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Abstract
To utilize pre-trained neural networks on edge and mobile
devices, we often require efficient adaptation to user-specific
runtime data distributions while operating under limited
compute and memory resources. On-device retraining with
a target dataset can facilitate such adaptations; however, it
remains impractical due to the increasing depth of modern
neural nets, as well as the computational overhead associated
with gradient-based optimization across all layers. Current
approaches reduce training cost by selecting a subset of lay-
ers for retraining, however, they rely on labeled data, at
least one full-model backpropagation, or server-side meta-
training; limiting their suitability for constrained devices. We
introduce AdaBet, a gradient-free layer selection approach
to rank important layers by analyzing topological features
of their activation spaces through Betti Numbers and us-
ing forward passes alone. AdaBet allows selecting layers
with high learning capacity, which are important for retrain-
ing and adaptation, without requiring labels or gradients.
Evaluating AdaBet on sixteen pairs of benchmark models
and datasets, shows AdaBet achieves an average gain of 5%
more classification accuracy over gradient-based baselines
while reducing average peak memory consumption by 40%.
We open-source our code at https://github.com/Nokia-Bell-
Labs/efficient_layer_selection

1 Introduction
Consider waking up to our mobile or wearable device that
has fine-tuned, overnight and entirely on-device, a machine
learning (ML) model to our unique skin tone and texture,
personalizing melanoma screening without transmitting a
single image to the cloud [4, 44]. By locally retraining a pre-
trained ML model, we create specialized apps that preserve
user privacy while providing personalized services for indi-
vidual needs. Such an approach can extend from real-time
∗Work is mainly done during the author’s internship at Nokia Bell Labs.

mood prediction based on subtle facial micro-expressions to
adaptive glucose-monitoring algorithms on insulin pumps,
each model continuously refining itself at the user’s side.
Since on-device training still faces key challenges in resource
consumption and computational efficiency, maintaining the
right balance between performance and resource use is es-
sential to enabling the next generation of efficient, privacy-
preserving, and user-centric ML technologies [21].
In particular, deep neural networks (DNNs) deployed on

edge or personal devices are typically pre-trained on large,
generic datasets. For many apps, it is often necessary to re-
train or fine-tune the DNN using a new, small dataset to
enhance performance on a desired task. Such a retraining,
when done locally on the device, enables personalization and
preserves user privacy by avoiding interactions with a server.
A plethora of applications benefit from such local training:
perception systems in autonomous vehicles [42], wildlife
monitoring via camera traps [32], personalized speech recog-
nition [34], and health monitoring via wearables [50].

The problem remains the intensive computational require-
ments, substantial memory usage, and high power consump-
tion associated with gradient-based training; making it im-
practical for many resource-constrained scenarios. Unlike
cloud servers with dedicated GPUs and abundant memory,
edge devices operate under strict limitations on memory,
compute throughput, and battery life [1, 15, 16, 49]. To train
DNNs, we require both forward and backward passes through
all layers, which significantly increases memory usage and
compute time compared to inference-only tasks. The back-
ward pass typically consumes 3× more memory than the
forward pass due to gradient and activation storage [6], of-
ten making full backpropagation infeasible on some devices.
Therefore, enabling practical on-device learning demands
novel approaches that prioritize memory efficiency and com-
putational reduction while maintaining the model’s accuracy.
An approach to these challenges is to adopt a shallow

neural network architecture. This offers a straightforward
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and memory-efficient solution, but suffers from limited ca-
pacity, which can hinder performance on some tasks. An-
other approach is retraining a DNN using techniques such
as gradient checkpointing [7, 10], layer-wise training [5],
split-learning [30], or Transfer Learning-based methods [17].
While memory-efficient, these solutions introduce trade-offs:
gradient checkpointing reduces memory usage at the cost
of compute overhead and increased running time [40], and
other methods like layer-wise training, split-learning, and
Transfer Learning often suffer from suboptimal performance
when there are significant changes in data distribution or
downstream tasks [22, 37]. Moreover, some require commu-
nication overhead if parts of the model need to be offloaded
to external compute platforms [30]. A third approach focuses
on hardware-specific design strategies, such as quantization-
aware training [2] and hardware-aware neural architecture
search [23], which are primarily optimized for inference
tasks rather than for flexible or on-device training.
A recent approach involves using sparse updates, where

only the most important layers are updated to save memory,
an idea presented by the Tiny Training Engine [24]. How-
ever, it performs layer selection at the server side and does
not support dynamic, on-device adaptation when the data
distribution shifts. TinyTrain [20] and ElasticTrainer [15]
extend sparse updates to support on-device, task-aware re-
training. TinyTrain achieves this by computing Fisher Infor-
mation to select important parameters, but requires at least
one full round of backpropagation through the entire model
and relies on server-side meta-training. ElasticTrainer uses a
dynamic programming approach to select important param-
eters. While offering more adaptive training, ElasticTrainer
requires labeled data and involves multiple selection steps.

Our Contribution. We propose AdaBet, a memory- and
compute-efficient framework for retraining of DNNs on
edge and mobile devices. The main novelty of AdaBet is
gradient-free layer selection, eliminating the need for either
full-model backpropagation or server-side meta training. To
achieve this, AdaBet selects trainable layers based on their
learning capacity, quantified via topological features derived
from the first Betti Number of each layer’s activation out-
puts [8]. Betti Numbers are achieved during a forward pass
and are normalized by the size of each layer to align with
memory efficiency objectives. As this process is independent
of label availability, AdaBet is suitable for even unsupervised
scenarios. We benchmark AdaBet across several benchmarks
using pre-trained DNNs: ResNet, VGG16, MobileNet, and
ViT. Results show that AdaBet achieves comparable or bet-
ter accuracy than gradient-based methods while reducing
average peak memory usage by 40% (shown in Figure 1) and
obtaining an average accuracy gain of +5% (detailed in §6).
In summary, the key contributions of AdaBet are:

 

Figure 1: Peak memory efficiency. AdaBet reduces peak
memory consumption of retraining by up to 76% (on av-
erage by 40% for different pre-trained DNNs retrained
on Oxford-IIIT Pets), compared to peak memory of
inference-only and full-layer training as the baseline.

(1) A memory- and compute-efficient on-device training
that enables gradient-free layer selection without
requiring labeled data or server-side meta training.

(2) Leveraging topological features based on well-
studied Betti Numbers of activations, for selecting a
subset of layers based on their learning capacity and
resource constraints.

(3) Providing better balance between resource efficiency
and accuracy, benchmarked on popular pre-trained
DNNs across a range of image classification tasks.

2 Related Work: On-device Layer Selection
The growing need for personalization, data privacy, and
post-deployment adaptability highlights the importance of
on-device training for DNNs, which requires computational
resources to perform backpropagation locally, including the
calculation and storage of intermediate gradients for up-
dating DNNs. To minimize resource consumption, existing
approaches include techniques like gradient checkpoint-
ing [7, 10], layer-wise training [5], split-learning [30], and
transfer learning [17]. Despite their resource efficiency, these
approaches often suffer from reduced accuracy when faced
with changes in data or downstream tasks.

Another approach is to co-optimize resource usage along-
side the accuracy of downstream tasks. However, such ap-
proaches [6, 23, 24, 36, 47] either (1) rely on server-side archi-
tecture search to select layers before deployment on the de-
vice, or (2) require at least one full backpropagation through
the entire model (computing all gradients), which creates a
significant bottleneck for resource-constrained devices.
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Table 1: Compared to related work, our AdaBet is the
only gradient-free (i.e., label-free) selection method
that requires no server-side meta-training.

Unlabeled
data?

Has Layer
selection?

One-step
selection

Server
independent?

Selection
approach

Transfer Learning [17] × × × ✓ N/A
Quant-Aware Training [2] × × × × N/A
TinyTrainingEngine [24] × ✓ × × Evolutionary
TinyTrain [20] × ✓ × × Fisher Info
PruneTrain [28] × ✓ × ✓ Lasso Penalty
ElasticTrainer [15] × ✓ × ✓ Dynamic Prog.
AdaBet (Our) ✓ ✓ ✓ ✓ Betti Numbers

PruneTrain [28] reduces training parameters through
channel-level sparsity and structured pruning. It uses group
lasso regularization to shrink the model while maintaining
dense computation, enabling dynamic architecture adapta-
tion during training. TinyTrain [20] performs an adaptive
parameter selection method based on Fisher Information (FI)
of activations to assess a layer’s importance. This allows
TinyTrain to be both compute- and memory-efficient on the
device. However, to perform the online selection of layers,
TinyTrain performs one round of backpropagation through
the entire model. Since relying on a single round of backprop-
agationmay result in suboptimal parameter selection [13, 18],
TinyTrain performs multiple rounds of backpropagation dur-
ing a server-side meta-training stage. Meta-training with
data from similar distributions might not be realistic, as the
distribution of the target private data could change signif-
icantly, which negatively impacts the effectiveness of the
FI-based layer selection [41].

ElasticTrainer [15] dynamically selects parameters using
a dynamic programming approach that minimizes resource
consumption of on-device training. Unlike TinyTrain [20],
ElasticTrainer eliminates the need for a meta-training phase
by directly selecting important layers on the device. Such
a selection process with dynamic programming involves
multiple rounds of parameter tuning, each requiring back-
propagation through the entire model to ultimately identify
the optimal subset of layers. This makes the overall process
of selection and training memory-intensive, at times even
comparable to that of full training. A comparison between
existing on-device layer selection approaches for DNNs and
our proposed system, AdaBet, is summarized in Table 1.

3 Backgrounds and Motivations
3.1 Betti Numbers
In mathematics, topology examines the invariant proper-
ties of spaces under continuous deformations, focusing on
connectedness and compactness. In ML, topology allows us
to study the robustness of learned representations to trans-
formations such as scaling, rotation, and noise addition [8].
In algebraic topology, homology analyzes the structure of

holes in a space across various dimensions to understand the
shape and connectivity of high-dimensional spaces. Instead
of relying on visualizations, homology captures topological
features as algebraic invariants, enabling broader and more
efficient analysis of complex spaces.

Formally, the𝑛𝑡ℎ homology group of a topological spaceX,
denoted as 𝐻𝑛 (X), quantifies 𝑛-dimensional holes in X; such
that 0-dimensional holes indicate connected components,
1-dimensional holes indicate loops, and higher-dimensional
holes indicate structures such as voids and cavities.
To calculate 𝐻𝑛 (X), we turn the geometric problem (e.g.,

holes in a space) into an algebraic one (i.e., computing groups)
by building a chain complex 𝐶 (X): a sequence of abelian
groups linked by boundary operators 𝛿𝑛 such that

· · · 𝛿𝑛+1−−−→ 𝐶𝑛

𝛿𝑛−−→ 𝐶𝑛−1
𝛿𝑛−1−−−→ · · · 𝛿2−→ 𝐶1

𝛿1−→ 𝐶0
𝛿0−→ 0.

Here, each 𝛿𝑛 satisfies the key property that consecutive
boundaries vanish, i.e., 𝛿𝑛◦𝛿𝑛+1 = 0, meaning that the bound-
ary of a boundary is always zero to make sure that every
boundary encloses a well-defined cycle. Having 𝐶 (X), the
𝑛𝑡ℎ homology group is:

𝐻𝑛 (X) = 𝐾𝑒𝑟 (𝛿𝑛)/𝐼𝑚(𝛿𝑛+1),

where Ker(𝛿𝑛) indicates the number of cycles (i.e., elements
that map to zero under 𝛿𝑛), and Im(𝛿𝑛+1) indicates the bound-
aries (i.e., elements that originate from a higher-dimensional
space). Thus, 𝐻𝑛 (X) captures nontrivial cycles that are not
boundaries, effectively identifying the holes in X. Thanks
to the computational technique called persistent homology,
𝐻𝑛 (X) is calculated to indicate how topological features,
such as connected components, loops, and voids, emerge
and persist across multiple scales in ML and data analysis.
An informative measure that quantifies the number of

independent 𝑛-dimensional holes in a topological space X is
the 𝑛𝑡ℎ Betti Number defined as the rank of 𝐻𝑛 (X):

𝑏𝑛 = rank(𝐻𝑛 (X)). (1)

For example, if our topological space X is a circle, we have
𝑏0 = 1, because the space is connected, and 𝑏1 = 1, because
the space contains a single one-dimensional hole (i.e., a loop).
In this case, all higher Betti Numbers vanish: 𝑏𝑛 = 0 for all
𝑛 >= 2, as a circle has no higher-dimensional holes. For an 𝑛-
dimensional sphere, 𝑏0 = 1 indicates a single connected com-
ponent, and 𝑏𝑛 = 1, indicates the 𝑛-dimensional void, while
all intermediate Betti Numbers are zero (see Table 2). Such a
multi-scale perspective, measured through Betti Numbers,
helps in identifying topological structures while filtering out
noise-induced artifacts. When X is a torus, persistent homol-
ogy effectively identifies its two distinct one-dimensional
holes and its two-dimensional void; regardless of transfor-
mations such as scaling, rotation, or translation.
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Table 2: Illustration of Betti Numbers for some com-
mon geometrical shapes across different dimensions.

Betti Number
𝑏0 1 1 1 1
𝑏1 0 1 0 2
𝑏2 0 0 1 1
𝑏3 0 0 0 0
: : : : :
𝑏𝑛 0 0 0 0

Building on such topological insights, AdaBet leverages
the first Betti Numbers of each layer’s activation outputs in a
DNN to quantify its complexity, thereby guiding the selection
of layers for targeted retraining (as detailed in §4).

3.2 Betti Number vs. Fisher Information
Given a batch of 𝑁 samples, and based on the gradients 𝑔
of the loss function with respect to the activations 𝑎 of the
model, Fisher Information (FI) is defined as:

Δ =
1
2𝑁

𝑁∑︁
𝑛=1

(𝑎𝑛𝑔𝑛)2 (2)

TinyTrain [20] uses FI to assess the importance of layers. We
outline the drawbacks of FI approach to highlight how Betti
Numbers can offer a more efficient and yet more effective
alternative for layer selection.
Drawbacks of FI. Computing FI requires at least one

backpropagation and access to labeled data, which limits its
practicality in constrained devices, unsupervised settings, or
label-scarce scenarios. As shown in Figure 2, FI-based layer
selection is unstable: the chosen subset of layers changes
with the number of backpropagations (Figure 2(a)) and across
different batches of data due to random seeds (Figure 2(b)).
This instability arises from its reliance on early-stage gra-
dients, which are not yet aligned with the target data dis-
tribution. As a result, FI-based selection can bias toward
the pre-training or meta-training dataset, leading to incon-
sistent or suboptimal retraining subsets. Moreover, there
is no principled way to know when FI-based selection has
converged, since peak accuracy may occur at intermediate
stages rather than after extended updates. In contrast, our
Betti Number–based method yields consistent layer rankings
across batches without backpropagation, achieving stable
accuracy with negligible variance (Figure 2(c))

Advantages of Betti Numbers Betti Numbers are calcu-
lated on the activation outputs of each layer, without back-
propagation or requiring labeled data. Betti Numbers of each
layer remain consistent across random sampling of a batch,
allowing activations to be aggregated over multiple forward
passes, even with small batch sizes. This provides a stable
yet lightweight alternative for on-device layer selection. In

Figure 2(c), we observe that Betti Numbers computed for
each layer of a pre-trained DNN tend to peak in the early
and late layers. To further investigate this observation, using
the DBSCAN clustering algorithm, we estimated the number
of clusters for each layer’s activation outputs in Figure 3. The
similarities between the two figures suggest that Betti Num-
bers effectively capture layers with higher representational
capacity. This observation aligns with seminal works [8, 43]
linking cluster separability in intermediate representations
to model expressivity and generalization; as we discussed
them further in §4.

4 Gradient-free Layer Selection
4.1 Layer Selection
Let us consider on-device retraining of a deep neural net, e.g.,
for model adaptation or personalization. Let M be a DNN
pre-trained on a global dataset using any type of objective
function. For example, a pre-trained model published on
HuggingFace, comprising multiple layers, each containing a
varying number of parameters. We assumeM is deployed
on a constrained device hosting a local training dataset D,
without imposing any restrictions on the characteristics ofD.
Specifically, D can be unlabeled or from a different domain
than the pre-training dataset. Our objective is to facilitate on-
device re-training ofM withD, taking into account resource
efficiency and target task accuracy. To achieve our objective,
we should efficiently select the most important layers from
M, and only selected layers are later retrained on D using
the target task objective function.

4.2 AdaBet Overview
We introduce a novel strategy for selecting most important
layers to retrain, while satisfying three key properties: (a) Ad-
aBet is gradient-free, reducing on-device memory and com-
putational requirements; (b) AdaBet is label-free, enhancing
its generalizability across diverse ML tasks; and (c) AdaBet
is server-free, making it well-suited for privacy-preserving
and fully on-device learning scenarios.
As illustrated in Figure 4, AdaBet comprises three steps:

(1) the estimation of each layer’s learning capacity via Betti
Numbers computed on a subset of D, (2) the selection of
important layers based on learning capacity and the size of
activations, considering the available computation budget
on the device, and (3) the retraining of selected layers in M
using the local dataset D.
In particular, since M is pre-trained, we first evaluate

all layers’ learning capacity by forward propagating sam-
ples drawn from D through the DNN, and we capture the
corresponding activations of each layer (see Figure 5). A
topological analysis of these activations, via Betti Number
calculation, is performed on each layer to assess the learning
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(a) (b) (c)

Figure 2: Fisher Information vs. Betti Numbers. Pre-trained VGG16 adapted to Stanford Dogs dataset. Green/dark
rectangles show selected layers. (a) FI ranking depends on the number of backpropagations over the entire model.
(b) FI ranking depends on the batch of data selected (due to changes in the random seed), with considerable changes
in accuracy in all the cases. (c) Our gradient-free Betti Number ranking of AdaBet, is more consistent across
different batches of data used to select the layers with negligible changes to the overall accuracy.

Figure 3: Layer-wise Betti Numbers computed on acti-
vations of a pre-trained VGG-16 model for Oxford-IIIT
Pets, along with the number of clusters obtained via
DBSCAN on UMAP reduced layer embeddings; both
averaged across 5 independent runs. DBSCAN of the
embeddings shows a similar ranking pattern, but Betti
Numbers offer a more granular ranking of the layers.

capacity of each layer. The important layers are then selected
based on their ranking: layers with higher Betti Numbers are
favored, while those with a larger number of parameters are
penalized in the selection process. Finally, the re-training of
M only updated the selected layers using D.

4.2.1 Betti Numbers & Learning Capacity. Unlike existing
layer selection methods [15, 20] that require at least one
round of backpropagation through all layers, our solution
only looks into the topological features obtained from layers’
activations in the forward pass. Specifically, we choose the
first Betti Number, 𝑏1, of the activations from all layers in any
pre-trainedmodel on a batch of localD as part of our selection
metric. In our observations, the zeroth Betti Number, 𝑏0, has
consistently matched the batch size used during the forward

Figure 4: An overview of AdaBet. First, we estimate
each layer’s learning capacity via Betti Numbers. Sec-
ond, we select themost important layers based on avail-
able compute budget. Third, the re-training of selected
layers inM using the local dataset D.

pass. This is because 𝑏0 represents the number of connected
components in a topological space, and typically, each sample
in a batch forms its own connected component in the output
activation space. On the other hand, the first Betti Number
has been shown to quantify the learning capacity of DNN
layers [8, 43].

Specifically, the first Betti Number, 𝑏1, measures the num-
ber of one-dimensional holes (loops or tunnels) in the output
activation space, and is directly linked to the Rademacher
Average capacity of a layer [9]. Since higher capacity is gen-
erally associated with an increased risk of overfitting, such
layers may be more suitable candidates for fine-tuning. More-
over, Betti Numbers are more robust to small perturbations
and noise applied to the topological space [12]. Since the cal-
culation of Betti Numbers can be done using activations from
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Figure 5: Detailed pipeline of AdaBet during its selec-
tion phase. Here 𝑎𝑖 denotes the activations, 𝑏𝑖1 denotes
the Betti Number 𝑏1 from the activations, 𝑏𝑖1 is the nor-
malized Betti Number and 𝑝𝑖 is the parameters (weights
and biases) of the 𝑖th layer, respectively.

forward propagation of any randomly selected batch from D,
it does not require resource-intensive gradient computations
for backpropagation, and also does not need labels.

4.2.2 Batch size flexibility. Small batch sizes (e.g., 4 samples
at a time) can make Betti Numbers unreliable, because each
small batch gives only a few activation samples. Gradient-
based methods like ElasticTrainer [15] and TinyTrain [20]
also face a similar issue: small batch sizes produce noisier
or less reliable gradient estimates, which can hurt the accu-
racy of their selection criteria. However, since AdaBet only
relies on the forward pass, we can get around this more
easily, as we can run several forward passes, each with a
different mini-batch, and collect all their activations before
computing Betti Numbers. For example, with a batch size 8,
we might do 5 passes to gather 40 activation vectors. Since
Betti Numbers only use forward activations (no gradients or
backpropagation), such“activation pooling” is inexpensive
and manageable with available memory budget. After we
choose which layers to train, we switch back to the original
small batch size for the actual retraining. This way, we get a
more stable layer choice without needing extra memory or
compute.

4.2.3 Adjustment with Layer Types. In most pre-trained ar-
chitectures, the base model with pre-trained weights can be
broken into additional layers or blocks. These models typ-
ically include nested modules that combine both trainable
and non-trainable components. AdaBet iterates through the
model hierarchy, retrieving the activations only from sublay-
ers that contain trainable parameters. Non-trainable layers
such as dropout, pooling, or reshaping layers are excluded

from consideration. Furthermore, in transformer architec-
tures like ViT, all query, key, value, and output linear sublay-
ers within a multi-head self-attention block are treated as a
single layer to reduce the overall complexity and simplify
the selection process for AdaBet.

4.2.4 Balancing Importance and Computation Cost. Al-
though this is not a universal topological law, it is observed
empirically that the first Betti Number, 𝑏1 (which measures
the number of independent one-dimensional holes in the
activation space), tends to be slightly higher in layers with a
larger number of activations [48]. Additionally, in convolu-
tional layers, the memory needed to store activation values
is often significantly greater than that required for storing
the layer’s parameters. For example, by a factor of about 14×
in typical MobileNets [6, 24]. To balance the importance se-
lection with the associated computational cost, we normalize
the computed first Betti Number, 𝑏𝑖1, for each layer 𝑖 , by the
total number of elements in that layer’s activations |𝑎𝑖 |:

𝑏𝑖1 =
𝑏𝑖1
|𝑎𝑖 | (3)

This normalized first Betti Number 𝑏𝑖1 provides a more effec-
tive and cost-aware criterion for selection.We note that Tiny-
Train [20] also normalizes each layer’s Fisher score with the
number of parameters and number of multiply-accumulate
(MAC) operations of that layer, respectively. The summary
of the selection process is also presented in Figure 5.
We define a design parameter 𝜌 ∈ [0, 1] representing

the proportion of layers in M selected for training on the
target dataset D. For instance, 𝜌 = 0.3 means that 30% of
the layers, ranked according to their 𝑏1 values, are chosen
for retraining. A value of 𝜌 = 0 corresponds to inference-
only use, while 𝜌 = 1 indicates full model retraining. This
flexible approach allows AdaBet to take into account the
capabilities of the target device, balancing performance gains
with computational and memory constraints.

4.2.5 Selective Training on Local Dataset. AdaBet performs
on-device fine-tuning of the selected subset of layers using
the local dataset D. Notice that AdaBet can adopt a smaller
batch size during such retraining, even if a larger batch size
was used earlier during the layer selection process via activa-
tion aggregation (see §4.2.2). Moreover, the selective training
approach is agnostic to the learning paradigm and can be
applied in supervised, semi-supervised, or self-supervised
settings. While we make no assumptions about the avail-
ability of labeled data during retraining, in this paper, we
focus on showcasing the benefits of AdaBet in standard su-
pervised retraining scenarios used by our baselines. We leave
the investigation of other paradigms for future work.
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5 Evaluation Setup
Baselines.We compare AdaBet against five baselines:
(1) Full Training: all layers of the DNN parameters are up-
dated using the local dataset.
(2) Vanilla Transfer Learning: only the final layer is updated,
following standard transfer learning approaches [17, 35].
(3) ElasticTrainer: selected layers are updated during re-
training, where selection is done using dynamic program-
ming across multiple rounds of backpropagation [15].
(4) PruneTrain: structured pruning is applied to the DNN
during on-device training to reduce training cost [28].
(5) Fisher Information: layers are selected based on their Fisher
Information scores, which are computed from activations and
gradients obtained in the first backpropagation round [20].
We select 𝜌 = 0.1 (i.e., top 10%) of layers based on FI scores
for re-training; the same default for AdaBet.
Note that baseline (5) differs from TinyTrain [20], which

relies on meta-training. To ensure a fair comparison, we do
not compare with server-based meta-training approaches [6,
20] or compute-intensive selection methods that need neural
architecture search [24]. We believe these approaches, while
valuable, are not practical for constrained devices requiring
efficient and timely model retraining. Furthermore, the code
for TinyTrain [20] is not available, making it challenging to
reproduce their methodology.
DNN Architectures. We evaluate AdaBet across four

widely-used DNNs: (i) Vision Transformers (ViT-B16) [11],
which employs an attention mechanism adopted to vision
tasks and consists of 12 Transformer Encoder blocks, (ii)
ResNet50 [14], a deep model comprising 50 convolutional
blocks with residual connections, (iii) VGG16 [39], which
includes 13 convolutional blocks with small 3×3 convolution
filters, and (iv) MobileNetV2 [38], a lightweight architecture
with inverted residual blocks designed for mobile deploy-
ment. All DNNs are initialized with pre-trained weights from
the ImageNet dataset. These four architectures were chosen
to represent a broad range of design principles. For example,
while ViT requires less memory than MobileNetV2, it suf-
fers from slower on-device inference, which makes it more
challenging for on-device ML [29].
Datasets. As the local dataset D, we use three datasets:

(i) Stanford Dogs [19] with 12,000 training and 8,580 test-
ing images of 120 dog breeds, (ii) Oxford-IIIT Pets [33] with
3,680 training and 3,669 testing images from 37 categories of
pets, and (iii) CUB [46] with 5,994 training and 5,794 testing
images from 200 bird species. (iv) Flowers102 [31] with 1020
training and 6149 test images from 102 flower categories.
To maintain consistency with our primary baseline Elastic-
Trainer [15], prior to selection and training, we resize all the
input images to 224×224 and apply default pre-processing
steps such as centering and random flipping.

Hyperparameters. For MobileNetV2 model on all
datasets we use a learning rate of 1 × 𝑒−4, for all models
on CUB dataset we use a learning rate of 1×𝑒−2, for all other
models and datasets we use a learning rate of 1 × 𝑒−3 and
with the SGDW optimizer [27], a cosine decay momentum
of 0.9, and a weight decay of 5 × 10−4. For all AdaBet ex-
periments, we set 𝜌 = 0.1, unless otherwise specified. The
batch size is set to 8 for all experiments, and the impact
of batch size is separately analyzed in Section 6.3.5. The
codebase is available here: https://github.com/Nokia-Bell-
Labs/efficient_layer_selection.
Libraries and Hardware.We use TensorFlow 2.15 and

TensorFlow Addons 0.23, building on the codebase of Elastic-
Trainer [15]. For topological computations, we employ Ripser
0.6.10 [3, 45], which provides fast andmemory-efficient calcu-
lation of Betti Numbers. Memory computation and profiling
are conducted using benchmarking code adapted from [6, 24].
Our training and evaluation experiments (§6.2–6.3), unless
otherwise specified, are conducted on an NVIDIA Tesla V100
GPU with 16GB of VRAM.

6 Experimental Results
In evaluatingAdaBet against our baselines, we focus on three
key aspects: (i) computational efficiency during retraining,
(ii) classification performance on the target task, and (iii)
the impact of various design choices, including batch size,
normalization strategy, and layer proportion ratio to assess
its real-world applicability at runtime on-device.

6.1 Classification Accuracy
Table 3 presents classification accuracy of AdaBet across four
target datasets and four DNN architectures, comparing our
AdaBet with the SOTA baselines. For each configuration,
classification accuracy is averaged over three independent
runs, totaling 288 runs. Note that all DNNs are pre-trained
on the ImageNet dataset, and in this work, the layers or
parameters selected by each method are further retrained on
the target dataset.
We observe that AdaBet outperforms almost all the base-

lines across model architectures and datasets. With 𝜌 = 0.1,
AdaBet achieves the highest average accuracy (76.26%),
demonstrating its ability to balance performance while
achieving training efficiency (as we report in the next sub-
section). FI-based approaches suffer significantly as they are
often heavily dependent on a separate resource-intensive
meta-training phase to boost the accuracy at runtime [20].
While ElasticTrainer [15] performs competitively, AdaBet
surpasses it across most configurations. Although the CUB
dataset shows lower overall performance across methods due
to its fine-grained nature, AdaBet maintains a competitive
accuracy for this dataset as well.

https://github.com/Nokia-Bell-Labs/efficient_layer_selection
https://github.com/Nokia-Bell-Labs/efficient_layer_selection
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Table 3: Top-1 accuracy of AdaBet with 𝜌 = 0.1 and baselines.

Full
Training

Transfer
Learning

Fisher
Information PruneTrain Elastic

Trainer
AdaBet
(Ours)

ResNet50 70.87 70.01 73.76 66.09 72.55 75.52
VGG16 60.82 61.66 70.17 50.2 66.8 72.09

MobileNetV2 80.47 80.4 80.47 73.31 77.02 81.76
Stanford Dogs
(120 classes)

ViT 86.42 86.16 14.37 82.6 87.79 85.12
ResNet50 86.18 84.63 85.94 86.48 87.54 88.74
VGG16 81.18 85.37 86.56 78.44 34.9 86.14

MobileNetV2 86.95 87.78 87.16 27.3 86.70 89.93
Oxford IIIT Pets

(37 classes)
ViT 93.15 90.21 26.23 90.57 91.96 92.23

ResNet50 34.76 27.13 39.85 28.85 24.37 46.37
VGG16 57.17 58.37 58.77 52.77 15.75 60.30

MobileNetV2 42.35 50.37 42.26 50.05 15.95 46.36
CUB

(200 classes)
ViT 85.73 80.76 62.34 80.22 82.93 79.47

ResNet50 80.56 77.18 79.05 80.45 80.6 81.39
VGG16 61.79 75.83 74.21 33.68 74.86 74.71

MobileNetV2 61.72 30.96 56.22 37.6 37.6 61.5
Flowers102
(102 classes)

ViT 78.66 95.45 13.10 98.12 97.71 98.55
Average 71.79 71.39 59.41 63.35 64.68 76.26

Table 4: Peak memory consumption of baselines and AdaBet during different stages of the process - layer selection
and training. AdaBet consumes upto 75.77% less overall peak memory compared to full training. AdaBet also
consumes lesser peak memory in comparison to other baselines that require backpropagation for layer selection.
Overall peak memory during training for AdaBet is comparable to that of inference and transfer learning.

Peak Selection Memory (MB) Peak Training Memory (MB)
ResNet50 ViT MobileNetV2 VGG16 ResNet50 ViT MobileNetV2 VGG16

Inference N/A N/A N/A N/A 243.04 86.26 315.86 932.21
Full Training N/A N/A N/A N/A 777.12 386.60 373.58 988.77
Transfer Learning N/A N/A N/A N/A 243.30 86.46 316.02 932.27
ElasticTrainer 777.12 386.60 373.58 988.77 299.66 138.05 322.13 969.44
PruneTrain 777.12 386.60 373.58 988.77 777.12 386.60 373.58 988.77
Fisher Information 777.12 386.60 373.58 988.77 270.98 86.27 316.02 932.28
AdaBet (Ours) 243.04 86.26 315.86 932.21 261.78 (↓66.31%) 93.64 (↓75.77%) 318.5 (↓14.74%) 932.45 (↓5.72%)

In summary, AdaBet offers a more robust and ac-
curate alternative to existing on-device retraining
paradigms, consistently improving performance with-
out the need for full model retraining or compute-
expensive gradient-based layer selection. On average,
across all 16 dataset–model pairs, AdaBet achieves +5%
improvement over the second-best baseline.

6.2 Resource Efficiency
6.2.1 Memory Efficiency. Table 4 reports peak memory con-
sumption in MB by the selection step and training step sepa-
rately for all models and baselines. Note that Full Training,
Transfer Learning, and inference do not involve a selection
step, and PruneTrain [28] selects layers regularly throughout
training at frequent intervals. Specifically, for ViT, setting

𝜌 = 0.1 reduces peak memory usage by nearly 76% relative
to Full Training and ElasticTrainer [15]. For ResNet50, the
memory reduction is approximately 66%. Note that these
results are independent of the dataset, since all input images
are resized to 224×224.
These improvements come from the fact that AdaBet by-

passes backpropagation through the entire network, un-
like methods like ElasticTrainer and Fisher Information [6],
which must perform at least one complete backward pass,
which leads to memory requirements comparable to Full
Training. Notably, AdaBet operates with memory usage com-
parable to inference and lightweight Transfer Learning yet
delivers higher accuracy (as shown in Table 3).
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(a) Training time per epoch (b) Selection time

Figure 6: (a) Total retraining time for 1 epoch over all
samples in the on Oxford-IIIT Pets dataset. (b) Layer
selection time on Oxford-IIIT Pets dataset.

In general, AdaBet enables more memory-efficient
retraining, achieving nearly a 40% reduction in peak
memory usage on average across four DNNs.

6.2.2 Training-Time Efficiency. ElasticTrainer [15] fixes the
number of training epochs to ensure timely convergence.
However, this strategy may lead to underfitting depending
on the dataset and model. In Figure 6(a), we report the time
taken per epoch for a fair comparison of training-time effi-
ciency. Specifically, the per epoch training time (in seconds)
is reported on Oxford-IIIT Pets with ResNet50 (left) and ViT
(right). AdaBet consistently reduces per epoch time com-
pared to Full Training and PruneTrain. For example, on the
Oxford-IIIT Pets dataset with ResNet50 and ViT architec-
tures, AdaBet achieves more than a 15% and 7% reduction
relative to Full Training, respectively.
It is worth noting that Fisher Information shows shorter

training times than AdaBet, approaching those of Transfer
Learning. We observe that Fisher Information often selects
the last layers (see Figure 2(a)-(b)), thereby reducing gradient
flow and consequently decreasing overall training time [26].
This results in Fisher Information achieving lower accuracy
than AdaBet, as shown earlier in Table 3.
Overall, AdaBet enables retraining on the local

dataset to be nearly 11% faster than Full Training on av-
erage, while remaining comparable to other baselines,
while offering higher accuracy with a lower memory
footprint.

6.2.3 Selection Efficiency. As summarized in Table 1, layer
selection approaches differ between the ElasticTrainer and
our AdaBet’s strategy. To assess the overhead introduced
by Betti Number computation compared to the importance
calculation and dynamic programming-based selection in
ElasticTrainer, we measure the time required for a single
selection step in both methods.
Figure 6(b) illustrates the time taken for layer selection

on ResNet50 and ViT models using the Oxford-IIIT Pets

Figure 7: (Left) classification accuracy on test set and
(right) training loss of ResNet50 with Flowers102
dataset across baselines and AdaBet with 𝜌 = 0.1.

Figure 8: (Left) accuracy and (right) peak memory con-
sumption of AdaBet under three normalization strate-
gies applied to Betti Numbers. Activation normaliza-
tion (our choice) offers the best trade-off between ac-
curacy and memory usage, particularly under tighter
selection budgets (𝜌 = 0.1).

dataset. Across both architectures, AdaBet requires less time
for the selection step than ElasticTrainer [15]. On ResNet50
AdaBet requires less time for the selection than Fisher Infor-
mation [20], and on ViT AdaBet and Fisher Information [20]
consume comparable time for a single selection step. In Ad-
aBet, time consumption for the selection step is primarily
due to the activation accumulation, which requires multi-
ple forward passes along with Betti number computation,
in contrast to a single forward and backward pass in the
case of Fisher Information [20] and a single forward and
backward pass with dynamic programming in the case of
ElasticTrainer [15]. Notably, since ElasticTrainer requires
periodic selection, the time shown will be scaled by the num-
ber of times this step is executed during training. Similarly,
for Fisher Information, we perform only a single backprop-
agation compared to five forward passes for AdaBet, and
as shown previously (in § 6.1), this single backpropagation
leads to degradation in the overall performance.
In summary, AdaBet is on average 45% faster than

ElasticTrainer[15] for a single layer selection step; how-
ever, since AdaBet performs selection in a single step,
the overall retraining process benefits from improved
performance.
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(a) (b)

Figure 9: (a) Layers selected by AdaBet with varying 𝜌 . (b) Layers selected by AdaBet from a model before any
training updates (epoch 0), from a partially trained model (epochs 1 and 15), and a trained model (epoch 30)

6.2.4 Convergence. Training dynamics are shown in Fig-
ure 7, with test accuracy (left plot) and training loss curves
(right plot) over 50 training epochs of ResNet50 on the
Oxford-IIIT Pets dataset. ElasticTrainer shows the fastest con-
vergence and ultimately matches the final accuracy achieved
by AdaBet, while Full Training converges slowly and to a
lower accuracy. Transfer Learning, which only updates the
final layers, converges slowly and yields the lowest accu-
racy, highlighting the importance of informed layer selec-
tion. Fisher Information performs just better than Transfer
Learning.
Although ElasticTrainer initially converges quickly for

training loss, AdaBet achieves a lower final loss, indicating a
better fit. In contrast, Full Training yields higher loss values,
and Transfer Learning shows the slowest reduction with the
highest final loss.
Overall, the training dynamics of AdaBet demon-

strate a balance between fast convergence, lower loss,
and competitive accuracy.

6.3 Ablation Studies on AdaBet
To examine our motivations and design choices, we con-
duct some ablation studies across factors influencing the
efficiency and performance of AdaBet. In particular, we an-
alyze the impact of normalization strategies, the impact of
the parameter 𝜌 , and batch size.

6.3.1 The Impact of Normalization. Betti numbers capture
the topological characteristics of activations, reflecting a
layer’s learning capacity. However, without normalization,
layers with a larger number of activations naturally yield
higher Betti numbers, making direct comparisons mislead-
ing. As discussed before, we normalize the Betti Numbers
before layer selection to address this bias (see §4.2.4). Here,

we compare our normalization strategy with two other alter-
natives: (i) no normalization, and (ii) normalization by the
number of trainable parameters (weight size).
Figure 8 compares the accuracy (left) and peak memory

consumption (right) of ResNet50 across these normaliza-
tion strategies for two values of 𝜌 on Stanford Dogs dataset.
Normalizing by activation size achieves the best trade-off,
leading to higher accuracy and lower memory consumption.
In contrast, weight normalization degrades accuracy, par-
ticularly at 𝜌 = 0.1, while increasing peak memory usage.
Activation normalization improves the performance, con-
firming its suitability for efficient layer selection.

6.3.2 Selection across Different Budgets. In Figure 9(a), we
show a visualization of the layers selected by AdaBet as
we vary the resource-budget parameter 𝜌 across ResNet50
on Oxford-IIIT Pets. As 𝜌 decreases, AdaBet consistently
prioritizes a subset of layers, particularly those critical for
maintaining performance under constrained budgets. In par-
ticular, the same core set of important layers (both early
and late) remains selected even under tight budgets. In this
way, AdaBet achieves a better balance: it identifies the most
important layers across models and datasets, yet fine-tunes
its selections to meet predefined resource constraints.

6.3.3 Selection across Training Epochs. Figure 9-b, illustrates
the dynamics of layer selection by AdaBet across different
training stages on ResNet50 and Oxford-IIIT Pets. At epoch 0
(before any training updates), AdaBet already shows a selec-
tion pattern similar to epoch 1 and epoch 15. The distribution
of selected layers shows that certain layers are consistently
selected while others are skipped, indicating that AdaBet
consistently keeps the focus on layers that contribute more
effectively to learning.

6.3.4 The Impact of 𝜌 . We evaluate how varying the layer
selection parameter 𝜌 , which determines the proportion of
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Figure 10: Accuracy, peak memory consumption, selection time, and training time per epoch of ResNet50 in AdaBet
with varying 𝜌 .

Figure 11: Accuracy, peak memory consumption, selection time, and training time per epoch of ResNet50 in AdaBet
with varying batch size.

Figure 12: Performance of AdaBet using VGG16 with
increasing number of data batches (each of size 8) accu-
mulated during selection on Oxford-IIIT Pets dataset.

layers updated during retraining, affects the classification
performance and peak memory usage of AdaBet. Figure 10
presents results for ResNet50 plotting classification accu-
racy on Stanford Dogs dataset, peak memory consumption,
selection time, and time per epoch as a function of 𝜌 . As
𝜌 decreases, AdaBet trains a smaller subset of the model
layers, leading to a substantial reduction in peak memory
usage. For instance, at 𝜌 = 0.1, memory consumption drops
by approximately 65% for ResNet50, relative to full-model
training (𝜌 = 1.0). This confirms that our layer selection is an
effective strategy for lowering the computational overhead

of on-device training. In terms of classification accuracy, the
models exhibit stability as 𝜌 decreases.

In terms of time, as 𝜌 decreases, AdaBet selects and trains
a smaller subset of the model layers, leading to an approxi-
mately 30% reduction in selection time and approximately
45% reduction in training time per epoch for ResNet50, rela-
tive to full-model training.
Overall, AdaBet enables an effective trade-off between

memory efficiency, time consumption, and model accuracy
through the tunable 𝜌 parameter. These results highlight the
potential of partial layer retraining for efficient learning.

6.3.5 Impact of Batch Size. Figure 11 presents a performance
study of AdaBet under varying batch sizes, evaluating its
effect on accuracy, memory usage, selection time, and per-
epoch training time. We observe that AdaBet maintains high
accuracy across all configurations, with only a slight drop
as batch size decreases beyond 8. This stability underscores
its robustness to batch size variation—an important trait for
practical deployment. Memory consumption, as expected,
grows significantly with batch size, with a sharp increase
beyond 8. This reinforces the importance of using smaller
batch sizes for on-device scenarios, where memory resources
are typically constrained.
Interestingly, while Betti Number estimations are gen-

erally expected to benefit from larger batch sizes due to
better topological representation, we do not observe such
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a trend here. This is attributed to the accumulation strat-
egy employed in AdaBet (see § 4.2.2), wherein activations
from multiple smaller batches are aggregated to form an
adequate batch size of 40 for layer selection. This allows
us to retain the topological richness of larger batches while
remaining within device constraints. Notably, the retraining
phase continues to use the original smaller batch size.
Selection time across batch sizes decreases steadily until

batch size 16, after which the accumulation strategy consid-
ers the input batch size as such to form an effective batch
of size approximately 40 for selection. Beyond a batch size
16, the accumulation strategy fixes it at 16 to counter the
memory consumption with increasing batch size. This effect
can be observed at the constant selection time beyond batch
size 16. Meanwhile, the time per training epoch decreases
steadily with increasing batch size, following standard mini-
batch processing behavior. Overall, these results validate that
AdaBet is compatible with small-batch operation and per-
forms reliably under varying resource budgets, with minimal
accuracy degradation and strong efficiency characteristics.

6.3.6 The Impact of Batch Accumulation during Selection. To
counter Betti Number’s dependence on the volume of data
used for its computation, AdaBet uses activation aggregation
(see Section 4.2.2). To find the ideal number of data batches
required for AdaBet, we run an ablation study as shown
in Figure 12. We observe that as the number of batches in-
creases, the performance increases until activations from
5 batches are accumulated for betti computation and layer
selection. Beyond 5, the performance remained almost the
same with consistent layer selection. This shows that AdaBet
requires an aggregated equivalent of 5 batches with a batch
size of 8 each to capture robust layer importance and select
layers to achieve optimal performance.

7 Discussion and Future Works
We show the feasibility of gradient-free layer selection
through topological analysis of activations, and our results
show clear efficiency gains and competitive accuracy across
diverse vision models. Yet, the current design makes some
simplifying assumptions that limit its scope. This section dis-
cusses key areas where AdaBet can be extended and refined.
1. Hardware-aware Selection Mechanism: The cur-

rent selection approach designed in AdaBet depends only
on normalized Betti Numbers, which capture representa-
tional complexity but ignore device-level details. In practice,
resource profiles can vary significantly across different hard-
ware platforms. For example, some layers that appear light-
weight on GPUs can be bottlenecks on microcontrollers or
microprocessors due to activation storage or memory band-
width [25]. Future work could integrate Betti-based ranking
with profiling of FLOPs, latency, and energy costs, allowing

selection policies to adapt to hardware-specific constraints.
Such hardware-aware co-design would ensure that AdaBet
not only identifies expressive layers but also aligns with the
computational capabilities of the target platform.

2. Extension to Ubiquitous Sensing Applications: Ad-
aBet is currently evaluated on vision benchmarks, yet its
reliance on forward-pass activations makes it particularly
suitable for domains where gradients are costly or labels
are scarce. This, in particular, is useful for applications that
heavily involve time-series data like audio, sensor data, or
physiological data obtained from mobile and wearable de-
vices, as these modalities often face severe annotation and
computational challenges. AdaBet can provide lightweight
adaptation without sacrificing privacy in these cases. We en-
vision extending AdaBet to such modalities to demonstrate
its versatility and practical relevance for edge scenarios in
health monitoring and ubiquitous sensing.
3. Impact of Distribution Shifts: AdaBet performs a

single selection step before retraining and shows highly
accurate adaptation to diverse runtime datasets. Real de-
ployments, however, can often involve gradual or abrupt
distribution shifts. This can impact the computation of Betti
Numbers and subsequently the ranking. In the following
versions of AdaBet, we intend first to investigate the im-
pact of distribution shifts on topological features like Betti
Numbers and the final ranking mechanism. Such an in-depth
study will help us understand the performance of AdaBet in
real-world noisy environments.

4. Granularity of Selection: AdaBet currently operates
at the granularity of whole layers. This is inherently due
to layerwise activations for computing the Betti Numbers.
While effective, this limits flexibility compared to tensor-level
selection approaches such as ElasticTrainer [15]. Extending
AdaBet to compute topological signals at finer levels would
require carefully choosing a topological feature that can be
computed at a tensor level. By acknowledging this limitation,
we position AdaBet not as a final solution but as a foundation
for future topology-guided methods that are highly efficient
both during selection and training.

8 Conclusion
We introduce AdaBet, a gradient-free layer selection method
for efficiently adapting pre-trained ML models to target lo-
cal datasets. AdaBet utilizes topological features of activa-
tion outputs, specifically the first Betti number, to quantify
the representational capacity of DNN layers and identify
the most important layers for retraining. Evaluations on
benchmark models and datasets demonstrate that AdaBet
consistently outperforms state-of-the-art baselines. Across
16 dataset–model pairs, it achieves an average +5% gain in
classification accuracy while reducing peak memory usage
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by 40%. These results highlight AdaBet as a practical solution
for efficient and privacy-preserving on-device retraining of
ML models in resource-constrained environments.

While AdaBet demonstrates the feasibility of gradient-free
layer selection via topological analysis of activations, several
open directions remain. In particular, opportunities exist
to incorporate hardware-aware selection policies, extend
beyond vision benchmarks to ubiquitous sensing domains,
account for distribution shifts in real-world deployments,
and refine the granularity of selection beyond layers.
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