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Abstract

Efficient visual backbone design remains crucial for resource-
constrained computer vision applications. Inspired by the
adaptive continuous-time dynamics observed in biological
neurons, we propose FVNet, a novel lightweight architecture
that integrates liquid neural dynamics for efficient and dy-
namic visual feature extraction. Central to FVNet is the Fluid
Temporal Flow Unit (FTFU), which employs continuous-
time equations with learnable time constants to capture
spatio-temporal dependencies adaptively. By further stack-
ing these units in a Multi-Phase Fluid Block (MPFB), our
model processes features across parallel temporal scales, en-
abling context-aware feature encoding without incurring ex-
cessive computational overhead. Through a discrete closed-
form solution, FVNet achieves the representational power
of continuous-time models while avoiding the instability
and overhead of iterative numerical solvers. Extensive ex-
periments on various vision tasks demonstrate that FVNet
achieves superior performance and efficiency over existing
state-of-the-art lightweight networks.

Code — https://github.com/HZZRua/FVNet

Introduction
Visual network design has always been a research hotspot
in the field of computer vision (He et al. 2016; Dosovit-
skiy et al. 2021; Liu et al. 2021; Zhang et al. 2024; Ma
et al. 2024; Wang et al. 2025), exhibiting remarkable per-
formance across vision tasks. The pursuit of lightweight and
efficient visual backbone networks has become increasingly
critical as computer vision applications expand to resource-
constrained environments, from mobile devices to edge
computing systems (Pan et al. 2022; Huang et al. 2023; Vasu
et al. 2023; Ma et al. 2024). While traditional Convolutional
Neural Networks (CNNs) have achieved remarkable success
in computer vision tasks (Krizhevsky, Sutskever, and Hinton
2017; He et al. 2016), their static computational graphs of-
ten require substantial parameter counts and floating-point
operations to capture complex visual patterns, particularly
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Figure 1: Mobile FLOPs VS. ImageNet Top-1 Accuracy.
Bubble size indicates the model parameter number.

limiting their deployment in scenarios with stringent compu-
tational and memory constraints. Recent advances in neural
network architectures have explored various approaches to
address this efficiency-performance trade-off. Vision Trans-
formers and their variants have demonstrated superior per-
formance but at the cost of quadratic computational com-
plexity with respect to input resolution (Dosovitskiy et al.
2021; Liu et al. 2022; Ge et al. 2024). Lightweight CNN
architectures have made significant strides in reducing com-
putational overhead through techniques like depthwise sep-
arable convolutions and neural architecture search (Howard
et al. 2017; Tan and Le 2019a; Huang et al. 2023), yet they
fundamentally operate within the paradigm of static com-
putational graphs where the flow of information is predeter-
mined and invariant across different inputs.

Liquid Neural Networks (LNNs) implement a biomimetic
framework inspired by the neurophysiological mechanisms
of Caenorhabditis elegans (Hasani et al. 2020). It presents
a different computational paradigm that exhibits dynamic
adaptability through continuous-time neural dynamics. Un-
like conventional neural networks with fixed computa-
tional patterns, LNNs incorporate time-dependent differen-
tial equations that allow the network’s behavior to modulate
computational flow based on the temporal characteristics of
the input and the learned time constants (Hasani et al. 2022),
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leading to more efficient resource utilization and enhanced
representational flexibility. This approach has demonstrated
efficacy in sequential decision-making and adaptive control
tasks by emulating biological neural circuit behaviors (Lech-
ner et al. 2020; Chahine et al. 2023; Karn, Ardekani, and Ab-
dulla 2024). The visual perception inherently involves tem-
poral dynamics, multi-scale feature processing, and adaptive
attention mechanisms that align naturally with the princi-
ples governing liquid neural networks (Lechner et al. 2020).
Such an intrinsic alignment suggests that LNNs can provide
more nuanced and efficient feature extraction compared to
static architectures by modulating time constants and adap-
tive gates based on visual content complexity.

The core mechanism of LNNs is based on input-
dependent synaptic time constants that dynamically recon-
figure feature extraction pathways and allocate computa-
tional resources proportionate to local semantic complexity.
This temporal adaptation synergizes with spatial process-
ing through continuous-state transitions, enabling variable
receptive field modulation without external gating modules
(Lechner et al. 2020). Nevertheless, the inherent continuous-
time computation governed by ordinary differential equa-
tions (ODEs) in liquid neural networks imposes substantial
computational overhead. Recent advances in closed-form
solutions for LNNs (Hasani et al. 2022) have enabled effi-
cient discrete-time approximations, which achieve speed im-
provements while retaining robustness and causal reasoning
capabilities. However, the practical deployment of LNNs in
the field of computer vision remains largely unexplored.

To this end, we first propose a novel strategy, Fluid Tem-
poral Flow Unit (FTFU), which aims to integrate LNNs dy-
namics into visual backbones, thereby achieving the LNNs’
adaptive computation and exploiting intrinsic properties of
continuous-time systems. Generally, our FTFU employs
continuous-time liquid neural formulation for adaptive tem-
poral processing and discrete-time closed-form solution for
computational efficiency. Rather than simply applying static
convolutions with fixed temporal characteristics, it firstly
leverages the intrinsic dynamical properties captured by liq-
uid neural differential equations to model the temporal re-
lationships across feature channels. Then, parameterized by
learnable time constants and amplitude scaling factors, an
efficient discrete-time implementation with exponential de-
cay mechanisms is constructed to preserve liquid dynam-
ics while maintaining computational tractability. In this way,
the continuous-time formulation captures the adaptive tem-
poral evolution of visual features, leading to improved dy-
namic responsiveness akin to biological neural circuits. This
design preserves liquid neural dynamics while maintaining
tractability, as the continuous-time formulation captures the
adaptive temporal evolution of visual features, enhancing
dynamic responsiveness analogous to biological neural cir-
cuits. Thus, the derived discrete-time closed-form solution
efficiently approximates the continuous dynamics without
numerical integration.

In summary, the contributions of this paper are the follow-
ing:
• We consider FTFU as the fundamental operation of adap-

tive feature processing and integrate it with other com-

mon architecture designs to form a liquid neural block
MPFB.

• Building upon the liquid neural dynamics principles of
MPFB, we present a new family of lightweight vision
models, dubbed Fluid Vision Network (FVNet).

• Extensive experiments demonstrate that FVNet achieves
superior performance and efficiency compared with ex-
isting state-of-the-art lightweight vision backbones in
various vision tasks.

FVNets may serve as a baseline for integrating liquid biolog-
ical neural principles into efficient vision architectures and
inspire further advancements in the field of neuromorphic-
inspired lightweight models.

Related Works
Liquid Neural Networks
Recent advances in LNNs have demonstrated their poten-
tial to model dynamic systems through continuous-time dif-
ferential equations and closed-form approximations. Hasani
et al. (Hasani et al. 2020) introduced Liquid Time-Constant
(LTC) networks, leverage input-dependent synaptic gating
inspired by the neurophysiology of Caenorhabditis elegans,
enabling adaptive temporal dynamics for sequential tasks
such as autonomous navigation and prediction of time se-
ries. Lechner et al. (Lechner et al. 2020) demonstrated au-
ditable autonomy in autonomous vehicles using compact,
interpretable architectures with only 19 neurons, under-
scoring LNNs’ efficiency and transparency. Hasani et al.
(Hasani et al. 2022) further improved computational effi-
ciency by replacing iterative differential equation solvers
with analytical approximations, achieving speed improve-
ments while retaining robustness and causal reasoning capa-
bilities. Makram et al. (Chahine et al. 2023) enabled vision-
based control in unseen environments by dynamically fil-
tering task-irrelevant features by LNNs. Karn et al. (Karn,
Ardekani, and Abdulla 2024) have expanded LNNs appli-
cations beyond sequential tasks to non-causal domains, cre-
ating a unified mathematical framework that bridges tem-
poral and spatial processing. Omran et al. (Ayoub et al.
2024) have explored how the adaptive properties of LNNs
can enhance learning in dynamic environments by leverag-
ing input-dependent time constants to mitigate catastrophic
forgetting.

Lightweight Visual Backbone
The design of lightweight and efficient visual backbones has
witnessed substantial evolution through innovative architec-
tural paradigms and optimization strategies. Initial break-
throughs emerged from the development of separable con-
volution mechanisms and linear bottleneck network struc-
tures that achieve comparable performance with reduced
computational overhead (Howard et al. 2017; Sandler et al.
2018). These foundational concepts paved the way for more
sophisticated designs incorporating group-wise operations
and channel manipulation techniques to enhance group in-
formation exchange (Ma et al. 2018; Chu et al. 2025b).
Meanwhile, considering the limited receptive field, some
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(c) Liquid Vision Backbone Architecture
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Figure 2: The overall framework of the proposed FVNet.

works have explored enhancing lightweight CNNs’ capabil-
ity for modeling long-range dependencies (Peng et al. 2017;
Wang et al. 2025; Hu et al. 2025). The inception of Vi-
sion Transformer has catalyzed a new wave of lightweight
backbone designs (Mehta and Rastegari 2023), yielding hy-
brid models that capitalize on both convolutional and self-
attention components, demonstrated remarkable efficiency
gains (Mehta and Rastegari 2022). Recent advances have
explored structural innovations such as re-parameterizable
components and adaptive kernel strategies to further op-
timize the accuracy-efficiency trade-off (Pan et al. 2022).
Additionally, the development of dimension-aware design
principles and frequency-domain processing techniques has
opened new avenues for creating ultra-efficient visual en-
coders suitable for edge deployment scenarios (Li et al.
2022; Vasu et al. 2023; Chu et al. 2025a).

Methodology
Preliminaries: Liquid Neural Dynamics
We propose a new family of lightweight vision backbones
for vision tasks. Our approach is grounded in the closed-
form continuous-time neural network framework, where
neural dynamics is characterized by first-order differential
equations with state-dependent time constants. Consider a
liquid neural cell with membrane potential x(t) at time t,
which can be described as the solution to the following ini-
tial value problem (Hasani et al. 2020):

dx(t)

dt
= −[τ +f(x(t), I, θ)] ·x(t)+f(x(t), I, θ) ·A, (1)

where τ ∈ RC represents the time-constant parameter vec-
tor that controls the intrinsic decay rate of neural states, the

non-linear activation function f(x(t), I, θ) introduces the
context-sensitive temporal modulation parameterized by θ
that processes both the current state x(t) and external in-
put I, and A represents the reversal potential that scales the
magnitude of the non-linear response.

We then reformulate Eq.(1) into a computationally sta-
ble and learnable representation by introducing learnable pa-
rameters α = τ+f(x(t), I, θ) as the effective time constant
of the system. α enables the real-time modulation of tem-
poral response characteristics based on both internal states
and external stimuli, creating a state-dependent and input-
dependent temporal dynamic. Thus, the membrane potential
evolution over time intervals can be expressed as:

dx(t)

dt
= −α · x(t) + f(x(t), I, θ) ·A. (2)

The closed-form solution to Eq.(2) over a discrete time step
∆t can be formulated as:

x(t+∆t) = x(t)e−α∆t +
f(x(t), I, θ) ·A

α

(
1− e−α∆t

)
.

(3)
This solution avoids the instability and computational over-
head of explicit numerical integration, while preserving the
essential continuous-time properties (Hasani et al. 2022).
The exponential decay factor e−α∆t serves as a learnable
factor that determines memory retention, where smaller val-
ues of α correspond to longer memory retention and larger
values result in faster information decay. This relationship
establishes a direct connection between the time constant
parameters and the network’s temporal receptive field, en-
abling adaptive control of the liquid neural cell attenuates
memory over time. Furthermore, the state-dependent time
constants provide an additional degree of freedom beyond
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traditional weight-based parameterizations, expanding the
representational capacity of the network (Karn, Ardekani,
and Abdulla 2024).

Fluid Temporal Flow Unit
Building upon the continuous-time neural dynamics from
Eq.(3), we introduce the Fluid Temporal Flow Unit (FTFU),
aiming for integrating liquid neural temporal dynamics into
spatial feature processing for lightweight vision models as
shown in Fig.2. FTFU incorporating temporal dynamics di-
rectly into spatial feature processing, producing a unified
spatio-temporal representation that adapts to input features.
Specifically, FTFU operates through temporally-modulated
convolution mechanism to integrate liquid time constants
with spatial convolution operations. Given an input feature
map X ∈ RH×W×C , the FTFU first computes a channel-
wise adaptive time-constant parameter vector τ ∈ RC

through a learnable gate:

τ = G(GAP(X)), (4)

where G(·) denotes a learnable gating function implemented
as a linear transformation and GAP(·) represents global av-
erage pooling. The temporal computation proceeds through
a discretized liquid neural dynamic where each spatial loca-
tion undergoes state evolution according to Eq.(3). Let X(c)

i,j

denote the feature state at spatial position (i, j) and channel
c, the temporal evolution of next state Y

(c)
i,j follows:

Y
(c)
i,j = FTFU(X, τ c)

= X
(c)
i,j e

−αcτc + fc(F
(c)
i,j )

Ac

αc
(1− e−αcτc),

(5)

where τ c is the discrete time step of the state interval, F(c)
i,j

represents the local spatial neighborhood of state X
(c)
i,j , Ac

denotes the learnable reversal potential for channel c, and
αc = τ c + fc(F

(c)
i,j ) constitutes the time constant incorpo-

rating both intrinsic decay and input-dependent modulation.
To modulates αc based on local feature characteristics of
each state, the non-linear function fc(·) is implemented as
a channel-wise temporal gate with hyperbolic tangent func-
tion:

fc(F
(c)
i,j ) = βc tanh(γcF

(c)
i,j + δc), (6)

where βc, γc, and δc are the learnable parameters that control
the magnitude, sensitivity, and bias of the temporal modula-
tion, respectively (Lechner et al. 2020). This formulation al-
lows the FTFU to adaptively regulate its temporal dynamics
based on the content of the feature map, enabling content-
aware temporal integration and dynamic feature extraction
of different visual patterns.

Multi-Phase Fluid Block
Using FTFU as the primary operation, we present the basic
block, i.e., Multi-Phase Fluid Block (MPFB), which extends
the FTFU concept to handle multi-state visual information
processing through parallel liquid neural pathways. Draw-
ing inspiration from the hierarchical processing observed in

Variant Depths Dimensions Params FLOPs
FVNet-N [2,2,6,2] [24,48,96,192] 1.2M 0.2G
FVNet-T [2,3,6,3] [32,64,128,256] 3.1M 0.4G
FVNet-S [3,4,6,3] [48,96,192,384] 6.8M 1.1G

Table 1: Configurations of FVNets. We only vary the block
numbers and embedding dim of each stage to build different
sizes of FVNet. FLOPs (G) of FVNet is measured on image
crops of 224× 224.

biological vision systems (Hasani et al. 2022), the MPFB is
designed to process features across multiple temporal stages
simultaneously.

The MPFB architecture consists of parallel FTFU
branches operating at different temporal stages, character-
ized by distinct range of time constants. Given an input fea-
ture map X ∈ RH×W×C , the network first calculates the
learnable fusion weights wn ∈ RC for the n-th temporal
state through an attention mechanism:

wn =
eϕn(GAP(X)))∑N
n=1 e

ϕn(GAP(X))
, (7)

where ϕn(·) denotes state-specific projection functions and
N represents the number of temporal stages. This mecha-
nism enables the network to dynamically weight and inte-
grate information across different temporal stages based on
the input features, reflecting the relative contribution of each
state to the composite representation. Following the extrac-
tion of attention weights wn, the multi-state fusion operation
within the MPFB is formulated as:

Y = MPFB(X) =

N∑
n=1

wn · FTFUn(X, τn
c ), (8)

where Y ∈ RH×W×C denotes the MPFB output and τn
c

corresponds to the discrete time step for state n. Each state
is designed to capture specific temporal dynamics at differ-
ent frequencies, with smaller time steps focusing on rapid
feature transitions and larger time steps capturing long-term
dependencies of features.

MPFB’s each pathway encodes the closed-form liquid
dynamic and employs state-specific discretized time inter-
vals. In a vision context, these parallel pathways can be in-
terpreted as distinct “temporal lenses”, each modeling the
feature evolution under a different time constant. Formally,
every MPFB computes its output via parallel solutions to
Eq.(3) with feature-dependent modulation.

Liquid Vision Backbone Architecture
Building upon the previously discussed continuous-time liq-
uid neural formulations, we propose a 4-stage hierarchical
liquid vision architecture, Fluid Vision Network (FVNet),
integrates closed-form dynamics into layered spatial pro-
cessing. As illustrate in Fig.2, our FVNet is designed to
capture multi-scale information flows while preserving the
dynamic nature of liquid neural cells. At the initial stage,
a stem layer with FTFU transforms raw image inputs into
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initial liquid neural states, ensures that temporal dynam-
ics are embedded from the earliest stage, enabling subse-
quent liquid neural operations to build upon established
temporal states. Subsequent stages progressively refine the
transformed feature through MPFB operating at different
temporal scales. This hierarchical organization ensures that
early stages focus on low-level feature extraction using
shorter temporal spans, while deeper stages capture higher-
level abstractions by adapting the time constants to longer
or more specialized temporal contexts. By incrementally
merging features from various scales and time constants,
the backbone learns robust representations governed by the
continuous-time principles established in Eq.(2) and Eq.(3).

To enable the network perform content-sensitive time in-
tegration, i.e., rapid variations in spatial inputs can trigger
shorter effective steps for responsive feature updates, while
more stable regions may retain memory over extended peri-
ods (Lechner et al. 2020), MPFB in each stage is designed
to adaptively regulates the time-step parameter τn

c in accor-
dance with local feature statistics. Consequently, the net-
work configures its temporal receptive field based on the
evolving needs of the spatial representation, endowing it
with a state-dependent adaptation that is unique to liquid
neural architectures (Karn, Ardekani, and Abdulla 2024).
For down-sampling, we leverage the depth-wise and point-
wise convolution to reduce the spatial resolution and modu-
late the channel dimension, respectively. The time-constant
in former stages is also propagate into next stage, enabled
each deeper stage processes increasingly abstract represen-
tations, while still preserving the dynamic memory aspects
of preceding layers. In the last stage, a multi-head self-
attention (MHSA) operation has been incorporated to cap-
ture long-range dependencies due to the small resolution
(Mehta and Rastegari 2022; Wang et al. 2025).

We bulit three FVNet variants for different computational
budgets, i.e., the FVNet with nano size (FVNet-N), tiny size
(FVNet-T), and small size (FVNet-S). We only vary the
block numbers and embedding dim of each stage to build
different sizes of FVNet, as detailed in Table 1. We present
further analysis of the model’s computational complexity in
the Appendix, see Section 2 of the Appendix for more de-
tails.

Experiments
Experimental Settings
Implementation details. For image classification on
ImageNet-1K benchmark (Deng et al. 2009), we employ the
image size of 224 × 224 for both training and testing, all
models are trained from scratch for 300 epochs. We use the
AdamW optimizer with cosine learning rate scheduler. The
initial learning rate is set to 4×10−3, and the total batch size
is set to 2048. For data augmentation, we leverage mixup,
CutMix, and random erasing, following (Huang et al. 2023;
Wang et al. 2025).

For object detection and instance segmentation on CoCo-
2017 benchmark (Lin et al. 2014), we employ the same
training setting as (Cai et al. 2023; Vasu et al. 2023). To
be specific, we integrate FVNet as the backbone model into

Model
Params FLOPs Top-1 Latency(ms)

(M) (G) (%) GPU CPU
MobileNetV1-0.5 1.3 0.2 63.7 0.6 2.7
MobileViTV2-0.5 1.4 0.5 70.2 0.8 3.6
EdgeNeXt-XXS 1.3 0.3 71.2 0.7 3.3

AFFNet-ET 1.4 0.4 73.0 0.9 3.9

FVNet-N(Ours) 1.2 0.2 73.5 0.5 2.1

MobileNetV3-S 2.9 0.1 67.4 0.6 2.0
EfficientViT-M1 3.0 0.2 68.4 0.4 1.6

FasterNet-T0 3.9 0.3 71.9 0.8 4.3
ShuffleNetV2 3.5 0.3 72.6 0.7 3.7

StarNet-S1 2.9 0.4 73.5 0.7 3.2
StarNet-S2 3.7 0.5 74.8 0.6 3.4

EdgeNeXt-XS 2.3 0.5 75.0 1.1 6.9
FastViT-T8 3.6 0.7 75.6 1.3 6.4
AFFNet-T 2.6 0.8 77.0 1.1 5.1

FVNet-T(Ours) 3.1 0.4 77.3 0.8 3.1

EfficientViT-M2 4.2 0.2 70.8 0.4 1.7
SHViT-S1 6.3 0.2 72.8 0.5 1.8

EfficientViT-M3 6.9 0.3 73.4 0.6 2.2
LSNet-T 11.4 0.3 74.9 0.6 2.4

MobileNetV3-L 5.4 0.2 75.2 0.8 3.9
SHViT-S2 11.4 0.4 75.2 0.7 2.6

FasterNet-T1 7.6 0.9 76.2 1.1 7.3
UniRepLKNet-A 4.4 0.6 77.0 1.2 5.4
EfficientNet-B0 5.3 0.4 77.1 1.1 6.6

StarNet-S3 5.8 0.8 77.3 0.9 5.0
SHViT-S3 14.2 0.6 77.4 0.9 3.6

EdgeViT-XS 6.8 1.2 77.5 3.9 13.8
LSNet-S 16.1 0.5 77.8 0.7 3.1

StarNet-S4 7.5 1.1 78.4 1.2 7.1
UniRepLKNet-F 6.2 0.9 78.6 1.3 6.1

FVNet-S(Ours) 6.8 1.1 78.7 2.0 9.4

Table 2: Classification results on ImageNet-1K. To enable
latency evaluations on different hardware, all models have
been converted from Pytorch code to the ONNX format, fol-
lowing (Ma et al. 2024).

RetinaNet (Lin et al. 2017) and Mask R-CNN (He et al.
2017), the AdamW optimizer is utilized to train these mod-
els for 12 epochs with a batch size of 16. The training res-
olution is 1333 × 800 and the initial learning rate is set to
2 × 10−4. The learning rate decays with a rate of 0.1 at
the 8-th and 11-th epochs. And for semantic segmentation
on ADE20K benchmark (Zhou et al. 2017), we incorporate
FVNet as the backbone model in Semantic FPN (Kirillov
et al. 2019). All models are trained for 40K iterations by
the AdamW optimizer with a batch size of 32. We adopt
the poly-learning rate schedule with the power of 0.9 and
the initial learning rate of 2 × 10−4, following (Vasu et al.
2023; Wang et al. 2025). We employ the training resolution
of 512×512 and report the single scale testing results on the
ADE20K validation set. The backbone models are initial-
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Backbone
FLOPs RetinaNet Mask R-CNN

(G) AP AP50 AP75 APS APM APL APbox APbox
50 APbox

75 APmask APmask
50 APmask

75

MobileNetV2 1.6 28.3 46.7 29.3 14.8 30.7 38.1 29.6 48.3 31.5 27.2 45.2 28.6
MobileNetV3 1.1 29.9 49.3 30.8 14.9 33.3 41.1 29.2 48.6 30.3 27.1 45.5 28.2
FairNAS-C 1.7 31.2 50.8 32.7 16.3 34.4 42.3 31.8 51.2 33.8 29.4 48.3 31.0

EfficientViT-M4 1.6 32.7 52.2 34.1 17.6 35.3 46.0 32.8 54.4 34.5 31.0 51.2 32.2

FVNet-N(Ours) 1.0 33.4 53.1 35.0 18.2 36.2 47.1 33.8 55.5 35.6 31.9 52.3 33.3
ResNet18 9.5 31.8 49.6 33.6 16.3 34.3 43.2 34.0 54.0 36.7 31.2 51.0 32.7
DFvT-T 6.9 - - - - - - 34.8 56.9 37.0 32.6 53.7 34.5

StarNet-S1 2.2 33.6 53.3 35.1 18.3 36.0 47.0 33.8 56.1 35.5 31.9 52.9 33.4
LSNet-T 1.5 34.2 54.6 35.2 17.8 37.1 48.5 35.0 57.0 37.3 32.7 53.8 34.3

EfficientViT-M5 2.8 34.3 54.2 36.1 18.0 36.9 48.2 34.9 57.0 37.0 32.8 53.7 34.6

FVNet-T(Ours) 2.2 35.3 55.2 37.0 19.6 38.1 49.5 36.0 58.3 38.3 33.7 55.1 35.4
SHViT-S3 3.0 36.1 56.6 38.0 19.9 39.1 50.8 36.9 59.4 39.6 34.4 56.3 36.1

PoolFormer-S12 9.5 36.2 56.2 38.2 20.8 39.1 48.0 37.3 59.0 40.1 34.6 55.8 36.9
ResNet50 21.4 36.3 55.3 38.6 19.3 40.0 48.8 38.0 58.6 41.4 34.4 55.1 36.7
PVT-Tiny 11.8 36.7 56.9 38.9 22.6 38.8 50.0 36.7 59.2 39.3 35.1 56.7 37.3

FasterNet-S 23.8 - - - - - - 39.9 61.2 43.6 36.9 58.1 39.7
RepViT-M1.1 7.0 - - - - - - 39.8 61.9 43.5 37.2 58.8 40.1
FastViT-SA12 7.7 - - - - - - 38.9 60.5 42.2 35.9 57.6 38.1

FVNet-S(Ours) 5.6 38.7 59.6 40.4 22.3 41.5 53.5 40.1 62.2 42.6 37.6 59.1 39.3

Table 3: Object detection and instance segmentation results on CoCo-2017. APbox and APmask indicate bounding box AP and
mask AP, respectively. Following common convention (Vasu et al. 2023; Wang et al. 2025), FLOPs (G) of backbone is measured
on image crops of 512× 512.

Backbone FLOPsmIoU
StarNet-S1 2.2 36.0

MobileNetV3 1.1 37.0
PVTv2-B0 3.8 37.2
VAN-B0 4.5 38.5

FVNet-N 1.0 38.7
FastViT-SA12 7.7 38.0
EdgeViT-XXS 3.2 39.7

SHViT-S3 3.0 40.0
RepViT-M1.1 7.0 40.6

FVNet-T 2.2 40.8

Backbone FLOPsmIoU
EFormer-L1 6.8 38.9
PVT-Small 23.1 39.8

PoolFormer-S24 17.8 40.3
FastViT-SA24 15.0 41.0

StarNet-S4 4.0 41.2
EdgeViT-XS 6.3 41.4

SwiftFormer-L1 8.3 41.4
Swin-T 25.6 41.5

StarNet-S4 5.5 41.7

FVNet-S 5.6 42.1

Table 4: Semantic segmentation on ADE20K. Following
(Vasu et al. 2023; Wang et al. 2025), FLOPs (G) of back-
bone are measured on image crops of 512 × 512. EFormer
denotes EfficientFormer.

ized with the pre-trained weights on ImageNet-1K bench-
mark.

For benchmark purposes, our PyTorch models are con-
verted to the ONNX format to facilitate latency evaluations
on both GPU (NVIDIA GeForce RTX 4090) and CPU (In-
tel Xeon Platinum 8352V CPU @ 2.10GHz), following (Ma
et al. 2024).

Compared Methods. We conduct a comparative anal-

ysis between FVNet variants and existing state-of-the-art
(SOTA) or classical models, namely ResNet (He et al. 2016),
MobileNetV1 (Howard et al. 2017), MobileViTV2 (Sandler
et al. 2018), ShuffleNetV2 (Ma et al. 2018), MobileNetV3
(Howard et al. 2019), EfficientNet (Tan and Le 2019b), Fair-
NAS (Chu, Zhang, and Xu 2021), PVT (Wang et al. 2021),
Swin-Transformer (Liu et al. 2021), EdgeNeXt (Maaz et al.
2022), EdgeViT (Pan et al. 2022), PoolFormer (Yu et al.
2022), DFvT (Gao et al. 2022), AFFNet (Huang et al. 2023),
FastViT (Vasu et al. 2023), EfficientViT (Cai et al. 2023),
FasterNet (Chen et al. 2023), SwiftFormer (Shaker et al.
2023), EfficientFormer (Li et al. 2023), StarNet (Ma et al.
2024), SHViT (Yun and Ro 2024), UniRepLKNet (Ding
et al. 2024), RepViT (Wang et al. 2024), and LSNet (Wang
et al. 2025).

Experimental Results
Image Classification. As shown in Table 2, FVNet achieves
superior performance across all model sizes while maintain-
ing competitive efficiency. Specifically, FVNet-N achieves
73.5% top-1 accuracy with 1.2M parameters and 0.2G
FLOPs, FVNet-T delivers 77.3% accuracy and FVNet-S
reaches 78.7% top-1 accuracy, establishing new SOTA re-
sults among lightweight models while maintaining reason-
able computational cost.

Object Detection. Table 3 demonstrates FVNet’s strong
performance across different detection architectures. With
RetinaNet, FVNet-N achieves 33.4 AP, outperforming
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Model FLOPs IN-C (↓) IN-A IN-R IN-S
MobileNetV1-0.5 0.2 96.8 1.8 26.1 14.2
EdgeNeXt-XXS 0.3 94.6 3.6 29.5 18.5
EfficientViT-M1 0.2 88.5 2.7 29.4 17.8

MobileViTV2-0.5 0.5 82.3 3.4 31.8 19.5
AFFNet-ET 0.4 79.1 4.2 33.2 21.3
StarNet-S1 0.4 77.5 4.5 34.1 21.8

FVNet-N(Ours) 0.2 75.8 5.1 35.7 23.2
FasterNet-T0 0.3 89.8 2.3 28.6 16.3
ShuffleNetV2 0.3 83.7 3.8 30.9 19.2

EfficientViT-M2 0.2 78.9 4.1 32.5 20.1
StarNet-S2 0.5 73.2 5.8 37.4 25.1

FVNet-T(Ours) 0.4 71.5 6.9 38.8 26.4
EfficientViT-M3 0.3 71.1 5.2 36.1 23.4

StarNet-S3 0.8 69.3 7.8 39.2 27.8
LSNet-T 0.3 68.2 6.7 38.5 25.5

UniRepLKNet-A 0.6 67.0 8.4 37.9 26.0
SHViT-S3 0.6 66.8 9.1 38.6 26.9

FastViT-T12 1.4 64.3 14.0 39.9 27.6
RepViT-M1.1 1.3 63.7 14.8 40.7 28.3

FVNet-S(Ours) 1.1 62.4 15.2 41.3 29.8

Table 5: Robustness evaluation results on benchmark
datasets. We report mCE for ImageNet-C (IN-C) and Top-1
accuracies (%) for ImageNet-A (IN-A), ImageNet-R (IN-R),
and ImageNet-Sketch (IN-S). ↓ represents lower is better.

EfficientViT-M4 with lower computational cost. FVNet-T
delivers 35.3 AP, surpassing LSNet-T by 1.1 AP while
maintaining similar efficiency. For Mask R-CNN, FVNet-
S achieves 40.1 APbox and 37.6 APmask, establishing new
SOTA results among efficient backbones.

Semantic Segmentation. Table 4 shows that FVNet-N
achieves 38.7 mIoU with 1.0G FLOPs, outperforming VAN-
B0 by 0.2 mIoU while requiring significantly fewer compu-
tations. FVNet-T delivers 40.8 mIoU, surpassing RepViT-
M1.1 by 0.2 mIoU with much lower computational cost.
FVNet-S achieves the best performance at 42.1 mIoU.

Robustness Evaluation. We conduct robustness eval-
uation for FVNet on various benchmarks, including
ImageNet-C (Hendrycks and Dietterich 2019), ImageNet-
A (Hendrycks et al. 2021b), ImageNet-R (Hendrycks et al.

FTFU Effectiveness Architecture Components
Model FLOPsTop-1 Model FLOPs Top-1

DWConv(2017) 0.4 76.1 No Stage 0.4 75.8
DY-Conv(2020) 0.4 76.3 +Stage1 0.4 76.2

Invo.(2021) 0.4 76.5 +Stage2 0.4 76.8
MBConv(2019b) 0.4 76.8 +Stage3 0.4 77.1

PConv(2023) 0.4 76.4 w/o MHSA 0.4 77.1
LSConv(2025) 0.4 77.0 w/o GAP 0.4 76.9

FTFU 0.4 77.3 FVNet-T 0.4 77.3

Table 6: Ablation study on FTFU effectiveness and architec-
ture components.

Fusion Strategies in MPFB Activation Functions
Strategy FLOPs Top-1 Function FLOPs Top-1

Average 0.4 76.4 Linear 0.4 76.1
Concat 0.4 76.8 ReLU 0.4 76.5

SE-based 0.4 77.0 Sigmoid 0.4 76.9

Attention 0.4 77.3 Tanh 0.4 77.3

Table 7: Ablation study on fusion strategies in MPFB and
activation functions.

2021a), and ImageNet-Sketch (Wang et al. 2019). Follow-
ing (Vasu et al. 2023; Wang et al. 2025), we report mean
corruption error (mCE) for ImageNet-C and top-1 accura-
cies for other datasets. As shown in Table 5, FVNet shows
strong domain generalization capabilities and promising ro-
bustness to corruptions, achieving SOTA performance.

Ablation Studies
We conduct comprehensive ablation studies to validate the
effectiveness of key components in FVNet. All experiments
are performed on ImageNet-1K using FVNet-T. Table 6
presents our analysis on FTFU effectiveness and architec-
ture components. For FTFU effectiveness, we replace the
temporal evolution mechanism with various convolution op-
erations while maintaining identical architectures. FTFU
achieves 1.5% improvement over DWConv and outperforms
recent efficient blocks including MBConv and LSConv. For
architecture design study, we progressively add MPFB to
different stages to analyze their individual contributions.
The results show progressive improvements with each stage,
validating the hierarchical integration of temporal dynam-
ics. Removing MHSA or GAP components results in per-
formance degradation, confirming their necessity. Table 7
examines fusion strategies in MPFB and activation func-
tions in Eq.6. For temporal dynamics, we compare differ-
ent methods for combining multi-phase temporal features.
Attention-based fusion achieves superior performance over
simpler alternatives like average pooling and squeeze-and-
excitation-based (SE-based) fusion. The activation functions
study shows that Tanh activation ensures stable temporal dy-
namics, outperforming linear, ReLU, and Sigmoid alterna-
tives.

Conclusion
In this paper, we presented FVNet, a novel lightweight
vision architecture that integrates liquid neural dynamics
for efficient visual feature extraction. Our approach intro-
duces the Fluid Temporal Flow Unit (FTFU), which em-
ploys continuous-time equations with learnable time con-
stants to capture adaptive spatio-temporal dependencies, and
the Multi-Phase Fluid Block (MPFB) for parallel multi-scale
temporal processing. Extensive experiments across multiple
vision tasks validate FVNet’s effectiveness. In the future,
we will focus on exploring more sophisticated temporal dy-
namics formulations and investigating the potential of liquid
neural principles in other computer vision domains.
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