059 60.77  24.50 0.059
BP (4 layers) 6428 61.25 0.090 64.21  49.00 0.118

LANCE (2 layers) 59.18  7.12 0.048 5859 449 0.046
LANCE (4 layers)  62.20  16.59 0.075 62.66  10.79 0.093

3.1 RESULTS: SINGLE-TASK FINE-TUNING EFFICIENCY

We first evaluate LANCE on fine-tuning the last 2 or 4 layers of MCUNet (Lin et al., [2020), Mo-
bileNetV2 (Sandler et al., 2018)), ResNet18 (He et al., |2016) and ResNet34 (He et al., 2016). All
models are pretrained on ImageNet-1k (Krizhevsky et all 2012). For LANCE, the offline Phase
I calibration uses N=100 mini-batches with an energy threshold e=0.7. Fine-tuning runs for 50
epochs.

Answer to Q1. To assess gradient fidelity, we compute the angle between LANCE gradients
(VoLiance) and full BP gradients (Vg Lgp), normalized as VgL /||VgL]||r, on one mini-batch
at the start of each epoch. Fig. 2] shows that LANCE gradients remain within ~70° of the full gra-
dients, with angles stabilizing over time. This empirically validates Theorem [2.1] confirming that
LANCE preserves gradient fidelity and maintains valid descent directions. This observation is con-
sistent with the ablation in Sec. where gradient fidelity remains stable across a wide range of
compression ratios controlled by the energy threshold €.

Answer to Q2. Across all datasets and models, LANCE reduces activation storage by up to 250 X
relative to BP while maintaining competitive accuracy. Table 2] reports results on CIFAR-10/100
and Pets and CUB200. Compared to iterative low-rank methods such as ASI (Nguyen et al., [2025)),
or HOSVD (Nguyen et al., [2024) where a full SVD is recomputed at each step, LANCE achieves
comparable compression with higher accuracy and similar FLOPs, confirming that repeated decom-
positions 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
subspaces 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 (Nguyen et al., 2025). 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 LANCE. Table [T]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
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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
| Acct MB| TFLOPS| | Acct MB| TFLOPS| | Acc? MB| TFLOPS| | Acc? MB| TFLOPS|
BP 2 7585 1171 0000 | 5247 1171 0000 |5630 1171 0000 |3305 1171  0.000
3 4 8291 1757 0001 | 5838 1757 0001 | 6001 1757 0001 | 3413 1757  0.001
5 Hosvp 2 7091 0.04 1930 | 48.00 0.5 1930 | 56.11  0.06 193 | 3122 0.06 1.93
S 4 7563 0.2 2590 | 5234 0.0 2590 | 57.89 0.7 259 | 3172 0.4 2.59
LANCE 2 7064 004 0000 |[4757 004 0000 |5726 006 0000 |3144 005  0.000
4 7623 009 0000 | 5259 009 0000 |5805 014 0000 | 3087 013 0000
BP 2 9172 3062 001 7343 3062 001 89.94 3062 001 6437 3062 001
g 4 9223 5742 001 7469 5742 001 9032 5742 001 6586 5742 001
3 HosvD 2 8567 0.13 1187 | 6728 0.4 1187 | 89.58 0.13 1187 | 5811 0.3 11.87
% 4 89.03 0.6 2286 |6933 0.5 2286 |8991 023 2286 |6030 0.6 2286
g asrt 2 85.09 0.6 0.01 6103 0.15 0.01 88.13  0.15 0.01 46.44 026 0.01
= 4 88.03  0.63 006 | 66.18 0.63 006 | 8891 076 006 | 5069 0.63 0.06
LANCE 2 8416  0.15 0.01 60.69  0.16 0.01 89.69 0.4 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 6121  0.15 0.01
BP 2 92.69 245 005 | 7569 245 006 | 89.17 245 006 | 6228 245 0.06
4 9401 6125 009 | 7707 6125 009 | 89.07 6125 0.09 | 6080 6125 0.9
Z LosvD 2 92.17 071 612 | 7457 072 612 [8947 092 612 | 6002 073 6.12
z 4 93.16 116 1556 | 7535 121 1556 | 8871 177 1556 | 5926 141 15.56
B gt 2 90.77 124 004 | 6970  0.90 004 | 8875 201 004 |5677 151 0.04
4 9190  1.89 006 | 7193 161 006 | 88.44 434 007 | 5573 350 0.07
LANCE 2 918 075 003 | 7409 077 003 [8926 094 003 |5987 073 0.03
4 9289 LIl 0.05 757 0LI6 0.5 89.12 178 005 | 5950 136 0.05
BP 2 9348 2450 006 | 7619 2450 006 | 9122 2450 006 | 6410 2450  0.06
4 9437 49.00 012 | 7750 4900 0.2 | 9160 49.00  0.12 | 6422 4900 0.2
2 Hosvbp 2 9270 0.42 612 | 7531 045 612 9089 048 612 | 6082 038 6.12
z 4 93.80  0.92 1225 | 7601 095 1225 | 9111 110 1225 | 6228 0.84 12.25
B gt 2 90.09  0.49 0.03 69.66 0.4 0.03 9109 081 004 | 5877  0.60 0.03
4 9154 124 007 | 7060 1.00 007 | 9141 205 007 | 5885 158 0.07
LANCE 2 9262 0.46 003 | 7480 051 003 [90.70 045 003 | 6235 039 0.03
4 93.56 101 006 | 7594 102 006 | 9092 105 006 | 63.01 0.80 0.06

achieves large reductions in activation memory (up to ~4x) 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.

Table 3: Performance comparison on continual image classification datasets using multi-head net-
works. Accuracy and BWT (mean = std) are reported over five trials. ™ denotes the results taken
from [Saha et al|(2021) and * denote the results from the respective original papers.

Method | Split CIFAR100 Split MinilmageNet S-Datasets
| ACC(%)t BWT(%)1 Mem(MB)| ACC(%)T BWT(%)* Mem(MB)| ACC(%)T BWT (%)t Mem (MB)]|

Multitask” ‘ 79.58 £0.54 — — 69.46 £0.62 — — 91.54£0.28 — —
EwWC* 68.80£0.88 -2+£1 — 52.01£2.53 -12+3 — 88.64£0.26 -4+£1 —
HAT 7206+0.50 0+0 - 59.78 £0.57 -3+0 - 91.32+£0.18 -140 -
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 -7T+1 — 80.31+£0.22 -440 -
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 +40.13£0.08 326.79 62.67£0.74 +40.23£0.15 604.61 93.48 £0.10 -0.00£0.02 196.91
SGP * 76.056£0.43 -1 22.27 62.83 £0.33 -1 127.37 - — -
CODE-CL* 7721+£0.32 -1.1+0.28 33.80 7116 £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

3.2 RESULTS: CONTINUAL LEARNING

We compare LANCE against a broad set of continual learning baselines: regularization-based
methods (EWC (Kirkpatrick et al., 2017), HAT (Serra et al., | 2018)), replay-based approaches (A-
GEM (Chaudhry et al., [2019b), ER_Res (Chaudhry et al., |2019a)), and projection-based methods
(GPM (Saha et al., [2021)), TRGP (Lin et al.,[2022b), CUBER (Lin et al.,[2022c)), SGP (Saha & Roy},
2023), SD (Zhao et al., 2023)), LMSP (Shang et al., [2025), CODE-CL (Apolinario et al., 2025a)).
For reference, we also report multitask performance, which serves as an upper bound where all
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Figure 3: Ablation studies of LANCE. (Left) Effect of the energy threshold € on CUB-200 using
MCUNet and ResNet34. Accuracy improves steadily as € increases, but memory usage grows expo-
nentially, 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 ob-
tained with as few as N=2 calibration batches, and practical choices of ¢ (e.g., 0.7) provide a good
balance between accuracy and memory.

tasks are trained jointly. We follow the same experimental setup as |Apolinario et al.| (2025a): a
5-layer AlexNet for Split CIFAR-100, and a reduced ResNet18 for Split MinilmageNet 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 gradient projection methods
such as GPM and CODE-CL, while using drastically less memory. As summarized in Table 3] on
Split CIFAR-100 LANCE reaches ~71% average accuracy (ACC) while reducing activation storage
by more than 10x compared to GPM. Similar trends are observed on Split MinilmageNet and the
5-Datasets benchmark, where LANCE maintains stable performance without rehearsal memory.
These results confirm that fixed low-rank subspaces are sufficient 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 ¢ (evaluated on CUB-
200), and (ii) the number of calibration batches N (evaluated on CIFAR-100 with £=0.7). Results
for MCUNet and ResNet34 are shown in Fig. 3| As expected, higher ¢ increases accuracy but also
grows memory usage exponentially, highlighting the need to balance compression and accuracy
according to device memory budgets. For calibration size IV, accuracy remains stable across a wide
range, while memory usage grows with V. Remarkably, even /N =2 calibration batches are sufficient
to yield stable subspaces, underscoring the robustness of the one-shot calibration phase.

Gradient fidelity under compression. We additionally evaluate how different compression ratios
affect gradient fidelity by measuring the angle between full-BP gradients and LANCE-projected
gradients across several values of €. As expected, more aggressive compression (lower ¢) leads to
larger angles, but the degradation is smooth and controlled. Even at the strongest compression set-
tings, reducing activation storage by up to two orders of magnitude, LANCE maintains gradient
alignment within ~ 70° of full BP, indicating that the one-shot subspace preserves the dominant
descent directions required for stable optimization.

Related Work. The memory cost of storing intermediate activations has long been recognized
as the central bottleneck for training on resource-constrained devices (Cai et al., 2020} [Lin et al.,
2022a)). Prior work has reduced this cost through recomputation (e.g., checkpointing (Chen et al.,
2016))), architectural modifications (e.g., reversible networks (Gomez et al., 2017)), or lossy com-
pression and sparsity (Chen et al.l 2021; Barley & Froning| [2023; Jiang et al., [2022), but often
at the expense of extra computation, accuracy, or hardware complexity. A complementary line of
work exploits low-rank structure in activations (Nguyen et al., 2024} 2025). Closest to our method
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Figure 4: Ablation of gradient fidelity across compression ratios. We vary the energy threshold
e controlling the effective memory compression of LANCE and report the mean and standard de-
viation of the angle between full-BP gradients and LANCE-projected gradients over the final 10
epochs (out of 50) for CIFAR-100 and CUB-200 using MCUNet and ResNet34. As ¢ 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 direc-
tions within ~ 70° of full BP, indicating preserved descent directions despite strong compression.

is ASI (Nguyen et al., [2025)), 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 as LMSP (Shang et al., [2025)
also uses low-rank representations but focuses on reducing the computational cost of gradient pro-
jection, 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 subspaces naturally
support null-space allocation across tasks without storing large task-specific matrices. System-level
methods such as TinyTL (Cai et al.,2020), MCUNet (Lin et al., 2020), and the 256KB training en-
gine (Lin et al.| 2022a) 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 optimization, it preserves full backpropagation while directly compressing activa-
tions. Finally, in continual learning, regularization methods (Kirkpatrick et al., 2017; Serra et al.,
2018), replay-based approaches (Chaudhry et al.,|2019bza), and gradient-projection methods (Saha
et al., 2021; [Lin et al., 2022bjic; Saha & Roy} 2023} |/Apolinario et al., [2025a; [Zhao et al., [2023)) all
mitigate forgetting by controlling parameter updates or storing exemplars. LANCE differs by oper-
ating 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 requiring significantly less memory, and without rehearsal buffers.

4 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 elim-
inates repeated decompositions and reduces both memory and computational cost. Experiments
show that LANCE achieves up to 250 memory savings while maintaining accuracy close to full
backpropagation across diverse datasets and models. Crucially, the fixed low-rank subspaces natu-
rally 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 prac-
tical and scalable approach for enabling fine-tuning and continual learning on resource-constrained
edge devices.

10



Under review as a conference paper at ICLR 2026

REFERENCES

Aayush Ankit, Izzat El Hajj, Sai Rahul Chalamalasetti, Sapan Agarwal, Matthew Marinella, Mar-
tin Foltin, John Paul Strachan, Dejan Milojicic, Wen-Mei Hwu, and Kaushik Roy. Panther: A
programmable architecture for neural network training harnessing energy-efficient reram. /EEE
Transactions on Computers, 69(8):1128-1142, 2020.

Marco P. E. Apolinario, Sakshi Choudhary, and Kaushik Roy. CODE-CL: Conceptor-based gradient
projection for deep continual learning. In Proceedings of the IEEE/CVF International Conference
on Computer Vision (ICCV), pp. 775-784, October 2025a.

Marco P. E. Apolinario, Arani Roy, and Kaushik Roy. LLS: Local Learning Rule for Deep
Neural Networks Inspired by Neural Activity Synchronization . In 2025 IEEE/CVF Winter
Conference on Applications of Computer Vision (WACV), pp. 7807-7816, March 2025b. doi:
10.1109/WACV61041.2025.00758.

Marco P. E. Apolinario, Kaushik Roy, and Charlotte Frenkel. TESS: A scalable temporally and
spatially local learning rule for spiking neural networks. In 2025 International Joint Conference
on Neural Networks (IJCNN), pp. 1-9, 2025c. doi: 10.1109/IJCNN64981.2025.11227652.

Daniel Barley and Holger Froning. Compressing the backward pass of large-scale neural architec-
tures by structured activation pruning. arXiv preprint arXiv:2311.16883, 2023.

Han Cai, Chuang Gan, Ligeng Zhu, and Song Han. Tinytl: reduce memory, not parameters for
efficient on-device learning. In Proceedings of the 34th International Conference on Neural In-
formation Processing Systems, NIPS 20, 2020. ISBN 9781713829546.

Arslan Chaudhry, Marcus Rohrbach Facebook, A I Research, Mohamed Elhoseiny, Thalaiyasingam
Ajanthan, Puneet K Dokania, Philip H S Torr, and Marc ° Aurelio Ranzato. On Tiny Episodic
Memories in Continual Learning. arXiv:1902.10486, 2 2019a. URL https://arxiv.org/
abs/1902.10486v4.

Arslan Chaudhry, Marc’ Aurelio Ranzato, Marcus Rohrbach, and Mohamed Elhoseiny. Efficient
Lifelong Learning with A-GEM. International Conference on Learning Representations, 2019b.

Jianfei Chen, Lianmin Zheng, Zhewei Yao, Dequan Wang, Ion Stoica, Michael W Mahoney, and
Joseph E Gonzalez. Actnn: Reducing training memory footprint via 2-bit activation compressed
training. In International Conference on Machine Learning, 2021.

Tianqi Chen, Bing Xu, Chiyuan Zhang, and Carlos Guestrin. Training deep nets with sublinear
memory cost. arXiv preprint arXiv:1604.06174, 2016.

Giorgia Dellaferrera and Gabriel Kreiman. Error-driven input modulation: Solving the credit as-
signment problem without a backward pass. In Proceedings of the 39th International Conference
on Machine Learning, volume 162, pp. 4937-4955. PMLR, 17-23 Jul 2022.

Charlotte Frenkel, Martin Lefebvre, and David Bol. Learning Without Feedback: Fixed Random
Learning Signals Allow for Feedforward Training of Deep Neural Networks. Frontiers in Neuro-
science, 15:629892, 2 2021. ISSN 1662453X. doi: 10.3389/FNINS.2021.629892/BIBTEX.

Aidan N Gomez, Mengye Ren, Raquel Urtasun, and Roger B Grosse. The reversible residual net-
work: Backpropagation without storing activations. In I. Guyon, U. Von Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (eds.), Advances in Neural Information
Processing Systems, volume 30. Curran Associates, Inc., 2017.

Raia Hadsell, Dushyant Rao, Andrei A. Rusu, and Razvan Pascanu. Embracing Change: Continual
Learning in Deep Neural Networks. Trends in Cognitive Sciences, 24(12):1028-1040, 12 2020.
ISSN 1879307X.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-

nition. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
770-778, 2016.

11


https://arxiv.org/abs/1902.10486v4
https://arxiv.org/abs/1902.10486v4

Under review as a conference paper at ICLR 2026

Geoffrey Hinton. The forward-forward algorithm: Some preliminary investigations. arXiv preprint
arXiv:2212.13345, 2(3):5, 2022.

Ziyu Jiang, Xuxi Chen, Xueqin Huang, Xianzhi Du, Denny Zhou, and Zhangyang Wang. Back ra-
zor: Memory-efficient transfer learning by self-sparsified backpropogation. In Alice H. Oh, Alekh
Agarwal, Danielle Belgrave, and Kyunghyun Cho (eds.), Advances in Neural Information Pro-
cessing Systems, 2022. URL https://openreview.net/forum?id=mTXQIpXPDbh,

Zixuan Ke, Bing Liu, Nianzu Ma, Hu Xu, and Lei Shu. Achieving forgetting prevention and knowl-
edge transfer in continual learning. In Proceedings of the 35th International Conference on Neural
Information Processing Systems, NIPS *21, Red Hook, NY, USA, 2021. Curran Associates Inc.
ISBN 9781713845393.

James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume Desjardins, Andrei A.
Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, Demis Hass-
abis, Claudia Clopath, Dharshan Kumaran, and Raia Hadsell. Overcoming catastrophic forgetting
in neural networks. Proceedings of the National Academy of Sciences of the United States of
America, 114(13):3521-3526, 3 2017. ISSN 10916490.

Alex Krizhevsky. Learning Multiple Layers of Features from Tiny Images. 2009.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E. Hinton. ImageNet Classification with Deep Con-
volutional Neural Networks. Advances in Neural Information Processing Systems, 25, 2012.

Dhireesha Kudithipudi, Mario Aguilar-Simon, Jonathan Babb, Maxim Bazhenov, Douglas Black-
iston, Josh Bongard, Andrew P. Brna, Suraj Chakravarthi Raja, Nick Cheney, Jeff Clune, Anurag
Daram, Stefano Fusi, Peter Helfer, Leslie Kay, Nicholas Ketz, Zsolt Kira, Soheil Kolouri, Jef-
frey L. Krichmar, Sam Kriegman, Michael Levin, Sandeep Madireddy, Santosh Manicka, Ali
Marjaninejad, Bruce McNaughton, Risto Miikkulainen, Zaneta Navratilova, Tej Pandit, Alice
Parker, Praveen K. Pilly, Sebastian Risi, Terrence J. Sejnowski, Andrea Soltoggio, Nicholas
Soures, Andreas S. Tolias, Dario Urbina-Meléndez, Francisco J. Valero-Cuevas, Gido M. van de
Ven, Joshua T. Vogelstein, Felix Wang, Ron Weiss, Angel Yanguas-Gil, Xinyun Zou, and Hava
Siegelmann. Biological underpinnings for lifelong learning machines. Nature Machine Intelli-
gence 2022 4:3, 4(3):196-210, 3 2022. ISSN 2522-5839. doi: 10.1038/s42256-022-00452-0.
URLhttps://www.nature.com/articles/s42256-022-00452-0.

Yan-Shuo Liang and Wu-Jun Li. Inflora: Interference-free low-rank adaptation for continual learn-
ing. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 23638-23647, 2024.

Timothy P Lillicrap, Daniel Cownden, Douglas B Tweed, and Colin J] Akerman. Random feedback
weights support learning in deep neural networks. arXiv preprint arXiv:1411.0247, 2014.

Ji Lin, Wei-Ming Chen, Yujun Lin, John Cohn, Chuang Gan, and Song Han. MCUNet: Tiny Deep
Learning on IoT Devices. In 34th Conference on Neural Information Processing Systems, 7 2020.

Ji Lin, Ligeng Zhu, Wei-Ming Chen, Wei-Chen Wang, Chuang Gan, and Song Han. On-device
training under 256kb memory. In Annual Conference on Neural Information Processing Systems
(NeurlIPS), 2022a.

Sen Lin, Li Yang, Deliang Fan, and Junshan Zhang. TRGP: Trust Region Gradient Projection for
Continual Learning. International Conference on Learning Representations, 2022b.

Sen Lin, Li Yang, Deliang Fan, and Junshan Zhang. Beyond not-forgetting: continual learning with
backward knowledge transfer. In Proceedings of the 36th International Conference on Neural
Information Processing Systems, NIPS *22, Red Hook, NY, USA, 2022¢c. Curran Associates Inc.
ISBN 9781713871088.

David Lopez-Paz and Marc * Aurelio Ranzato. Gradient Episodic Memory for Continual Learning.

In Proceedings of the 31st International Conference on Neural Information Processing Systems,
2017. doi: 10.5555/3295222.3295393.

12


https://openreview.net/forum?id=mTXQIpXPDbh
https://www.nature.com/articles/s42256-022-00452-0

Under review as a conference paper at ICLR 2026

Le-Trung Nguyen, Aél Quélennec, Enzo Tartaglione, Samuel Tardieu, and Van-Tam Nguyen. Ac-
tivation map compression through tensor decomposition for deep learning. In The Thirty-eighth
Annual Conference on Neural Information Processing Systems, 2024.

Le-Trung Nguyen, A&l Quélennec, Van-Tam Nguyen, and Enzo Tartaglione. Beyond low-rank de-
composition: A shortcut approach for efficient on-device learning. In Forty-second International
Conference on Machine Learning, 2025.

M-E. Nilsback and A. Zisserman. Automated flower classification over a large number of classes.
In Proceedings of the Indian Conference on Computer Vision, Graphics and Image Processing
(2008), 2008.

Arild Ngkland. Direct feedback alignment provides learning in deep neural networks. In Advances
in Neural Information Processing Systems (NeurIPS), volume 29, 2016.

Omkar M. Parkhi, Andrea Vedaldi, Andrew Zisserman, and C. V. Jawahar. Cats and dogs. In IEEE
Conference on Computer Vision and Pattern Recognition, 2012.

Haoyu Ren, Darko Anicic, Xue Li, and Thomas Runkler. On-device online learning and semantic
management of tinyml systems. ACM Trans. Embed. Comput. Syst., 23(4), June 2024. ISSN
1539-9087. doi: 10.1145/3665278. URL https://doi.org/10.1145/3665278.

Gobinda Saha and Kaushik Roy. Continual Learning with Scaled Gradient Projection. Proceedings
of the 37th AAAI Conference on Artificial Intelligence, AAAI 2023, 37:9677-9685, 6 2023. ISSN
2159-5399. doi: 10.1609/AAALV3718.26157.

Gobinda Saha, Isha Garg, and K. Roy. Gradient Projection Memory for Continual Learning. Inter-
national Conference on Learning Representations, 2021.

Mark Sandler, Andrew Howard, Menglong Zhu, Andrey Zhmoginov, and Liang-Chieh Chen. Mo-
bileNetV2: Inverted Residuals and Linear Bottlenecks . In 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 4510-4520, Los Alamitos, CA, USA,
June 2018. IEEE Computer Society. doi: 10.1109/CVPR.2018.00474. URL https://doi.
ieeecomputersociety.org/10.1109/CVPR.2018.00474!.

J. Serra, Didac Suris, M. Miron, and Alexandros Karatzoglou. Overcoming catastrophic forgetting
with hard attention to the task. International Conference on Machine Learning, 2018.

Jin Shang, Simone Shao, Tian Tong, Fan Yang, Yetian Chen, Yang Jiao, Jia Liu, and Yan Gao.
Divide and orthogonalize: Efficient continual learning with local model space projection. In Silvia
Chiappa and Sara Magliacane (eds.), Proceedings of the Forty-first Conference on Uncertainty in
Artificial Intelligence, volume 286 of Proceedings of Machine Learning Research, pp. 3766-3786.
PMLR, 21-25 Jul 2025. URL https://proceedings.mlr.press/v286/shang25a.
htmll

Catherine Wah, Steve Branson, Peter Welinder, Pietro Perona, and Serge Belongie. The caltech-ucsd
birds-200-2011 dataset, August 2023.

Liyuan Wang, Xingxing Zhang, Hang Su, and Jun Zhu. A Comprehensive Survey of Continual
Learning: Theory, Method and Application. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 46(08):5362-5383, 8 2024. ISSN 0162-8828. doi: 10.1109/TPAMI.2024.3367329.

Zhen Zhao, Zhizhong Zhang, Xin Tan, Jun Liu, Yanyun Qu, Yuan Xie, and Lizhuang Ma. Rethink-
ing gradient projection continual learning: Stability/plasticity feature space decoupling. In 2023
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 3718-3727,
2023. doi: 10.1109/CVPR52729.2023.00362.

13


https://doi.org/10.1145/3665278
https://doi.ieeecomputersociety.org/10.1109/CVPR.2018.00474
https://doi.ieeecomputersociety.org/10.1109/CVPR.2018.00474
https://proceedings.mlr.press/v286/shang25a.html
https://proceedings.mlr.press/v286/shang25a.html

Under review as a conference paper at ICLR 2026

A DATASETS, MODELS AND HYPERPARAMETERS

This section provides details on the architecture of all models used in this work, the dataset statistics,
the hyperparameters for each experiment, and the compute resources employed.

Reported metrics. For single-task fine-tuning we report top-1 accuracy on the test split, peak
activation memory in MB (estimated from tensors retained for the backward pass), and training
FLOPSEI For continual learning experiments (Section , we additionally report ACC and BWT
following standard CL definitions.

A.1 FOR SINGLE-TASK FINE-TUNING EXPERIMENTS

A.1.1 DATASETS

We evaluate on five image classification datasets spanning scale and difficulty: CIFAR-10
(Krizhevsky, 2009), CIFAR-100 (Krizhevskyl 2009), Oxford-IIIT Pets (Parkhi et al) [2012),
Flowers-102 (Nilsback & Zissermanl, 2008)), and CUB-200 (Wah et al., 2023). We use the official
training/test splits provided by each dataset and do not carve out an additional validation set. For
all datasets, images are resized to match the native input resolution of the chosen architecture (e.g.,
224 x 224 for ImageNet-pretrained models), and standard data augmentation is applied consisting
of random horizontal flipping.

A.1.2 MODEL ARCHITECTURES

For single-task experiments we use four pretrained models: ResNet18, ResNet34 (He et al.||2016),
MobileNetV2 (Sandler et al., 2018]), and MCUNet (Lin et al.,[2020). All of them are initialized from
ImageNet-1k pretrained weights. For each model, we unfreeze the last N € {2,4} convolutional
layers and fine-tune them while the rest of the network remains frozen.

A.1.3 TRAINING PROTOCOL

Training runs for 50 epochs with stochastic gradient descent (SGD), learning rate 0.05, batch size
128, and without weight decay. For LANCE, we allocate N=100 calibration mini-batches to esti-
mate the activation covariance (unless otherwise specified) and compute truncated subspaces. The

energy threshold ¢ for subspace retention 0.7. During training, activations of the selected layers are
projected into the fixed low-rank cores, which are the only tensors retained for the backward pass.

A.1.4 HYPERPARAMETERS

The hyperparameters used in our single-task fine-tuning experiments are summarized in Table 4]

Table 4: Hyperparameters used in single-task fine-tuning experiments.

Hyperparameter Value
Epochs 50
Optimizer SGD
Learning rate 0.05
Batch size 128
Weight decay 0

# Unfrozen layers 2or4
# Calibration batches (V) 100
LANCE threshold 0.7
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Table 5: 5-Datasets statistics.

Dataset | CIFAR10 MNIST SVHN  Fashion MNIST  notMNIST
Number of classes 10 10 10 10 10
Training samples 47500 57000 69595 57000 16011
Validation samples 2500 3000 3662 3000 842
Test samples 10000 10000 26032 10000 1873

Table 6: Split CIFAR100 and Split minilmageNet datasets statistics.

Dataset \ Split CIFAR100  Split minilmageNet
Number of tasks (717) 10 20

Sample dimensions 3x32x32 3 x84 x84
Number of classes per task 10 5

Training samples per task 4750 2375
Validation samples per task 250 125

Test samples per task 1000 500

A.2 FOR CONTINUAL LEARNING EXPERIMENTS
A.2.1 MODEL ARCHITECTURE

We employ two neural network architectures in our experiments: an AlexNet-inspired model fol-
lowing |Serra et al.| (2018), and a Reduced ResNet18 as described in |Lopez-Paz & Ranzato| (2017)).
The AlexNet-like network integrates batch normalization (BN) layers after every convolutional and
fully connected layer except the final classifier. BN parameters are updated only during the first task
and kept fixed thereafter. Its architecture consists of three convolutional layers with 64, 128, and
256 filters, using kernel sizes of 4 x 4, 3 x 3, and 2 x 2, respectively, each followed by a 2 x 2
max-pooling operation. Two fully connected layers with 2048 units each are appended. ReL U acti-
vations are applied throughout, and dropout is used with rates of 0.2 for the first two layers and 0.5
for the rest. The Reduced ResNet18 follows the setup in|Saha et al.|(2021)). For Split minilmageNet
tasks, its first convolutional layer uses stride 2, whereas for the 5-Datasets benchmark, stride 1 is
used. Across all experiments, models are trained with cross-entropy loss.

A.2.2 DATASET STATISTICS

Tables [6] and [5] summarize the datasets employed in our continual learning benchmarks. We adopt
the same train/test splits as in|Saha et al.|(2021)); Lin et al.| (2022b); Saha & Roy|(2023)); |Apolinario
et al.[(2025a). For the 5-Datasets benchmark, grayscale samples are duplicated across three channels
to match RGB input requirements. All images are resized to 32 x 32, yielding an effective input
dimension of 3 x 32 x 32.

A.2.3 METRICS

Following standard practice in prior continual learning works (Lopez-Paz & Ranzato, 2017} |Saha
et al., 2021} Lin et al.,|2022b; |Saha & Roy, 2023} |Apolinario et al.,2025a)), we evaluate performance
using two metrics: the average final accuracy across all tasks (ACC) and the Backward Transfer
(BWT), which captures the extent to which learning new tasks affects performance on previously
learned ones. They are defined as:

ACC = ZA“ BWT = ZATZ_ (6)

where 1" denotes the total number of tasks, and A; ; represents the accuracy on the i-th task after the
model has sequentially trained up to the j-th task (i < j).

'Peak activation memory and FLOPs formulas are detailed in Appendix
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Table 7: List of hyperparameters used in Continual Learning experiments.

Dataset ‘ Split CIFAR100  Split minilmageNet 5-Datasets
Optimizer SGD SGD SGD
Learning rate (1) 0.01 0.1 0.1
Batch size (b) 64 64 64
Min. learning rate (1;1,) 1075 1075 1073
Learning rate decay factor 1/2 1/2 1/3
Patience 6 6 5
Number of epochs (F) 200 100 100
Energy Threshold () 0.9 0.9 0.9
CL Threshold (ecr) 0.95 0.985 0.97
# Calibration batches (V) 100 100 100
# batches for memory retention (Ncr) 10 10 10

A.2.4 HYPERPARAMETERS

The hyperparameters used in our experiments are detailed in Table

A.3 COMPUTE RESOURCES

All experiments were conducted on a shared internal Linux server equipped with an AMD EPYC
7502 32-Core Processor, 504 GB of RAM, and four NVIDIA A40 GPUs, each with 48 GB of
GDDR6 memory. Additionally, code was implemented using Python 3.9 and PyTorch 2.2.1 with
CUDA 11.8.

B PROOFS FOR SECTION

Theorem 2.1 (Projected gradient & descent). Under Assumption and Assumption for
any layer | with input projector PWY, the LANCE weight gradient equals the right-Frobenius
orthogonal projection of the full gradient: VwCLiance = VwLanP®. Consequently,
(VwLrance, Vw L) = |[Vw Lrance||% > 0, so —Vw LLaNcE is a descent direction unless
it vanishes.

Proof. Let § denote the upstream error for the layer and let  be the unfolded input. For a linear (or
unfolded convolutional) layer, the full gradient is Vyy Leg = 6 «". In LANCE, the only change
(by design) is replacing  with POz, so

VWACLANCE = 5 (P(l)a:)—r = (S:IJTP(Z) = Vw,cfun P(l)
Since P is an orthogonal projector (Assumption ,
T
(Vw Lrance, Vw L) = tr((VWquHP(l)) Vwﬁfun)
= |[Vw LearPV[3

= |Vw Lrance|/% > 0.

Thus —Vw Lr.ancE is a descent direction unless it is zero. O

Theorem 2.2 (Monotone decrease & projected stationarity). Let Q be the block projector that
right-multiplies each layer’s weight gradient by its P, Under Assumption the LANCE up-
date 0)41 = 0, — nQV L(0y) withn € (0,1/L] satisfies L(0r 1) < L(0x) — Z[QVL(6y)]]3,
hence ||QVL(0y)||2 — 0 and every limit point 6, obeys QVL(6,) = 0.
Proof. By the Descent Lemma for an L-smooth function,
2
L(0 —ng) < L(0) —1(VL(O).g) + “Flgll5.

Set g = Q VL(). Because Q is an orthogonal projector (blockwise right-multiplication by P()),
(VL,QVL) = ||QVL||3. Hence

L(Br11) < L(0x) — nllQVLOL)E + - 1QVLOL)3 < L£(8x) — 3IQVLOL)II3
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for n < 1/L. Summation gives Y, [|QVL(0;)[|3 < oo and thus [|QVL(6y)|l2 — 0. Any limit
point 0, satisfies QVL(0,) =0 O

Proposition 2.3 (Stationarity gap vs. truncation). If along the iterates ||(I — Q)VL(0)|2 <
CV/'1 — € for some C > 0, then any limit point 8, satisfies |VL(0,)||2 < Cv1 —e.

Proof. From Theorem[2.2] |QVL(6y)||2 — 0. Then

VLK) < [[QVLOK)[2 + (I = QVL(Oy)[l2 — < CVI —e.

Take a limit point 8,. O

Remark B.1 (Why the leakage bound is reasonable). Right-multiplication by P() removes only
the gradient components aligned with the discarded input subspaces. One-shot HOSVD calibra-
tion bounds the relative energy of those components by v/1 — ¢ in Frobenius norm, and layer-wise
Lipschitz constants contract this via the chain rule to produce the stated bound.

C COMPLEXITY ANALYSIS OF LANCE

Let XV € Rmxn2xn3 s compressed core G € Rmxr2x7s and the next-layer output X+ ¢
R™1X72%73 - Assume parameters O() € R"3*™3 operate on the last dimension. We estimate FLOPs
and memory during fine-tuning and omit the one-shot HOSVD cost since it is performed offline.

The forward compression cost is Zle n;i1; [[;4;7j, the cost of projecting X with {Ui(l)}le.

Adding the layer’s standard forward cost ng H?Zl n; gives:

3
FLOPSE\ANNCE = N3 H n; -+ niringng + rinerong + r1ron3rs. (7)
i=1
Similarly, the backward pass FLOPs with LANCE can be estimated as:

3 3
BW .
FLOPst sncE = Hnﬂ’l + | Imnz + rinersns + ringnasns. (8)
i=1 i=1

For full BP, the forward and backward FLOPs are:

3 3
FLOPspy = g [[ni, FLOPsgy = s [ ni )
i=1 i=1

Therefore, the overall improvement is

FLOPsgY + FLOPspp
FLOPs} \ncog + FLOPsE Yo

SrLops =

Since r; < n;, we obtain an improvement over BP on the order of ~ 1.5, consistent with Fig. .

For memory usage, the improvement is measured as

3
Mempp [[imyni

= 93 3 -
MempaNcE Ly 4+ > s

SMem =

Thus, LANCE reduces activation storage by a factor of Syjer, With negligible amortized overhead,
since the decomposition is one-shot rather than repeated every iteration.
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Table 8: Performance and efficiency comparison. Results are reported in terms of accuracy, memory
usage, and Giga FLOPS (GFLOPs) for ditferent batch sizes (BS).

Mdl. Method #Layers | CIFARI0 (BS = 4) | CIFARI0 (BS = 8) | CIFAR100(BS=4) |  CIFAR100(BS=8)
| Acct MB| GFLOPS| | Acct MB| GFLOPS| | AccT MB| GFLOPS| | Acct MB| GFLOPS|

] BP 2 77.17  0.220 0.025 76.87 0.439 0.049 5424 0.220 0.025 5396 0439 0.049
% 4 83.93  0.403 0.039 83.68 0.806 0.079 60.99  0.403 0.039 5927  0.806 0.079
% LANCE 2 69.72  0.007 0.014 76.32  0.011 0.028 4570 0.008 0.014 5127 0.010 0.028

4 7423 0.018 0.023 77.89  0.020 0.045 4923 0.015 0.023 5336 0.019 0.045
& BP 2 94.08  0.766 1.850 93.92  1.531 3.699 7185 0.766 1.850 7199 1531 3.699
2 4 94.96 1.531 3.699 95.10  3.062 7.399 79.02  1.531 3.699 79.10  3.062 7.399
é LANCE 2 91.75  0.059 1.018 9229  0.093 2.022 7336 0.061 1.021 7451  0.101 2.036

4 92.05 0.168 2.114 9320 0.232 4.124 73.09 0.156 2.096 76.17  0.252 4.161

Table 9: Performance and efficiency comparison. Results are reported in terms of accuracy, memory
usage, and Giga FLOPS (GFLOPs) for different batch sizes (BS).

Mdl Method #Layers | CUB200 (BS = 4) \ CUB200 (BS = 8) | PETS (BS = 4) | PETS (BS = 8)
| AccT MB| GFLOPS| | AccT MB| GFLOPS| | Acct MB| GFLOPS| | AccT MB| GFLOPS]

o} BP 2 32.57 0.220 0.025 32.84 0439 0.049 5552 0.220 0.025 55.55 0.439 0.049
% 4 37.50 0.403 0.039 37.04 0.806 0.079 61.98 0.403 0.039 61.35 0.806 0.079
§ LANCE 2 3479 0.011 0.015 3497 0.013 0.029 60.32  0.011 0.015 59.85 0.015 0.029

4 35.90 0.024 0.024 36.12 0.029 0.047 60.75  0.028 0.024 59.72 0.032 0.047
h o BP 2 66.50  0.766 1.850 66.86 1.531 3.699 91.44  0.766 1.850 91.11 1.531 3.699
% 4 69.09 1.531 3.699 69.57  3.062 7.399 91.14 1.531 3.699 91.63 3.062 7.399
é LANCE 2 65.53  0.053 1.006 64.81  0.094 2.022 91.20 0.075 1.043 90.87 0.111 2.055

4 6572 0.160 2.102 66.31 0.220 4.102 90.84 0.182 2.136 90.92  0.275 4.202

D ADDITIONAL GRADIENT-COMPRESSION ABLATIONS

For completeness, we extend the gradient fidelity analysis of Sec. to three additional fine-tun-
ing datasets: Flowers102, Oxford-1IIT Pets, and CIFAR-10. Using the same experimental setup as
in the main paper, we vary the energy threshold € to induce different activation compression ra-
tios and measure (i) the angle between full-BP gradients and LANCE-projected gradients, (ii) the
resulting memory ratio, and (iii) the accuracy obtained under each setting. Appendix Fig. [5| shows
results for MCUNet and ResNet34. The behavior is highly consistent with the CUB-200 and CI-
FAR-100 experiments: gradient alignment degrades smoothly as compression increases, yet even
aggressive compression (~2 orders of magnitude memory reduction) preserves descent directions
within < 70°. These findings demonstrate that the one-shot activation subspace generalizes well
across models and datasets, further validating the stability and robustness of LANCE’s low-rank
representations.

E ROBUSTNESS OF LANCE UNDER SMALL-BATCH REGIMES

To evaluate LANCE under more restrictive memory settings, we additionally benchmarked batch
sizes BS = 4 and BS = 8, which are more representative of MCU- and loT-class devices. The results
(Tables show that LANCE maintains the same qualitative behavior observed with BS = 128:
memory reductions of 1-2 orders of magnitude, negligible FLOPs overhead, and accuracy compa-
rable to full BP. This indicates that LANCE’s efficiency gains do not rely on large batch sizes and
extend reliably to resource-constrained edge settings.

F LIMITATIONS AND FUTURE DIRECTION.

LANCE opens several promising directions for future work. First, while the method relies on ac-
tivation subspaces obtained from a small calibration set, developing mechanisms to adapt or refine
these subspaces under strong domain shift or evolving representations would broaden its applicabil-
ity—including extending the approach to earlier stages of pre-training, where representation drift
is more pronounced. In continual learning, relaxing the strict orthogonality constraint could enable
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Figure 5: Additional gradient—compression ablations on Flowers, Pets, and CIFAR-10. We repeat
the analysis of Fig. E| on three additional fine-tuning datasets using MCUNet and ResNet34. For
each dataset, we report the mean and standard deviation of the angle between full-BP gradients and
LANCE-projected gradients over the final 10 epochs of training, together with the corresponding
memory ratio (LANCE/BP) and accuracy across different energy thresholds €. Across all datasets
and architectures, gradient alignment degrades smoothly as € decreases, while extreme compression
(up to two orders of magnitude in activation memory) continues to yield descent directions within
~ 70° of full BP. These trends closely mitror those observed in the main experiments, reinforcing
the robustness and consistency of LANCE’s low-rank subspace across diverse data distributions.

positive forward transfer between related tasks while retaining stability. Additionally, augmenting
the fixed low-rank subspace with selective or lightweight updates may improve adaptability on tasks
requiring larger representational changes. Finally, although LANCE is compatible with MCU-class
devices, integrating it with device-specific compilation and memory-scheduling pipelines presents
an exciting opportunity to realize its full hardware potential.
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Figure 6: End-to-end fine-tuning latency on a Raspberry Pi 3 Model B+ (Broadcom BCM2837B0,
quad-core Cortex-AS53) when training MCUNet for 5 iterations on CIFAR-10 using batch size of
128. Each curve shows the mean over five independent trials. LANCE achieves the lowest forward,
backward, and total training time across all layer depths. Unlike iterative low-rank methods such as
ASI and HOSVD, which incur substantial forward-time overhead due to repeated decompositions,
LANCE remains close to full BP while consistently outperforming all baselines, confirming its prac-
tical efficiency on real edge hardware.

G EXPERIMENTAL VALIDATION ON RESOURCE-CONSTRAINED EDGE
DEVICES

We evaluated LANCE on real edge hardware to validate its practical runtime efficiency. All methods
were deployed on a Raspberry Pi 3 Model B+ (Broadcom BCM2837B0, quad-core ARM Cortex-
AS53), where we fine-tuned an MCUNet model for five iterations on CIFAR-10 using batch size of
128. Each configuration was run for five independent trials, and we report mean end-to-end latency
across 1-10 trainable layers. As shown in Fig. E], 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 x—-4.4 x slower, demonstrating that one-shot subspace calibration elimi-
nates the overhead of repeated decompositions and yields tangible speedups on resource-constrained
devices.

H USE OF LARGE LANGUAGE MODELS (LLMS)

In accordance with the submission guidelines, we disclose the use of large language models (LLMs)
during the preparation of this manuscript. LLMs were employed solely as a general-purpose writing
assistant to improve clarity, grammar, and style. They were not used for research ideation, algorithm
design, data analysis, or experiment implementation.

I CODE AVAILABILITY

The implementation of LANCE, together with scripts to reproduce all experiments, will be released
in a public repository after the review process. This will include training and evaluation code, dataset
preprocessing pipelines, and experiment configuration files to ensure full reproducibility.
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