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Abstract: Existing video object segmentation (VOS) methods based on matching techniques com-
monly employ a reference set comprising historical segmented frames, referred to as ‘memory frames’,
to facilitate the segmentation process. However, these methods suffer from the following limitations:
(i) Inherent segmentation errors in memory frames can propagate and accumulate errors when
utilized as templates for subsequent segmentation. (ii) The non-local matching technique employed
in top-leading solutions often fails to incorporate positional information, potentially leading to incor-
rect matching. In this paper, we introduce the Modulated Memory Network (MMN) for VOS. Our
MMN enhances matching-based VOS methods in the following ways: (i) Introducing an Importance
Modulator, which adjusts memory frames using adaptive weight maps generated based on the
segmentation confidence associated with each frame. (ii) Incorporating a Position Modulator that
encodes spatial and temporal positional information for both memory frames and the current frame.
The proposed modulator improves matching accuracy by embedding positional information. Mean-
while, the Importance Modulator mitigates error propagation and accumulation by incorporating
confidence-based modulation. Through extensive experimentation, we demonstrate the effectiveness
of our proposed MMN, which also achieves promising performance on VOS benchmarks.
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1. Introduction

Video object segmentation (VOS) is an important research area within the domain of
video analysis, with the potential to yield significant advantages across various computer
vision applications, including but not limited to video editing and autonomous driving. The
primary focus of this research is one-shot VOS, a task aimed at the continuous segmentation
of specific object(s) throughout an entire video sequence, with pixel-wise mask annotations
for the object(s) of the first frame provided.

Recent developments in VOS techniques have explored template matching methods,
using a reference set of historical frames and their corresponding object masks. This refer-
ence set serves as the foundation for propagating labels to subsequent frames through pixel-
wise matching. Notably, by introducing memory networks [1,2] within the Spatiotemporal
Memory Network (STM) framework [3], a spatiotemporal memory is initially constructed
for segmentation, allowing frames with intermediate predictions to be periodically updated
to memory. The majority of current top-performing one-shot VOS methods [4–10] are
based on the STM architecture, exploiting its ability to utilize comprehensive reference
information from distant temporal frames. However, these matching-based methods still
suffer from two significant challenges: (i) Inherent errors present in intermediate predic-
tions may result in error propagation and accumulation when utilizing segmented frames
as references. (ii) The widely employed non-local matching technique, prevalent in the
aforementioned approaches, lacks the incorporation of positional information, potentially
leading to incorrect matching.
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In this study, we introduce the Modulated Memory Network (MMN), integrating two
key components, namely, the Importance Modulator (IM) and the Position Modulator (PM),
which are designed to tackle the aforementioned challenges. As illustrated in Figure 1, the
IM module performs pixel-level modulation on the features of historical frames within the
memory, utilizing adaptive weights that operate across both spatial and channel dimensions.
These modulation weights are generated based on the retrieval from memory and the
segmentation confidence associated with historical frames, serving as crucial conditions.
Through adaptive feature modulation, incorrectly segmented pixels within the memory
exert less influence on subsequent segmentation, effectively mitigating the propagation and
accumulation of errors. Simultaneously, the PM module incorporates positional embedding
into the features of both query and memory frames, encoding spatiotemporal coordinates.
This positional embedding enhances the robustness of memory retrieval in the presence
of distractions. Furthermore, among all historical frames, the initial frame and the last
frame hold greater significance. The initial frame carries ground-truth annotations, while
the last frame provides substantial spatial guidance. A toy experiment, as displayed in
Table 1, demonstrates a more pronounced performance drop when removing these two
frames from memory, as opposed to removing other historical frames. To optimize the
utilization of the initial and the most recent frames, their temporal positions are given a
special encoding.

Key Value

Key Value

Modulation
Segmenting with Importance Modulator

Reference Frame

Modulation Values

Segmenting with Reference Frame Directly

Figure 1. A comparison of segmentation results when utilizing previously computed frames as a
reference. The dashed bounding box highlights inaccurately segmented pixels in the reference frame,
which introduces cumulative errors in subsequent frames. Conversely, our IM module effectively
mitigates error propagation by modulating the inaccurately segmented pixels with reduced values
(depicted in blue).

Table 1. Quantitative results comparing the importance of frames at different temporal positions
to matching-based VOS methods. Two state-of-the-art matching-based solutions STM [3] and AFB-
URR [7] are chosen for comparison. The ‘Sample Rate’ is the proportion of intermediate frames
collected to memory. For these two methods, without the first or last frame, performance degrades
more significantly than that without multiple intermediate frames. The J&F score is the mean of
region similarity J and contour accuracy F , from DAVIS [11].

First/Last Sample Rate J &F
STM [3] AFB-URR [7]

- 1/5 81.7 74.6
w/o first 1/5 80.1 (−1.6) 73.5 (−1.1)
w/o last 1/5 80.1 (−1.6) 74.0 (−0.6)

- 1/15 81.5 (−0.2) 74.6 (−0.0)
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The primary contributions of this study can be summarized as follows:

1. We introduce the Modulated Memory Network (MMN) for video object segmentation
(VOS), incorporating both an Importance Modulator (IM) and a Position Modulator
(PM). The MMN, as proposed, conducts adaptive memory modulation that takes into
account segmentation confidence and spatiotemporal positional information. This
enhancement results in improved object segmentation accuracy.

2. The IM module, designed to execute pixel-level modulation, utilizes adaptive weights
generated based on segmentation confidence as conditions. Simultaneously, the PM
module is implemented to embed positional information into both query and memory
frames, thereby enhancing matching accuracy.

3. Our proposed Modulated Memory Network (MMN) consistently achieves perfor-
mance comparable to state-of-the-art methods for established VOS benchmarks. Fur-
thermore, ablation studies provide additional evidence of the effectiveness of the IM
and PM modules.

2. Related Work

According to task specifications, the video object segmentation (VOS) task can be
categorized into zero-shot VOS, one-shot VOS and interactive VOS. Zero-shot VOS [12–26]
involves fully automated segmentation of salient objects in a video without any manual
initialization. One-shot VOS [3–7,9,10,27–41] focuses on segmenting a specified object, typi-
cally provided in the first frame. Interactive VOS [42–47] incorporates manual interaction
steps. This paper addresses the relatively foundational one-shot VOS task.

Deep learning-based methods for one-shot VOS can be categorized into three dis-
tinct groups, based on their utilization of the first annotated frame during inference, as
outlined by Wang et al. [48]. These categories include online fine-tuning-based methods,
motion-based methods and matching-based methods. Online fine-tuning-based methods,
exemplified by works such as OSVOS [29], OSVOS-S [30] and OnAVOS [38], based on
the idea of image segmentation [49–51], involve the fine-tuning of general segmentation
networks on the initial annotated frame to target specific objects. In order to address the
evolving appearance of objects over time, these methods frequently conduct online updates
of their segmentation models. However, this online training incurs a notable increase in test-
ing time. In contrast, motion-based approaches, represented by works like MaskRNN [52],
MaskTrack [53] and PReMVOS [39], leverage temporal continuity. These methods estimate
pixel-wise motion to transform object masks from the first annotated frame to subsequent
frames. Although motion-based techniques offer computational efficiency, they are suscep-
tible to object drifts caused by occlusions and rapid object movements.

Matching-based one-shot VOS: In recent times, matching-based methods have gained
prominence in video tasks [54] due to their resilience in handling occlusions and rapid
object motion. In the one-shot VOS task, this category of approaches formulates the task as
a template matching problem, initializing a reference set with historical frames and their
respective masks. Subsequently, labels are propagated from this reference set to the current
frame (the query frame) through pixel-wise matching and retrieval.

Early efforts [37,55] incorporated siamese structure networks to extract features from
both the reference and query frames. Notably, VideoMatch [37] introduced the practice
of updating the reference set with segmented frames. Meanwhile, OSMN [28] introduced
modulators to adapt a generic segmentation network to specific objects without resorting to
online fine-tuning. Under the assumption of temporal continuity, FEELVOS [35] narrowed
the matching area using the last frame as a local range. Building on FEELVOS [35], CFBI [33]
further enhanced the approach by establishing separate reference sets for the foreground
and background.

Leveraging memory networks [1,2,56], STM [3] constructed an extensive memory
encompassing pixel-level features from the reference set. The success of STM [3] signifi-
cantly influenced the development of matching-based solutions. EGMN [6] introduced a
graph-structured memory network, performing memory reading and writing on each node
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sequentially. To enhance inference efficiency, dynamic memory update strategies were
explored. For instance, GCM [4] maintained a fixed memory size, updating each computed
result to memory with equal weight. SwiftNet [8] triggered memory updates based on
cumulative differences across frames. In order to remove obsolete features, AFB-URR [7]
maintained a least-frequently used index for each feature. However, the importance of
each reference feature needed to be distinguished before use, as they originated from
pixels with varying levels of segmentation confidence. In our work, we propose the Mod-
ulated Memory Network, where an Importance Modulator is incorporated for reference
feature modulation.

To mitigate the ambiguity of similar objects, techniques were devised to impose con-
straints on the retrieval of reference information. KMN [5], for instance, enhances memory
reading operations with Gaussian kernels to reduce non-localization issues. RMNet [10]
restricts matching to specific regions by employing bounding boxes around objects. Mean-
while, LCM [9] reinforces potential object regions with an additional position guidance
module. However, these approaches do not fully harness spatial and temporal positional
information nor do they explore their interconnection.

Position encoding: To compensate for the limitations of permutation-invariant archi-
tectures, Transformer [57] introduced 1D positional information encoding through posi-
tional embedding. Further advancements can be observed in approaches like DETR [58]
and VisTR [57], which apply positional embedding to multi-dimensional data encompass-
ing images and videos. In these methods, positional information for each dimension is
encoded separately and then concatenated. Despite these explorations, it is believed that
the positional encoding technique can be refined further by capitalizing on the inherent
characteristics of a one-shot VOS task.

3. Method
3.1. Overview

As shown in Figure 2, given a video sequence S = {Ii}T
i=1, where the initial frame I1

is provided with an associated mask P1, the objective of one-shot VOS is to segment the
designated object(s) from the background by predicting corresponding masks P = {Pi}T

i=2.
Following the paradigm of matching-based VOS models, MMN processes each frame in a
sequential manner.

The segmentation process can be divided into two fundamental steps, namely, mem-
orization and segmentation, which are carried out iteratively. In the memorization step,
our Modulated Memory Network (MMN) constructs a modulated memory. Within this
memory, features from historical frames are extracted and subsequently modulated by
the Importance Modulator (IM). In the segmentation step, the current frames retrieve sup-
portive features from the modulated memory through pixel-wise matching. This process
embeds spatiotemporal information into the features of both the current frames and the
frames stored in memory, facilitated by the Position Modulator (PM). Ultimately, a decoder
is employed to transform the memory retrieval into an object mask. In the subsequent
subsections, we delve into the specifics of these two steps and elucidate the architecture of
the proposed modules.
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Figure 2. An overview of our proposed MMN method. The specially designed Position Modulator
(PM) enhances both query and memory embeddings with spatiotemporal positional information,
enabling accurate reference retrieval for segmentation. Concurrently, the Importance Modulator (IM)
takes segmentation quality and contextual importance into account when performing modulation on
the memory, resulting in an informative memory.

3.2. Memorization

In memorization, a modulated memory is constructed for the subsequent segmentation
using historical frames and their corresponding masks. The historical frames are encoded
and stored in the memory sequentially. As shown in Figure 3, for historical frame Ii and
its object mask Pi, a memory encoder EnM is first applied, which takes input of both
Ii and Pi and output key feature Ki

M ∈ RHW×Ck and value feature Vi
M ∈ RHW×Cv . Ck

and Cv are the channel dimensions of the key and value features, which are 128 and 512
in our MMN. Spatial dimensions are H = sHim and W = sWim, where Him and Wim
correspond to the spatial dimension of the input frames. s corresponds to the stride of the
backbone in our MMN, which is 16 since we use ResNet-50 [59] as the backbone following
STM [3]. Previous solutions [3,5,10] store Ki

M and Vi
M to memory directly. However, for

the inherent errors in the intermediate mask predictions, segmenting with Ki
M and Vi

M
may lead to error propagation and accumulation. To address this issue, we construct
a modulated memory with the proposed IM module, which modulates each historical
frame, respectively, considering their segmentation reliability and context importance. In
particular, the IM module takes as input the value feature Vi

M, a readout feature Ri
M and the

object mask Pi, and it outputs a weight map Ai. To obtain Ri
M, the features of {Ij}i−1

j=1, i.e.,

key features Ki−1
M = {K j

M}
i−1
j=1 and value features Vi−1

M = {V j
M}

i−1
j=1, are taken as a reference.

An affinity matrix Ai is first calculated between the key features. For each spatial location p
in Ki

M and q in Ki−1
M = {K j

M}
i−1
j=1,

A(p, q) =
exp(Sp,q)

∑q exp(Sp,q)
(1)

Function S calculates the similarity, which is calculated as follows:

Sp,q = C(Ki
M(p), Ki−1

M (q)) (2)
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C is the dot production function as in STM [3]. Then, Ri
M is aggregated through the

weighted sum of value features Vi−1
M = {V j

M}
i−1
j=1,

Ri
M(p) = ∑

q
(A(p, q) ·Vi−1

M (q)) (3)

The IM module can learn to estimate the reliability of frame Ii by comparing Ri
M

with Vi
M. Afterward, we adopt EnP to encode Pi into feature Pi

E, of which the number
of channels is 32. Then, we concatenate Pi−1

E , Ri
M and Vi

M together along the channel
dimension, and we input it into an estimator Est and output the modulation map Ai.
Finally, modulation for frame Ii is conducted as follows, for each position p in Vi

M:

V̂i
M(p) = A(p) ·Vi

M(p) (4)

The modulation is only conducted on value features, which mainly carry the label
information of the target object. We provide experimental results in Section 4.3, comparing
different modulation modes. After the modulation, the modulated features of the his-
torical frames {Ij}i

j=1 are stacked together along the temporal dimension, constructing a

modulated memory Mi = {KM ∈ RNHW×Ck , V̂M ∈ RNHW×Cv}.
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Figure 3. The architecture of the proposed Importance Modulator (IM). The IM module takes as
input the concatenation of query embedding Vt, retrieved reference information R and the encoded
embedding of prediction PE

t . It then produces a modulation factor At, which signifies the importance
of each pixel.

3.3. Segmentation

In segmentation, MMN segments the current frame It using the modulated memory
Mt−1, where support features are retrieved through matching. To improve matching
accuracy, the Position Modulator (PM) is deployed to encode spatiotemporal positional
information for the key features of both memory frames and the current frame, which also
helps to better exploit the two vital frames (i.e., the first and the last frames). Here, we
adapt a positional encoding in VisTR [57] for the VOS task. In particular, coordinates in
each dimension (i.e., height, width and temporal dimensions) are first normalized and
encoded into embeddings using sine and cosine functions with different frequencies:

PE(p, c) =

{
sin(Norm(p) ·ωk), for c = 2k

cos(Norm(p) ·ωk), for c = 2k + 1
(5)
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where p is the coordinate in the corresponding dimension, ωk = 1/10,0002k/ d
3 and c is the

channel index. Norm is a normalization function. The spatial coordinates (i.e., height
and width dimensions) are sequentially numbered, and their normalization function is
defined as

NormR(p) =
p

maxp∈P((p))
(6)

As for the temporal dimension, to better exploit the two vital frames, we specially de-
fine temporal coordinates as Pt = {2, 3, 4, . . . , t − 1, 1, 1} for each video sequence
S = {I1, I2, I3, . . . , It−2, It−1, It}. The normalization function for temporal coordinates is
defined as

NormR(p) =
1
p

, p ∈ Pt (7)

The customized encoding scheme fixes the relative positional relationship between
the current frame and the two vital frames, which makes it possible to approach important
reference information according to their temporal positions. Positional embeddings for
each dimension are concatenated together along the channel dimension and added to
the key features KM and Kt

Q element-wise, obtaining modulated key features K̂M and K̂t
Q.

Kt
Q ∈ RHW×Ck is the key feature of the current frame It, encoded by EnQ.

After obtaining modulated key features, the affinity matrix can be calculated the
same as Equation (1). Then, support features are retrieved from the modulated memory
through weighted aggregation as in Equation (4). Finally, the mask prediction of frame It is
generated through decoding the retrieved support features by the decoder Dec.

3.4. Network Architecture and Loss Function

Same as the baseline work [3], both encoders EnM and EnQ use ResNet-50 [59] as
backbones, and the output of res-4 is used as a feature map. The parameters of EnM and
EnQ are not shared. Two convolution layers are adopted to transform the output of layer
res-4 into key and value features. The decoder Dec shares the same architecture as that of
STM [3], which is composed of several residual blocks and bilinear interpolation layers
for upsampling.

The IM module has two learnable sub-modules, i.e., encoder EnP and estimator Est.
The encoder EnP consists of 3 convolution layers. The first two are 4× 4 convolution layers
with stride 4, and the number of channels is 64. The last is a 1× 1 convolution layer with
stride 1, and the number of channels is 32. The output resolution is 1

16 of the input mask
resolution. The Est is constructed with three 1× 1 convolution layers with stride 1. The
channel numbers of these three convolution layers are 1024, 512 and 1, respectively. Both
EnP and Est activate the first two layers with ReLU [60].

We train our MMN with cross-entropy loss and mask IoU loss [61], where the mask
IoU loss is defined as

LmIoU(Pi, Gi) = 1−
∑p∈Ω min(Pp

i , Gp
i )

∑p∈Ω max(Pp
i , Gp

i )
(8)

where P and G are the predicted mask and ground-truth mask of object i and Ω represents
all pixels in masks P and G.

3.5. Algorithm

The workflow of the proposed MMN is illustrated in Algorithm 1. The algorithm
takes as input a sequence of video frames {I1, I2, . . . , IT} and a given ground-truth mask
P1. The algorithm initializes memory using the first frame I1 and the given mask P1 and
then alternates between the segmentation and memorization processes until it obtains
segmentation results {P2, . . . , PT} for frames {I2, . . . , IT}.
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Algorithm 1 Pseudo-code for Modulated Memory Network

1: Input: Frames {I1, I2, . . . , IT}, ground-truth mask P1.
2: Output: Predicted mask {P2, . . . , PT}.

3: ▷ Memory initialization
4: KM

1 , VM
1 = EnK((I1, P1))

5: KM = {KM
1 }, VM = {VM

1 }
6: for i = 1 : T do
7: ▷ Segmentation
8: KQ, VQ = EnQ(Ii)

9: ▷ Position modulation
10: PEspatial = PosEncoding(HKM , WKM ) # shape=(H, W, 1)
11: PEtemporal =

1
range(length(M)+1) # shape=(1, 1, i + 1)

12: PEspatial = expand(PEspatial , (H, W, i + 1))
13: PEtemporal = expand(PEtemporal , (H, W, i + 1))
14: PE = Concat([PEspatial , PEtemporal ])

15: KM = KM + PE[:−1]

16: KQ = KQ + PE[−1]

17: ▷ Memory retrieval
18: RQ = (KQ′ ⊗ KM)VM

19: ▷ Decode
20: Pi = Dec(RQ, VQ)

21: ▷ Memorization
22: ▷ Weight map generation
23: KM

i , VM
i = EnK((Ii, Pi))

24: PE
i = EnP(Pi)

25: R = (KM
i , KM)VM

26: Ai = Est([VM
i , PE

i , R])

27: ▷ Memory modulation
28: VM

i = VM
i · Ai

29: ▷ Memory update
30: KM ← KM ∪ {KM

i }
31: VM ← VM ∪ {VM

i }
32: end for

4. Experiments
4.1. Datasets and Evaluation

Consistent with common practices, we utilize the DAVIS 2016 [62], DAVIS 2017 [11],
YouTube-VOS 2018 [63] and MOSE [64] datasets for training and evaluating the proposed
MMN. The DAVIS datasets [11,62] provide high-quality object annotations. The 2016
version [62] comprises 30 videos for training and 20 for validation. Each video features a
single annotated object instance in its initial frame. On the other hand, the 2017 version [11]
serves as a multi-object extension, incorporating a larger number of videos in both train-
ing and validation splits. Additionally, the YouTube-VOS 2018 [63] dataset represents a
formidable and expansive challenge in video object segmentation. The training set contains
3471 videos, while the validation set includes 474 videos. Among the videos in the vali-
dation set, 65 semantic categories overlap with those in the training set, forming the seen



Mathematics 2024, 12, 863 9 of 17

subset. In contrast, the remaining 26 semantic categories in the validation set differ from
those in the training set, constituting the unseen subset. The MOSE [64] dataset is designed
for complex scenes, which includes 1507 videos for training and 311 videos for validation.
MOSE covers various challenging scenarios, such as interactions between multiple objects,
occlusions and background interference.

Our evaluation of the MMN is conducted on the validation splits of all datasets. For
DAVIS 2016 and 2017, we employ the standard evaluation toolkit provided by DAVIS
2017 [11]. This toolkit computes the mean of region similarity J , contour accuracy F and
their average J&F for comparative analysis. In the case of YouTube-VOS 2018, we report
J and F metrics separately for both the seen and unseen semantic categories, as well as the
overall averaged score G. Metrics for YouTube-VOS and MOSE are all calculated through
the competition server on Codalab.

4.2. Training and Inference

Following SwiftNet [8], we commence by pre-training our MMN on synthetic data [65],
followed by fine-tuning using video data. During the pre-training stage, random affine
transformations with varied parameters are applied to static images in order to generate
synthetic video clips. We also employ a Cut and Paste strategy for augmenting images
containing fewer than three target objects. This strategy involves cutting object instances
from source images and pasting them into random positions within target images. The
pre-training phase consists of a total of 6× 105 iterations, employing a constant learning
rate of 1× 10−5. The backbones of EnQ and EnM are initialized with weights pre-trained
on ImageNet [66].

Upon completing the pre-training stage, the MMN undergoes fine-tuning on video
datasets, with each training batch containing three frames randomly sampled from a video
sequence. The sampling interval progressively increases from 1 to 25 during the first
2.5× 104 iterations and subsequently decreases to 5 in the final 2× 105 iterations. Random
affine transformations, with distinct parameters for each frame, are applied throughout
this process. The input patch size is set to 384× 384, and a batch size of 4 is achieved
through gradient accumulation. The fine-tuning stage comprises a total of 8× 105 iterations
and employs a poly learning rate strategy. We use Adam [67] optimization with standard
momentum and no weight decay for both the pre-training and fine-tuning stages. The
MMN is trained on a Tesla V100 GPU and evaluated on a GTX 2080Ti GPU. GPUs are both
manufactured by NVIDIA, located in Santa Clara, CA, USA.

4.3. Ablation Study

To demonstrate the effectiveness of each component of the proposed MMN, we con-
duct ablation experiments on the DAVIS 2017 validation set. For fast verification, models
for ablation experiments are trained directly with the DAVIS and YouTube-VOS train set,
without the pre-training stage.

Importance Modulator: The IM module is devised to modulate memory frames while
considering their contextual importance and segmentation confidence. To assess the effec-
tiveness of the proposed IM module, we compare models with and without the IM module.
Furthermore, we explore various modulation approaches by comparing models where
modulation is applied to the key features, value features and both key and value features.
As depicted in Table 2, applying modulation to the value features yields the most favorable
performance. This is attributed to the value feature primarily encoding information related
to predicted masks, where modulation serves to prevent the propagation and accumulation
of inherent errors. In contrast, the key feature primarily encodes appearance information
used for similarity calculations. Modulating the key feature could potentially lead to
incorrect object matching, thereby diminishing segmentation accuracy.

We also present qualitative results in Figure 4. It is evident that, in the absence of
the IM module, segmentation errors within the memory frame (highlighted in the red
box) propagate to subsequent frames (21 and 22). However, with the utilization of the IM
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module, adaptive modulation is applied to the inaccurately segmented region, effectively
halting the propagation of errors.

Table 2. The results of ablation studies. We conduct an ablation study on the proposed Importance
Modulator (IM). ✓and ✗ indicate whether the IM module performs modulation on the key or value
embedding. Bold indicates the best performance.

Key Value J &F J F
✗ ✗ 83.5 81.3 85.9
✓ ✗ 78.1 75.7 80.8
✗ ✓ 85.8 82.8 88.9
✓ ✓ 84.7 82.4 87.1

Figure 4. Segmentation results comparing whether to use IM module. The red bounding box in
the memory frame highlights the wrongly segmented area. In the estimated A, lower values are
represented in blue, while higher values are represented in red.

Positional Modulator: The PM module is devised to incorporate spatiotemporal
positional information into the segmentation process. As depicted in Table 3, we initially
explore the effectiveness of integrating spatiotemporal information within the VOS task.
This is demonstrated by comparing models #1, #2 and #5. Among the models that incor-
porate positional information (i.e., #2 and #5), model #5, which integrates both spatial
and temporal information, outperforms model #2, which solely utilizes spatial positional
information. Additionally, all models incorporating positional information (#2 and #5)
achieve higher accuracy than models lacking positional information (#1).

Subsequently, we delve into several design choices for the PM module. In our MMN,
special consideration is given to the design of temporal coordinates and the corresponding
normalization function. For comparison, we train model #3, where temporal coordinates
are sequentially numbered, similar to the approach in VisTR [57]. Model #4 replaces
the normalization function of our MMN with the commonly used NormM, as defined in
Equation (6). As evidenced by Table 3, replacing either the temporal coordinates numbering
scheme or the normalization function results in a degradation of segmentation accuracy.
We conjecture that the combination of the coordinate numbering scheme and normalization
using Equation (7) enables better utilization of information contained in two critical frames,
namely, the first frame and the last frame.
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Table 3. The results of ablation studies. We conduct an ablation study on the proposed Position Mod-
ulator (PM). ‘Sequential’ means temporal coordinates are numbered sequentially, while ‘Customized’
represents that temporal coordinates are numbered as proposed in the Position Modulator. Bold
indicates the best performance.

IM PE N J &F J F
#1 ✗ ✗ ✗ 82.0 79.0 85.1
#2 ✗ 2D NormM 83.4 80.3 86.5
#3 ✗ 3D-Sequential NormM 83.5 80.4 86.6
#4 ✗ 3D-Customized NormM 80.6 77.5 83.7
#5 ✗ 3D-Customized NormR 84.0 80.9 87.2
#6 ✓ ✗ ✗ 84.3 80.5 88.1
#7 ✓ 3D-Customized NormR 85.8 82.8 88.9

4.4. Comparison with State of the Art

DAVIS: The quantitative results of DAVIS 2017 and 2016 [11,62] are shown in Tables 4
and 5, respectively. On DAVIS 2016, the proposed MMN achieves a J&F score of 91.2% on
the DAVIS 2016 validation set, which is comparable to other semi-supervised VOS solutions.
On DAVIS 2017, which is multi-object-annotated, our MMN achieves a J&F score of 85.8%,
which is comparable to other competitive state-of-the-art methods. From the table, it can
be observed that the proposed MMN outperforms the baseline STM [3] by 3.6 in terms of
region similarity score J , 4.5 in terms of contour accuracy score F and 4.0 points in terms of
average score J&F . This is attributed to the MMN’s adoption of the memory modulation
mechanism, resulting in improvements in both pixel-level accuracy and boundary precision.
Since the contour accuracy scoreF emphasizes boundary precision, the MMN demonstrates
more significant improvements in this aspect. We also present qualitative results in Figure 5.
Due to the modulated memory, the MMN manages to segment the challenging tail area of
the motorcycle, while the baseline method STM [3] accumulates the segmentation error
throughout the video.

Table 4. Quantitative evaluation on the DAVIS 2017 validation set. Bold and underline indicate the
best and the second-best performance, respectively.

Methods J &F J F
OnAVOS [38] 67.9 64.5 71.3
OSMN [28] 54.8 52.5 57.1
OSVOS [29] 59.2 56.6 61.8
RGMP [41] 63.2 64.8 68.6
FAVOS [68] 58.2 54.6 61.8
CINN [34] 70.7 67.2 74.2
VideoMatch [37] 62.4 56.5 68.2
PReMVOS [39] 77.8 73.9 81.7
A-GAME [32] 70.0 67.2 72.7
FEELVOS [35] 71.6 69.1 74.0
STM [3] 81.8 79.2 84.3
KMN [5] 82.8 80.0 85.6
EGMN [6] 82.9 80.0 85.9
CFBI [33] 81.9 79.1 84.6
AFB-URR [7] 74.6 73.0 76.1
RMNet [10] 83.5 81.0 86.0
SST [69] 82.5 79.9 85.1
LCM [9] 83.5 80.5 86.5
STCN [27] 85.4 82.2 88.6
BMVOS [31] 72.7 70.7 74.7
RDE-VOS [40] 84.2 80.8 87.5
DEVA [70] 86.8 83.6 90.0

Ours 85.8 82.8 88.9
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Table 5. Quantitative evaluation on the DAVIS 2016 validation set. Bold and underline indicate the
best and the second-best performance, respectively.

Methods J &F J F FPS

OnAVOS 85.5 86.1 84.9 0.1
OSVOS 80.2 79.8 80.6 0.1
MaskRNN 80.8 80.7 80.9 -
CINN 84.2 83.4 85.0 <0.1
LSE 81.6 82.9 80.3 -
VideoMatch 81.9 81.0 80.8 3.1
PReMVOS 86.8 84.9 88.6 <0.1
A-GAME 82.1 82.2 82.0 14.3
FEELVOS 82.2 81.7 88.1 2.2
STM 89.3 88.7 89.9 6.3
KMN 90.5 89.5 91.5 8.3
CFBI 89.4 88.3 90.5 5.6
RMNet 88.8 88.9 88.7 11.1
RDE-VOS 91.1 89.7 92.5 35.0

Ours 91.4 90.6 92.2 6.0

Figure 5. Visual comparison with the state-of-the-art methods.

YouTube-VOS: Due to the large amount of videos, the YouTube-VOS benchmark
poses a huge challenge to VOS solutions. The quantitative results of the YouTube-VOS
2018 validation set are presented in Table 6, where the proposed MMN performs favorably
against the state-of-the-art methods. From the table, it can be observed that the proposed
MMN outperforms the baseline method STM [3] in terms of J score by 1.5 and F score
by 2.3 for the seen category. For the unseen category, the MMN achieves an improvement
of 4.8 in J score and 5.3 in F score. It benefits from the Position Modulator in the MMN,
which enhances the positional information, thereby improving its performance particularly
when encountering unseen object categories during training.

A visual comparison of segmentation results on YouTube-VOS video 37dc952545 is
also provided in Figure 5. STM [3] loses track when the target head reappears at frame
90, while STCN [27] is disturbed by similar objects from frame 40. In contrast, with the
proposed PM module, our MMN succeeds in relocating the target head at the frame, while
avoiding interference by the background.
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Table 6. Quantitative evaluation on the YouTube-VOS 2018 validation set. Bold and underline
indicate the best and the second-best performance, respectively.

Methods G JS FS JU FU

OnAVOS 55.2 60.1 62.7 46.6 51.4
OSMN 51.2 60.0 60.1 40.6 44.0
OSVOS 58.8 59.8 60.5 54.2 60.7
RGMP 53.8 59.5 - 45.2 -
BoLTVOS 71.1 71.6 - 64.3 -
PReMVOS 66.9 71.4 75.9 56.5 63.7
A-GAME 66.1 67.8 - 60.8 -
STM 79.4 79.7 84.2 72.8 80.9
KMN 81.4 81.4 85.6 75.3 83.3
EGMN 80.2 80.7 85.1 74.0 80.9
CFBI 81.4 81.1 85.8 75.3 83.4
AFB-URR 79.6 78.8 74.1 83.1 82.6
RMNet 81.5 82.1 85.7 75.7 82.4
LCM 82.0 82.2 86.7 75.7 83.4
SST 81.7 81.2 - 76.0 -
STCN 83.0 81.9 86.5 77.9 85.7
BMVOS 73.9 73.5 68.5 77.4 76.0

Ours 83.1 81.2 86.5 77.6 86.2

MOSE: The MOSE [64] dataset presents a unique challenge due to its more intricate
scenes and extended video lengths, which demand robust segmentation algorithms capable
of maintaining accuracy over prolonged durations. While our MMN surpasses the baseline
method STM [3] on MOSE, it lags behind DEVA’s [70] results (Table 7). We attribute this
discrepancy to the integration of an LSTM module designed explicitly for handling longer
video sequences in DEVA. To address this, future improvements could involve augmenting
the MMN architecture with a dedicated LSTM module tailored specifically for handling
long video sequences.

Table 7. Quantitative evaluation on the MOSE validation set. Bold and underline indicate the best
and the second-best performance, respectively.

Methods J &F J F
STM [3] 48.6 44.2 52.9
RDE-VOS [40] 48.8 44.6 52.9
STCN [27] 50.8 46.6 55.0
DEVA [70] 60.0 55.8 64.3

Ours 52.1 46.9 57.2

5. Conclusions

This study presented the Modulated Memory Network (MMN) for the challenging
task of one-shot video object segmentation. Our approach introduces two key components:
the Importance Modulator (IM) and the Position Modulator (PM). The IM module plays a
pivotal role in constructing an informative memory. It modulates memory embeddings
while taking into account their contextual importance and segmentation confidence. By
doing so, it enhances the quality of the memory and significantly reduces the propagation
of errors during the segmentation process. Moreover, the PM module enhanced the way
we incorporate spatiotemporal information into the segmentation process. Through a
tailored encoding scheme, it empowers both memory and query embeddings with vital
spatiotemporal information. This enhancement reinforces the accuracy of information
retrieval, resulting in more precise and robust object segmentation. The experimental results
prove that the proposed MMN performs favorably against the state-of-the-art methods on
YouTube-VOS while achieving top-rank performance on the DAVIS validation split.
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