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Figure 1: Evolution of activations (act.) in standard neural networks (first row, ResNets) and of continuous ODE-defined neural
networks (second row, the Res-ODE network Chen et al. [9], and, third row, the ODE-only net [6]) through depth. Gray boxes
indicate residual blocks. The plots illustrate a possible evolution of a specific activation.

ABSTRACT
In the last years, content-based image retrieval largely benefited
from representation extracted from deeper and more complex convolutional neural networks, which became more effective but also
more computationally demanding. Despite existing hardware acceleration, query processing times may be easily saturated by deep
feature extraction in high-throughput or real-time embedded scenarios, and usually, a trade-off between efficiency and effectiveness
has to be accepted. In this work, we experiment with the recently
proposed continuous neural networks defined by parametric ordinary differential equations, dubbed ODE-Nets, for adaptive extraction of image representations. Given the continuous evolution of
the network hidden state, we propose to approximate the exact feature extraction by taking a previous "near-in-time" hidden state as
features with a reduced computational cost. To understand the potential and the limits of this approach, we also evaluate an ODE-only
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architecture in which we minimize the number of classical layers
in order to delegate most of the representation learning process —
and thus the feature extraction process — to the continuous part of
the model. Preliminary experiments on standard benchmarks show
that we are able to dynamically control the trade-off between efficiency and effectiveness of feature extraction at inference-time by
controlling the evolution of the continuous hidden state. Although
ODE-only networks provide the best fine-grained control on the
effectiveness-efficiency trade-off, we observed that mixed architectures perform better or comparably to standard residual nets in
both the image classification and retrieval setups while using fewer
parameters and retaining the controllability of the trade-off.
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1

INTRODUCTION

Deep neural networks and data-driven deep-learned features currently represent the state of the art for creating effective representations of perceptual data, such as images. The last years witnessed an
increasing research effort on building more and more performing
representations for multimedia data, that generally lead to the design of deeper and more complex models [16, 18, 36]. In the context
of content-based image-retrieval and transfer learning in general,
desirable properties of image representations include effectiveness
— i.e. the ability to represent complex semantics conveyed by the
image in a convenient vector form — and computational efficiency.
With the advancement of deep neural networks, the former has
been successfully increased, closing the so-called semantic gap between data and its representation, while for the latter, an increasing
computational horsepower is required as networks get deeper.
Despite hardware acceleration, the significant computational
budget can be problematic in high-throughput or real-time image
retrieval scenarios, such as web-scale image similarity search or realtime face verification, in which the query processing time can easily
dominate the system efficiency, e.g. as power or time consumption
concerns. In most of the cases, a trade-off has to be accepted by
decreasing processing times while accepting some performance
degradation: depending on the available time budget, we could
resort to less performing but simpler models and optionally perform
additional computations, e.g. query augmentation or expansion.
In a NeurIPS 2018 best paper, Chen et al. [9] proposed a neural
network formulation with continuously evolving hidden states that
may provide a more natural way to control this trade-off in dynamic
load conditions. In this novel network architecture, dubbed ODENet, the evolution of a hidden state is defined by a parametric
ordinary differential equation (ODE) that can be numerically solved
by invoking an ODE solver (see Figure 1). Chen et al. [9] also showed
that we can approximate the gradients with respect to the input and
the parameters of the ODE-governed hidden state with constant
memory cost using the adjoint method, making possible to train
the hidden dynamics for complex tasks such as image classification.
Using an adaptive ODE solver, the computation needed to find
the final hidden state is automatically adjusted depending on the
complexity of the dynamics induced by the specific input.
In this work, we investigate the use ODE-Nets to extract image representation (to the best of our knowledge we are the first)
and propose a novel approach to dynamically controlling the
effectiveness-efficiency trade-off at inference time. Thanks to feature continuity, we show that by early stopping the evolution of
the hidden state, we can approximate extracted features obtaining a lower computational cost while expecting only a marginal
loss in accuracy. We analyze the image representation extracted
and evaluate them in an image retrieval scenario. Moreover, we
evaluate an ODE-dominated architecture, dubbed ODE-Only Net,
in which most of the image processing, from low-level to highlevel feature extraction, is defined by a single ODE. We show that

ODE-Nets achieve a performance comparable with standard residual networks while offering a more fine-grained control on the
effectiveness-efficiency trade-off1 .
The rest of the paper is organized as follows. Section 2 provides
background on ordinary differential equations, residual network
and ODE-Nets. Section 3 reviews work related to ODE-inspired
neural networks and image retrieval based on neural image representations. In Section 4, we propose our approach to learn and
extract ODE-defined image representations representations, and
in Section 5, we describe the experimental evaluation and discuss
results. Section 6 concludes the paper.

2 BACKGROUND
2.1 Ordinary Differential Equations
Given an independent variable t and a function y(t) = y, an ordinary differential equation (ODE) of order n is an equation including
a function F of t, y, and its derivatives up to the n-th one


dn y
dy d2 y
(1)
F t, y, , 2 , . . . , n = 0 .
dt dt
dt
In the case of explicit ODEs in which the highest-order derivative
of y can be isolated, an n-order equation can be reduced to a system
of n first-order ODEs that can be written in vector format as
dh(t)
= f (h(t), t) , with
dt


(2)
dy
dn−1 y
h(t) = y, , . . . , n−1 ,
dt
dt
where t is the independent variable (time), f : Rn × R → Rn is a
vector-valued function defining the dynamics, and h(t) is the vector
solution to the equation.
Given the initial-value problem


 dh(t) = f (h(t), t)

,
(3)
dt

 h(t 0 ) = ht0

we can find the solution at time t 1 by integration
∫ t1
∫ t1
dh(t)
dt = h(t 0 ) +
f (h(t), t) dt .
h(t 1 ) = h(t 0 ) +
dt
t0
t0

(4)

The simplest algorithm to numerically solve ODEs is the Euler
integrator
h(t + ∆t) = h(t) + ∆t f (h(t), t) ,
(5)
which is derived by taking a rectangular approximation of the integral in Equation (4) for small time steps ∆t. More complex classical
ODE solvers include the family of Runge-Kutta and linear multistep methods that provide a more accurate solution for equivalent
step sizes ∆t and additional features, e.g. adaptive step size.

2.2

Residual Nets and ODE-Nets

A residual network [16] (ResNet in brief) is a deep neural network
in which each t-th layer computes a displacement to be added to
its input ht to produce its output ht +1
ht +1 = ht + f (ht , θ t ) ,
1 The

(6)

code for reproducing the experiments is available at https://github.com/
fabiocarrara/neural-ode-features.

where f is the function parametrized by θ t which produces the update, e.g. usually any combination of convolutional, normalization,
and activation layers in the image processing context. Comparing
Equation (6) to (5), residual networks resemble the discretization
of the solution of an ODE found with the Euler method for ∆t = 1.
Pushing this concept to the limit, a residual network with an
infinite amount of layers each producing an infinitesimal update
can be formulated as the solution of an ODE defining the dynamics
of its continuous hidden state h(t)
dh(t)
= f (h(t), t, θ ) .
dt

Current drawbacks in the adoption of ODE-Nets are
• the increasing computational cost as the training phase proceeds, as more complex dynamics require the ODE solver to
perform smaller iterations to find the solution;
• the fixed dimensionality of continuous hidden state which is
not permitted to change during its evolution, in contrast with
standard neural nets in which downsample operations can
be added to reduce the amount of computation; downsample
operations in ODE-Nets need to be placed between different
ODE blocks increasing the number of calls to the solver;

(7)

Thus, given an initial state h(t 0 ) and a fixed value of parameters θ ,
we can compute the value of the hidden state at a given time h(t 1 )
by applying a generic ODE solver
h(t 1 ) = ODESolver(h(t 0 ), f , t 0 , t 1 , θ ) .

• continuous-time sequence modeling is more natural, and
there is no need to discretize the input.

(8)

We refer to this computation as an ODE block and to networks
including this type of computational block as ODE-Nets. The depth
of this kind of networks can be thought as the number of steps the
ODESolver takes in order to find h(t 1 ).
∂L of a loss
Training ODE-Nets requires to compute the gradient ∂θ
function L with respect to the parameters θ defining the dynamics
of h(t). Although this operation can be done by backpropagating
through the internals of the specific ODE solver, keeping track of
the internal computations carried out and their respective gradients
can lead to a prohibitive high usage of memory, especially when
finding the ODE solution requires many iterations. To overcome
this limitation, Chen et al. [9] proposed instead to adopt the adjoint
state method to compute the gradient of the loss with respect to the
∂L ,
hidden state at each time stamp, also called the adjoint a(t) = ∂h(t
)

∂L . The adjoint a(t) is defined as the solution
and subsequently ∂θ
to another ODE starting from the final state h(t 1 ) and evolving
backward in time until h(t 0 ), and by carefully defining the state
vector, we can compute all the integrals needed for solving a(t),
∂L , in a single additional call to the ODE
and most importantly ∂θ
solver, resulting in a O(1) memory consumption (for more details,
see [9]).
ODE-Nets can thus be adopted as building blocks for data modeling with several benefits, such as:

• multiple-layers residual networks can be substituted with a
unique ODE block with O(1) memory cost;
• fewer parameters are needed since the parameters θ of the
function define the dynamics of the hidden state throughout
all the time interval, and thus similar weights for near-time
evaluations are reused;
• using adaptive ODE solvers, the number of function evaluations, and thus the computational cost, is adaptively chosen
depending on the complexity of the hidden state dynamics;
this may depend from the specific input instance or from
the complexity of the problem to be solved (for harder tasks,
the dynamics need to be more complex, and thus more steps
are required to solve the ODE); moreover, the tolerance parameter of adaptive ODE solver can be adjusted at inference
time to further tune the trade-off between the accuracy of
the solution and number of steps required to find it;

3

RELATED WORK

Image Representations. In the last years, most of the literature
on image representations deals with descriptors extracted from
deep architectures, specifically convolutional neural networks. Descriptors extracted from image classification networks trained with
large-scale and publicly available datasets (e.g. ImageNet, OpenImages, Visual Genome) proved to be good representations of image
contents. Researchers adopted the output of fully-connected layers
preceding the classification layer in a CNN as global image descriptors [4, 34], and more recently, the attention shifted on descriptors
extracted from the outputs of intermediate convolutional layers via
aggregation [20, 31, 35]. For content-based image retrieval, recent
work shifted from transfer learning to adopting ad-hoc architectures and learning-to-rank techniques to train more effective image
representation networks [3, 13, 27, 30]. Concerning the efficiency
and the scalability of image retrieval systems, existing works often
instead operate after the image representation has been extracted
adopting specialized indexing techniques [1, 2, 11, 26]. For a detailed comparison of state-of-the-art methods, we refer the reader
to [29].
ODE-inspired Architectures. In Section 2.2, we briefly showed the
parallelism between residual networks [17] and the simple forward
Euler discretization of ODE. On the same line, other work proposed
architectures with novel residual blocks that can be seen as more
complex discretization of differential equation solutions, such as
backward/implicit [38], higher-order [22, 39], multi-step [25, 33] or
multi-grid [8] methods. Exploiting this parallelism with dynamical
systems, several works also proposed residual architectures with
useful properties, such as reversibility [7] and stability [15] of the
computational graph.
ODE-based Architectures. Differently from ODE-inspired architectures, Chen et al. [9] proposed to incorporate ODEs into differentiable networks by using ODE solvers as a computational blocks
inside the architecture. Using adaptive ODE solvers and the adjoint sensitivity method, this novel methodology brings several
useful properties, such as O(1)-memory cost, sample-wise adaptive
computations, and continuous modeling. This properties paved the
way for novel methodologies for multiple tasks, such as irregular
time-series modelling [32] and continuous normalizing flows [14],
which include continuous feature extraction modelling for visual
tasks. In addition to Chen et al. [9], Dupont et al. [12] evaluated
their augmented ODE-based architecture on image classification

ResNet
3 × 3, 64 
3 × 3 / 2, 64
3 × 3, 64


3 × 3 / 2, K
3 × 3, K


3 × 3, K
×6
3 × 3, K


RES-ODE [9]
3 × 3, 64 
3 × 3 / 2, 64
3 × 3, 64


3 × 3 / 2, K
3 × 3, K


3 × 3, K
3 × 3, K

ODE-only [6]



4 × 4 / 2, K



3 × 3, K
3 × 3, K



global average pooling, 10-d fc, softmax
Table 1: Tested architectures for image classifiers. Convolutional layers are written in the format kernel width × kernel
height [/ stride], n. filters; padding is always set to 1. Squared
and curly brackets respectively indicate residual and ODE
blocks. For MNIST, K = 64, and for CIFAR-10, K = 256.

benchmarks, while Carrara et al. [6] also tested how representations extracted from ODE-defined models transfer between similar
image classification tasks.
Our work follows this last line of research, but we focus on extracting image representation from ODE-based networks for image
retrieval and on exploiting continuity and adaptive computation
for tuning the efficiency-effectiveness trade-off at query time.

4

LEARNING IMAGE REPRESENTATIONS
WITH ODE-NETS

In this section, we describe the ODE-based models we used to extract image representations. Although other existing approaches
may be preferable to learn better features for image retrieval (e.g.
learning to rank approaches on specialized architectures [13]), in
this preliminary work we resort to extracting and testing intermediate features of trained image classifiers to showcase the benefits offered by ODE-Nets in this context (as similarly done by
Sharif Razavian et al. [34]), and we leave more complex approaches
to future work. Thus, we tackle the image classification task as a
proxy to learn good images representations for retrieval. We consider three architectures for extracting features, that is a) a standard
residual network (ResNet) considered as the baseline, b) a mixed
ODE-residual architecture (Res-ODE) proposed by Chen et al. [9],
and c) an ODE-only network [6] in which most of the computation
is performed by a single ODE block. The next sections will describe
in more details such architectures.

4.1

Res-ODE: a Mixed Architecture

In [9], the authors compared ODE-Nets and ResNets on supervised
image classification and showed that ODE-Nets are able to reach a
comparable test error with ∼3x less parameters. In their formulation
for the MNIST data, they adopted two residual blocks as a common
initial architecture for both models to downsample the input image
size by a factor 4 while extracting low-level features. Then for the
ResNet, they continued the processing pipeline with an additional
6-block residual network, while for ODE-Nets, an ODE block is
adopted. The continuous hidden state h(t) is evolved by the ODE

MNIST
ResNet [9]
Res-ODE [9]
ResNet [6]
Res-ODE [6]
ODE-only [6]

CIFAR-10

Test Error

# Params

Test Error

# Params

0.41%
0.42%
0.37%
0.47%
0.53%

0.60M
0.22M
0.60M
0.22M
0.08M

7.28%
7.80%
9.17%

7.92M
2.02M
1.20M

Table 2: Classification performance of tested architectures
on MNIST and CIFAR-10 benchmarks.

block in a normalized time interval [0, 1], where h(0) represents the
ODE initial state, and h(1) is taken as output. Both architectures
adopt the standard residual block definition [17] in the residual
path or in the ODE function f , with the only exception that Group
Normalization [37] is adopted instead of Batch Normalization: the
sequence of layers is GN-ReLU-Conv-GN-ReLU-Conv-GN, where
GN stands for Group Normalization [37] with 32 groups, ReLU is the
Rectified Linear Unit, and Conv is a 3 × 3 64-filter convolution with
padding 1 and stride 1. The time input t to the function f defining
the ODE is concatenated as a constant feature map to the input
of both convolutional layers. Global average pooling is applied to
the final feature map, and the final classifier is implemented with a
10-neuron fully connected layer followed by the softmax activation.
4.1.1 ODE Block Contribution. Aiming at extracting image representations, we first analyze the contribution to representation
modeling brought by the ODE block in the Res-ODE architecture
by examining the evolution of its continuous hidden state h(t).
Given its continuity, replacing the output of the ODE block h(1)
with h(1 − ε) for small ε > 0 is expected to produce negligible perturbations in the following computations. Figure 2 shows the test
error obtained by the ODE-Net for increasing values of ε on both
MNIST and CIFAR-10 datasets, together with the mean number of
function evaluation (NFE) required by the ODE solver to compute
h(1 − ε). We can notice that the test error slowly increases as ε
increases, and in the extreme case of ε = 1 in which the ODE block
is completely ignored, the test error rate of Res-ODE has a maximum increase of roughly 30% and 40%, respectively, for MNIST and
CIFAR-10. Despite the significant performance drop, this suggests
that a fair amount of the feature extraction workload in the ResODE architecture is performed by the previous classical layers in
the network. This is also supported by the mean NFE, which does
not vary significantly with most values of ε, suggesting that no
additional iterations are needed to compute forward-in-time hidden
states that instead are usually required for more complex dynamics.
Moreover, the limited variability of NFE per input sample (i.e. a
small standard deviation) suggests that this architecture does not
fully exploit the instance-level adaptive computation property of
ODE blocks.
On this basis, we explore also another ODE-based architecture,
named ODE-only [6], in which the amount of classical convolutional
layers is minimized in order to leave most of the representation
learning process — from low-level to high-level feature extraction
— to the dynamics of the continuous hidden state h(t).
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Figure 2: The test error (circles) and the mean number of function evaluations (NFE, crosses) of the ODE-Net and Full-ODE-Net
image classifiers when the output of the ODE block h(1) is replaced by h(1 − ε), for increasing values of ε. Shaded areas indicate
intervals between one standard deviation from the mean.

4.2

ODE-only Architecture

The computational graph of the ODE-only image classifier is described as follows. First, a single convolution layer with K filters,
parametrized by θc , is applied to the input image I to a produce a
K-channel tensor h(0)
h(0) = convK (I, θc )

(9)

which will be used as the initial value for the continuous hidden
state of the successive ODE block. The filter stride is set to 2 to
reduce the input dimensionality and lower the computational cost
for successive processing. No activation function is applied to the
output of this operation, as it thought to only linearly map the input
into a higher dimensional space. Second, the ODESolver is invoked
to compute the evolution of the state h(t) and find its value at a
fixed time t = 1
h(1) = ODESolver(h(0), f , 0, 1, θ ) ,

(10)

where the function describing the hidden state dynamics
f (h(t), t, θ ) is implemented as in the Res-ODE architecture. The
final state h(1) is further processed by applying Group Normalization, ReLU activation, and a global average pooling operation over
the spatial dimensions to obtain a K-dimensional vector h̃. Finally,
a fully connected layer and the softmax function are applied to h̃
to obtain classification predictions for the image.
We employed ODE-only nets with K = 64 and K = 256 respectively on MNIST and CIFAR-10 using the same training procedure
described in Section 4.1, obtaining the results reported in Table 2.
Repeating the analysis described in Section 4.1.1 on the continuous
hidden state of the trained ODE-only nets, we can notice that now
the ODE block describes a potentially complex hidden state dynamics that continuously evolve low-level features into high-level ones,
as reflected by the significant differences in both test error and NFE
when varying ε (see Figure 2, remind that the quantity ε can be

thought as a way to control the trade-off between accuracy and
efficiency.) This means that with this architecture, the whole output
of feature extraction is under the continuity constraint, and thus the
range of feature extraction controllable by ε is wider with respect to
Res-ODE. On the other hand, the mean NFE to compute the output
h(1) is higher compared to Res-ODE since the whole network is
described by more complex dynamics, and thus the forward pass
is in general computationally more expensive. Remind however,
that the NFE takes into consideration only the evaluations inside
the ODE block and does not include the additional overhead of
computing the initial classical layers in Res-ODE nets.
A summary of all the architecture used is reported in Table 1.

4.3

Feature Extraction from ODE-Nets

In standard neural networks, features extracted from intermediate
layers of generic object recognition models have been proven to
be effective image representations to be used in multiple visual
task [34], such as content-based image retrieval [35]. Different
layers usually detect and encode different patterns in the image
with an increasing level of abstraction. Each layer defines a common
feature space in which we can compare and sort images by adopting
standard similarity or distance functions between Euclidean vectors.
Following the same line of reasoning, we compute image representations by extracting features from the continuous hidden layer
h(t) for different values of t to test their representational power for
image retrieval. Setting lower values of t, we extract lower-level
features from the image for a fraction of the total inference time.
Differently from standard networks in which features can be usually compared only in the same common space, in ODE-Nets it is
reasonable to compare features that comes from different points
in time of the evolution of the hidden state: we expect h(t − ε) to
be a better approximation of h(t) for smaller values of ε thanks

to feature continuity and parameter sharing through time, while
increasing values of ε reduces the computational cost of finding the
evolution of the hidden state.
Building on this properties of ODE-Nets, we can derive a strategy
for adaptive feature extraction in which we evolve h(t) until we
exhaust the available time budget (e.g. depending on the current
load of a server or the next deadline in real-time systems).
This strategy could be implemented in traditional residual networks by fixing the dimensionality of the feature spaces through
depth and by computing as many layers as we can in the time
budget. However, we have no guarantees that near layers produce
comparable features, since each layer can produce a large discontinuous update of the hidden state.
ODE-Nets instead can be naturally applied in this context, and in
particular ODE-only nets aim to maximize the amount of adaptive
computation in the model. Moreover, also the dynamics of the
hidden state are different for each particular input, and an adaptive
ODE solver can perform the optimal number of iterations depending
on it, as can be seen by the standard deviation of the NFE in Figure 2.

As already done in other works [5, 24], we formulate a retrieval
groundtruth relying on the labeled test set of each dataset: we consider each image as query, and we mark the images belonging to
the same class as relevant for that query. For each image, we extract
the output of the last layer before the classifier as its representation, that is the vector obtained after the global average pooling
operation. For Res-ODE and ODE-only nets, this corresponds to the
output of the ODE block h(t) after the average pooling is applied.
We extract features choosing values of t between 0 and 1 with step
0.05 to simulate different possible early-stopping events. Also for
ResNets, we extract intermediate features and consider them as
approximations of the final feature layer: we consider the output of
each of the six last residual blocks (block #1 to #6) plus their initial
input (block #0) for a total of 7 different feature representations.
We obtain a score s(q, i) of the image i for the query image q by
computing the cosine similarity between the representations of q
and i
hq (tq ) · hi (ti )
s(q, i) =
,
(11)
||hq (tq )||2 ||hi (ti )||2

To evaluate the quality of image features extracted from ODE-Nets,
we perform experiments in an multimedia information retrieval
scenario.
As a preliminary evaluation, we adopt MNIST [23] and CIFAR10 [21], two 10-class classification datasets with respectively 60k
and 50k training images and 10k test images both. We choose these
datasets both to directly compare to results in the NeurIPS best
paper [9], in which the authors employed MNIST, and to better
support our analysis with additional experiments on CIFAR-10. Due
to the high computational cost incurred when training ODE-Nets,
we leave experimentation on larger-scale and higher-resolutions
datasets to future work.
For each dataset, we employ the training set to train all the models (i.e. ResNet, Res-ODE, and ODE-only) as image classifiers and
thus obtain a hierarchy of feature extractors. For CIFAR-10, we employ 256-kernel convolutions instead of 64 in the second part of all
architectures, and in the training phase, we adopt commonly used
data augmentation techniques — random crop, random horizontal
flip, and color jitter. A careful tuning of hyperparameters for each
model and dataset would further increase the perfomance globally,
but since classification performance was not our main objective,
we keep all other hyperparameters and training procedures fixed
for all datasets and networks: dropout with 0.5 drop probability
applied before the classifier, the SGD optimizer with momentum
of 0.9, weight decay of 10−4 , batch size of 128, and learning rate of
0.1 reduced by a factor 10 every time the error plateaus. To numerically solve ODEs, we employ the Dormand–Prince method [10],
an adaptive solver belonging to the explicit Runge–Kutta family2 .
The solver step size is variable and determined by comparing the
difference between fourth- and fifth-order solution; a tolerance
parameter (set to 10−3 in our experiments) controls whether larger
integration steps are rejected based on the absolute and/or relative
error. The performance of the trained classifiers are reported in
Table 2.

where tq and ti respectively represents the final time value for the
evolution of ODE-defined hidden states. We consider two possible
scenarios: in the symmetric scenario, we compute the score using
the representations of q and i both obtained evolving the hidden
state of the ODE block to the same time value tq = ti = t; in the
asymmetric scenario, we consider the case ti = 1 in which the
database feature is computed without early-stopping (e.g. in an
off-line database indexing procedure), and we vary only tq = t. We
repeat the same procedure for ResNets, using the features from
the same residual block for both q and i in the symmetric scenario
while adopting the features from block #6 for i in the asymmetric
scenario. In Figure 3, we report the mean average precision (mAP)
over all queries in both symmetric and asymmetric scenarios for
each model, dataset, in function of t and also in function of the
mean number of function evaluations (mNFE) needed to extract
features (which is itself a function of t already plotted in Figure 2).
ODE-only nets provide full and fine-grained control over the
desired performance in terms of mAP, as they span most of the
y-axis in Figure 3. On the other hand, ResNets only provide a finite
number of configuration points represented by the horizontal black
lines. The behavior of Res-ODE lies in between, since they do
provide a continuous control over performance but only in the
adaptive ODE-defined part of the architecture.
Interestingly, the asymmetric scenario always performs better
than the symmetric one. This may initially be counter-intuitive,
since we expected that features coming from different depths of the
network would encode different information and thus not be comparable. Instead, each iteration or layer seems to incrementally add
useful information to the current state in a coherent way. However,
we claim that this behavior is caused by the similarity between
the image classification task and the derived image retrieval benchmark, in which we reward the retrieval of object belonging to the
same set of classes.
To further analyze this aspect, we perform additional experiments using Tiny-ImageNet-2003 , a 200-class classification dataset
with 64x64 images extracted from the famous ImageNet subset used

2A

3 https://tiny-imagenet.herokuapp.com/
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EXPERIMENTAL EVALUATION

PyTorch implementation is available at https://github.com/rtqichen/torchdiffeq.

(a) mAP vs t – MNIST

(b) mAP vs mNFE – MNIST
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Figure 3: Mean Average Precision (mAP, %) when adopting h(t) as image representation, in function of t (left) and in function of
the mean NFE (right). Dashed lines refer to the asymmetrical case in which the features of the query h(t) are matched against
the most accurate representations h(1). The black line indicates baseline values obtained using features extracted from residual
blocks of the standard ResNet model; the number of the block from which the features of the queries are extracted is reported
near each horizontal line. For MNIST, horizontal lines above 95% mAP are omitted to reduce clutter.
for the ILSVRC challenge. As previously done, we build a retrieval
groundtruth over the validation set of Tiny-ImageNet-200, that has
50 images per class for a total of 10k images. Given the similarity between the domains of CIFAR-10 and Tiny-ImageNet-200, we
tested the features extracted from the models trained on CIFAR-10
to perform image retrieval. In Figure 4, we report the mean Average
Precision at position 10 (mAP@10).
As expected, we obtain lower absolute values of mAP in this
configuration, since we are targeting a more complex visual task
with many unseen classes. However, this is sufficient to observe
the trend in the results caused by common or similar classes between the two datasets. The best performing features are the early

activations of ODE-Nets that reach about 66% of mAP@10 and
even perform slightly better than standard ResNets. Features from
ODE-only nets instead transfer poorly to the new dataset obtaining
at most 44% of mAP@10; this may be an indicator of domain overfit
and suggests that this architecture needs to be better regularized.
We observe that now the asymmetric setting performs worse that
the symmetric one when using lower-level features (smaller values
of t) and provide only small improvements when using higher-level
features. For ResNet and Res-ODE, late activations are no more the
best performing ones as image representations, as they focus on the
CIFAR-10 classification task; instead, intermediate activations capture less specific features that better transfer to Tiny-ImageNet-200

(a) mAP vs t – Tiny-ImageNet-200 (features from CIFAR-10 model)
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(b) mAP vs mNFE – Tiny-ImageNet-200 (features from CIFAR-10
model)
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Figure 4: Mean Average Precision @ 10 (mAP@10, %) on Tiny-ImageNet-200 using features extracted from CIFAR-10 models.
See the caption of Figure 3 for details.
images thus confirming findings of previous studies on standard
neural networks [4]. Overall, results from the model with mixed
layer types (Res-ODE) are promising for two reasons. First, they
provide slightly better results suggesting more robust and general
representations with respect to residual networks. Second, they
combine the benefits coming from both classical and continuous
layers, i.e. fast low-level feature extraction through classical layers,
and adaptivity and controllability through ODE-defined layers.
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CONCLUSIONS

In this work, we investigate ODE-defined continuous neural networks for learning image representations, and we evaluate them in
an content-based image retrieval scenario. We exploit continuous
models trained for image classification and extract features from
different points of their continuous evolution. Thanks to variablestep ODE solvers, the feature extraction computational cost is automatically adjusted sample-wise without the need of additional
parameters or control structures. Additionally, we explore earlystopping of the forward pass as a simple technique to approximate
features at a reduced computational cost. We also expored a fully
ODE-defined network, ODE-only Net, to adopt continuous representations in most of the feature extraction process, i.e. from initial
low-level to class-level features.
Preliminary experiments on MNIST and CIFAR-10 show that
both tested ODE-Nets (Res-ODE and ODE-only) perform comparably to standard residual networks in both the classification and
retrieval tasks while offering a more fine-grained control on the
effectiveness-efficiency trade-off thanks to continuity of representations. As concerns the transferability of image representation, the
mixed architecture (Res-ODE) shows promising results obtaining
higher average precision values when retrieving Tiny-ImageNet200 images with representations trained on CIFAR-10. The obtained
considerations are still preliminary, as additional experiments on

more robust image retrieval benchmarks (such as Oxford Buildings [28, 29], INRIA Holidays [19] are required to gain deeper
insight. However, the high computational cost of currently available methods and implementations for ODE-Nets represent a major limitation to performing larger-scale evaluations. Hopefully,
new optimized learning strategies and technological advances for
ODE-defined neural networks, such as ad-hoc learning-aware ODE
solvers, will accelerate research in this direction.
As future work, we plan to analyze the effect of different ODE
solvers and their parameters (especially the tolerance parameter
of adaptive ones) to the effectiveness-efficiency trade-off of image
representation extraction.
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