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Abstract. The scarcity of well-annotated medical datasets requires lever-
aging transfer learning from broader datasets like ImageNet or pre-trained
models like CLIP. Model soups averages multiple fine-tuned models aim-
ing to improve performance on In-Domain (ID) tasks and enhance ro-
bustness on Out-of-Distribution (OOD) datasets. However, applying these
methods to the medical imaging domain faces challenges and results in
suboptimal performance. This is primarily due to differences in error
surface characteristics that stem from data complexities such as het-
erogeneity, domain shift, class imbalance, and distributional shifts be-
tween training and testing phases. To address this issue, we propose
a hierarchical merging approach that involves local and global aggre-
gation of models at various levels based on models’ hyperparameter
configurations. Furthermore, to alleviate the need for training a large
number of models in the hyperparameter search, we introduce a com-
putationally efficient method using a cyclical learning rate scheduler
to produce multiple models for aggregation in the weight space. Our
method demonstrates significant improvements over the model soup-
ing approach across multiple datasets (around 6% gain in HAM10000
and CheXpert datasets) while maintaining low computational costs for
model generation and selection. Moreover, we achieve better results on
OOD datasets compared to model soups. Code is available at https:
//github.com/BioMedIA-MBZUAI/FissionFusion.

Keywords: Model Soups · Medical Image Analysis · Model Merging ·
Transfer Learning

1 Introduction

Deep learning (DL) has emerged as the de facto standard for various computer
vision tasks, consistently achieving state-of-the-art performance. A pivotal con-
tributor to this success lies in the availability of pre-trained models. In recent
years, a well-established paradigm has emerged: pre-training models on large-
scale data, such as ImageNet [5] followed by fine-tuning on target tasks with
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Fig. 1: The validation error on a two-dimensional slice of the error landscapes
for various natural and medical domain datasets following [7]. (a) CIFAR-10
[14] (b) CIFAR-100 [14] (c) FGVC-Aircrafts [17] (d) RSNA Pneumonia [28]
(e) APTOS [13] (f) HAM10000 [32]. We employ the 3 best-performing models
from the validation set, with the best model serving as the reference (origin).
(a-c) are characterized by smoothness and convexity, whereas (d-f) exhibit pro-
nounced roughness. The roughness and presence of multiple local minima in
loss surfaces of medical datasets are attributed to various intricacies inherent in
medical data, including data heterogeneity, domain shift from pre-trained (Im-
ageNet) networks, class imbalance, and distribution shift between the training
and testing phases.

limited training data [21,22]. This strategy has proven particularly effective in
domains with constrained data availability, such as medical imaging. The scarcity
of annotated medical datasets, coupled with the challenges of data acquisition
and ethical considerations, highlights the importance of transfer learning from
large-scale datasets. Although public data in medical imaging is increasing, it
is usually smaller in size compared to natural image datasets, which has led
to the widespread adoption of transfer learning from ImageNet [5], to improve
performance on medical tasks [20,23,29].

The common practice in transfer learning is to adapt a pre-trained model
to a downstream task by fine-tuning. This involves conducting a grid search
to explore various hyperparameter combinations and selecting the model that
performs best on the validation set. Another approach is employing ensemble
techniques [6], where multiple models are utilized simultaneously, albeit at the
expense of increased computational and memory requirements, especially at in-
ference time. Recent research by [25] has noted that fine-tuned models optimized
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independently from the same pre-trained initialization often converge to similar
error basins. A previous work [10] has demonstrated that averaging weights along
a single training trajectory can enhance model performance in non-transfer set-
tings. Motivated by these observations, [34] proposed model averaging - Model
Soups (MS) as an alternative approach to ensembles, aiming to derive a single
model that achieves a good performance in terms of accuracy and inference time
on In-Domain (ID) as well as Out-of-Distribution (OOD) datasets. They show
that averaging several fine-tuned models trained with different hyperparameter
settings results in a better model. This method is particularly effective in sce-
narios with natural imaging datasets or those without significant domain shifts.
Several other works have improved upon the model merging concept by adopting
Fisher-based weight averaging [19], Task Arithmetic [8], Pruning [37], Gradient-
based Matching [3], Tie-Merging [35], and FedSoups [1] for Federated Learning
setting. Unlike ensembles, [34,8,37] as well as our work, require only one model
for inference. This is especially important in hospital settings, where compute
resources are often limited, such as portable ultrasound devices.

However, complexities arise when dealing with medical datasets. As illus-
trated in Fig. 1, a significant contrast arises between the error surfaces of natural
imaging datasets (a-c) and those of medical datasets (d-f). The presence of mul-
tiple local minima in (d-f) result in challenging optimization landscapes, where
models are prone to getting stuck in local minima. Consequently, the effectiveness
of model averaging is compromised, often leading to subpar performance out-
comes. Few works have adopted model souping for medical datasets[30,36,16,18].
Most of these studies have applied uniform or greedy souping to few models, and
the majority have not explored or analyzed model souping from the perspective
of error surfaces. Additionally, the process of model averaging typically involves
training multiple models with different hyperparameter settings, which can be
computationally intensive. In contrast to previous research, our work focuses on
computationally efficient model generation and averaging in a transfer learning
context, especially addressing domains that experience significant shifts.

In Model Soups [34], the process of fine-tuning consists of two main steps: (1)
Model generation - fine-tuning models with various hyperparameter configura-
tions, and (2) Model selection - selecting the model with the highest accuracy on
the held-out validation set and then performing either uniform or greedy soup-
ing. Our study explores the challenges associated with both steps in the medical
image analysis domain. Drawing from insights in [25] and [7], we propose a Fast
Geometric Generation (FGG) approach to generate models with minimal com-
putational overhead. Additionally, we address the model selection process by
introducing Hierarchical Souping (HS), which is better suited for medical data
because of the aforementioned complexities. Our key contributions are as follows:

– We propose Fast Geometric Generation (FGG) approach, which uses
cyclical learning rate scheduler in the weight space for efficient model gener-
ation. This approach achieves superior results compared to model soups at
a lower computational cost.
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Fig. 2: An illustration of (a) Loss landscape of fine-tuned models (b) Fast Ge-
ometric Generation(FGG) approach using cyclical learning rate scheduler (c)
FGG and the Hierarchical Souping (HS) approach.

– We introduce a novel selection mechanism - Hierarchical Souping (HS),
tailored specifically for the medical image analysis domain, which performs
model averaging at different levels.

– We comprehensively analyze model souping across various datasets in both
natural and medical domains. We demonstrate that the combination of FGG
and HS for selection significantly enhances results, improves robustness, and
increases generalization to out-of-distribution datasets.

2 Methodology

Let Dtrain = {(xi, yi)}Ni=1 denote the training dataset where xi ∈ Rd represents
the input data and yi ∈ {1, 2, . . . , C} denotes the corresponding label from a set
of C classes. Similarly, let Dval = {(xj , yj)}Mj=1 be the validation dataset. We
adapt a pre-trained model to our task by performing linear probing for a few
epochs as a warm-up step, where we only update the weights of the last layer
while freezing the rest of the model. Let θ0 denote the parameters of the linear
probed model. As mentioned above, the souping procedure involves two main
steps (1) Generation of the models by fine-tuning (2) Selection of models that
perform best on the Dval. The illustration of our proposed approaches (FGG and
HS) can be seen in Fig. 2.

Fast Geometric Generation (FGG). We design FGG to generate a range of
diverse neural networks while navigating through the weight space taking small
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steps. The primary objective is to explore variations in network weights without
straying into regions likely to lead to low test performance. Instead of employing
the conventional hyperparameter grid search, we opt for a more focused strategy.
In FGG, we only iterate through a single hyperparameter i.e. (learning rate),
and the rest of the hyperparameters are kept constant. This helps to reduce the
hyperparameter search space and the computational cost.

In FGG, we start with θ0 as an initialization and fully train the model using
n different learning rates, resulting in a set of parameters Θ = {θ1, . . . , θn}. After
obtaining Θ, we implement the fission process. We initialize the weights θt ∈ Θ,
and carry out a second training process for a set of iterations I = {1, . . . , k} to
generate a set of parameters Θ̂ = {θ̂1, . . . , θ̂m}. During this, we employ a learning
rate scheduler to cyclically change the learning rate every cycle c, where c is
defined as a set of number of iterations and is an even number. This encourages
θt to diverge from its initialization, while maintaining validation accuracy. We
use a function α(i) to control the learning rate at iteration i ∈ I as follows:

α(i) =

{
α2.(2t(i)) + α1(1− 2t(i)) if 0 < t(i) ≤ 0.5,

α1.(2t(i)− 1) + α2(2− 2t(i)) if 0.5 < t(i) ≤ 1,

where t(i)= 1
c (mod(i− 1, c) + 1), α2 and α1 (α2 ≤ α1) are hyperparameters

used to control the minimum and maximum learning rates, respectively. Using
α(i), we train the network θt to form the new set of parameters Θ̂, where each
θ̂ ∈ Θ̂ is the model parameters when the learning rate reaches its minimum
value, α(i) = α2. This occurs at the point where mod(i − 1, c) + 1 = c

2 and
t(i) = 1

2 . We follow this training process for every θt ∈ Θ, which results in a
{Θ̂1, . . . , Θ̂n} .

During high learning rate intervals (close to α1), the weight θt traverses the
weight space with larger strides, potentially leading to higher test error. Con-
versely, in low learning rate episodes, θt transitions to smaller steps, reducing
test error. This mechanism facilitates incremental movements in weight space,
aiding models in evading local minima. Additionally, it gathers diverse models
for averaging, reducing the necessity for an extensive grid search. To summarise,
fission process starts from the base models (each trained with a different learn-
ing rate). Then, we cyclically vary the LR, generating multiple models for each
base model. This process helps models escape several local minima in rough loss
surfaces and generate more generalizable models, facilitating easier model aver-
aging (Fusion using HS).

Hierarchical Souping (HS). In [34], the greedy souping approach outperforms
uniform averaging by sequentially adding models to the soup if they improve
accuracy on Dval. This approach can yield suboptimal results when the best
model is stuck in a local optimum because of the uneven error surface caused due
to domain shift. To solve this, we propose Hierarchical Souping, where models
are merged at different levels. Starting from the parameter sets Θ and Θ̂ acquired
during the FGG phase, we adopt a local souping approach where the generated
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models {Θ̂1, . . . , Θ̂n} are averaged along with the corresponding initialization θt
(greedy or uniform i.e. θ̂spt

= 1
m+1 [

∑m
i=1 θ̂

i
t + θt] ) at different levels resulting in

{θ̂sp1
, θ̂sp2

, . . . , θ̂spn
} and a greedy averaging technique is used at the top level

giving θsp (GoG refers to Greedy at all levels whereas GoU refers to Greedy
at the top level and Uniform at the lower levels). This approach also known
as fusion enables networks to escape local minima at the lower levels by local
aggregation, giving a good subset of generalizable models that can be averaged
in a greedy manner at the top level.

3 Experiments

Implementation Details. Our research investigates two model architectures:
DeiT-B (Transformer) and ResNet50 (CNN), both pre-trained on ImageNet.
We conduct a 10-epoch warmup with the entire network except the last layer
frozen (θ0). After unfreezing the entire model, we perform full fine-tuning using
the LP-FT approach [15]. We use the AdamW optimizer with a cosine annealing
scheduler for 50 epochs, a batch size of 128, and an image resolution of 224×224.

For model soups experiments, we conduct a grid search over learning rates,
seeds, and augmentations similar to [34]. The learning rates (LR) are (1e-3, 5e-4,
1e-4, 5e-5, 1e-5, 5e-6, 1e-6, 1e-7), and augmentations include minimal (random
crop covering 90-100% of image), medium (default timm library settings [33]),
and heavy (RandAugment with N = 2,M = 15) [2]. Each hyperparameter
configuration is run with two seeds, resulting in 48 base models [34].

For our method, we vary only the learning rate, fine-tuning eight models ini-
tially with heavy augmentation and a fixed seed. In the Supplementary Material,
we analyze the learning rate as a top-level hyperparameter using Linear Mode
Connectivity (LMC) in Fig. 1. LMC (θ = λ·θA+(1−λ)·θB) between two models
θA and θB generated during GS is analyzed by varying λ and calculating per-
formance at θ for each model pair. Ideally, LMC should be an inverted parabola
or a straight curve if models are in the same basin. We observe that changing
seed and augmentation yield smooth curves (models with large differences cause
drops in F1), while LR variations result in erratic patterns and significant F1
drops, indicating models lie in different basins. This suggests LR is crucial in
guiding models to specific basins, while other hyperparameters aid in converging
to global optima. [34,24] also support LR as a critical hyperparameter.

All experiments use the AdamW optimizer with a cyclical learning rate sched-
uler, where the learning rate ranges between α1 = 1e− 5 and α2 = 1e− 8. From
each base model, we generate five models using FGG, resulting in a total of 48
models. We train the eight initial models for 50 epochs, then perform the second
stage training process (FGG) for 17 epochs (4 epochs per cycle) with a cyclical
learning rate, collecting a total of five models per base model.

Datasets. For the primary experiments, we consider two natural imaging
domain datasets and five medical domain datasets. We use CIFAR10 [14] and
CIFAR100 [14], partitioning the training dataset into train/validation sets in
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Table 1: Performance comparison of different methods. (GS (best) - best model
on the validation set from Grid Search, FGG(best) - best model on the validation
set from Fast Geometric Generation, GoU - Greedy of Uniform, GoG - Greedy
of Greedy), Bold numbers mean best and underlined are the second best
Model Method

CIFAR10
(Acc.)

CIFAR100
(Acc.)

APTOS
(F1)

HAM10000
(Recall)

RSNA
(F1)

CheXpert
(AUC)

EyePACs
(F1)

R
es

N
et

50

GS(best) 0.9769 0.8380 0.7086 0.6074 0.9444 0.8444 0.4750
Uniform Soup 0.8703 0.7652 0.5509 0.5698 0.9171 0.5752 0.1738
Greedy Soup 0.9769 0.8401 0.7247 0.6074 0.9444 0.8444 0.4750

FGG(best)(Ours) 0.9783 0.8464 0.7172 0.6614 0.9518 0.8434 0.4874
GoU (Ours) 0.9785 0.8457 0.6909 0.6818 0.9545 0.8351 0.4905
GoG (Ours) 0.9785 0.8477 0.7172 0.6614 0.9518 0.8488 0.4900

D
ei

T
-B

GS(best) 0.9871 0.8919 0.6903 0.6487 0.9503 0.8143 0.4807
Uniform Soup 0.9386 0.8551 0.1637 0.1429 0.4147 0.7177 0.1697
Greedy Soup 0.9892 0.8968 0.6785 0.6487 0.9503 0.8068 0.4865

FGG(best)(Ours) 0.9876 0.8963 0.7011 0.6393 0.9529 0.8619 0.5029
GoU (Ours) 0.9899 0.8968 0.6976 0.6495 0.9579 0.7609 0.4903
GoG (Ours) 0.9901 0.8987 0.7003 0.6393 0.9529 0.8644 0.4940

a 90%:10% ratio. We utilize the official test split provided. For the CheXpert
[9] and HAM10000 [32] datasets, we adhere to the official train/validation/test
splits. For APTOS [13], EyePACs [12], and RSNA-Pneumonia [28,27] datasets,
we split the data into train/validation/test sets in an 80%:10%:10% ratio, given
that only the training dataset was publicly available. Notably, all datasets are
multiclass, except CheXpert, which is a multilabel dataset. For the OOD exper-
iments, we consider the CIFAR10.1 [26,31] having 2000 test samples from the
natural imaging domain. For the medical imaging domain, we use the Messidor
and Messidor-2 [4] datasets, sampling 10% of the data for the test set. We also
use the MIMIC-CXR [11] dataset and follow its official test split.

4 Results and Discussion

Table 1 shows that our method achieves better results in both natural and
medical imaging domains. Different classification metrics were chosen for dif-
ferent datasets, as they are the metrics of interest used for those datasets [21,?].
In CIFAR datasets, GoU and GoG achieve better results than model soups,
though it is insignificant due to the smooth convex error surface. However, in
medical datasets, we observe around 6% improvement in Recall (GoG) for the
HAM10000 dataset (ResNet50) and around 6% gain (GoG) in AUC (DeiT-B)
for the CheXpert dataset. Both GoU and GoG approaches achieve similar results
except for CheXpert (DeiT-B), where GoU lags behind GoG. GoG consistently
outperforms Greedy Soup in almost all cases and at a significantly lower compu-
tational cost, as we do not perform a full grid search. Model soups GS requires
2400 epochs to generate 48 models (50 epochs each), whereas our FGG requires
536 epochs (8×50 + 8×17), four times less than GS. The time per epoch is the
same in both settings. Unlike ensembles, we hierarchically average model weights
to get one model without incurring additional inference or memory costs.
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Fig. 3: OOD analysis for different architectures on various datasets (a) CIFAR10
v/s CIFAR10.1 - ResNet50 (b) CheXpert v/s MIMIC - ResNet50 (c) APTOS
v/s (EyePacs, Messidor, Messidorv2) - ResNet50 (d) CIFAR10 v/s CIFAR10.1 -
DeiT-B (e) CheXpert v/s MIMIC - DeiT-B (f) APTOS v/s (EyePacs, Messidor,
Messidorv2) - DeiT-B. We do not plot the results of Uniform Soups as it performs
poorly.

Greedy soups do not perform as expected when fine-tuning on medical datasets
due to uneven error surfaces. For example, for DeiT-B on the CheXpert dataset,
the best model has a high validation score but a low test score, indicating poor
generalization. The FGG process overcomes this issue by escaping numerous local
minima, while acquired models cluster around the same area in the error sur-
face, facilitating smoother averaging. Local averaging in the HS approach allows
smoother averaging at local surfaces and greater diversity at the top level. We
conduct an ablation study in Table 1 in the Supplementary Material exploring
greedy souping on FGG models and HS on grid-search generated models.

OOD Analysis. We conduct an analysis on OOD scenarios for both natural
and medical domain datasets. Performance comparison of souped models on
OOD data is important as averaged models should demonstrate robustness to
distribution shifts [34]. In Fig. 3, we compare the performance of various ap-
proaches in both ID and OOD datasets, where the top five models are selected
based on validation set results. In almost all cases, GoU or GoG yields similar
or better results than greedy soups in ID and OOD tasks at a much lower com-
putational cost. Our approach results in higher ID and OOD performance gains,
particularly for medical imaging datasets, attributed to the FGG approach aid-
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ing models in escaping local minima. HS also contributes by facilitating easier
averaging between models in the error surface.

5 Conclusion

This work investigates challenges associated with model averaging in transfer
learning settings, particularly in medical imaging domain where significant do-
main shifts can occur. To address this, we introduce Fast Geometric Generation
(FGG) leveraging hyperparameter significance and a cyclical learning rate sched-
uler. Moreover, we propose a Hierarchical Souping mechanism, which involves
averaging models at different levels based on the smoothness of the error sur-
face and hyperparameter significance. The proposed generation and selection
methodologies yield notable performance enhancements compared to the tradi-
tional model souping approach. While our work achieves improved results, we
observe instances where models from grid search occasionally outperform av-
eraged models due to very rough error landscapes. This suggests a potential
improvement for enhancing generalizability by smoothing the error surface, an
aspect we plan to focus on in future endeavors.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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