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Abstract— Image servo is an indispensable technique in
robotic applications that helps to achieve high precision posi-
tioning. The intermediate representation of image servo policy
is important to sensor input abstraction and policy output
guidance. Classical approaches achieve high precision but
require clean keypoint correspondence, and suffer from limited
convergence basin or weak feature error robustness. Recent
learning-based methods achieve moderate precision and large
convergence basin on specific scenes but face issues when
generalizing to novel environments. In this paper, we encode
keypoints and correspondence into a graph and use graph
neural network as architecture of controller. This design utilizes
both advantages: generalizable intermediate representation
from keypoint correspondence and strong modeling ability
from neural network. Other techniques including realistic
data generation, feature clustering and distance decoupling
are proposed to further improve efficiency, precision and
generalization. Experiments in simulation and real-world verify
the effectiveness of our method in speed (maximum 40fps along
with observer), precision (<0.3° and sub-millimeter accuracy)
and generalization (sim-to-real without fine-tuning). Project
homepage (full paper with supplementary text, video and code):
https://hhcaz.github.io/CNS-home.

I. INTRODUCTION

Image servo is an indispensable technique for robotic
applications such as navigation and manipulation [1], [2],
[3], [4]. Given the current image, the robot needs to adjust its
pose to make it consistent with the desired image to achieve
high precision positioning.

Traditional methods extract keypoint correspondence be-
tween current and desired images, and derive velocity control
directly from keypoints error (image-based visual servoing,
IBVS) or estimate the relative pose transformation with extra
object model (position-based visual servoing, PBVS). These
methods achieve high servo precision, but suffer from either
small convergence basin and error correspondence (IBVS),
or imprecise object model and camera intrinsic (PBVS) [5],
[6]. With the development of deep learning, it has become a
trend to empower image servo with data.

Image servo is a sensory-act process, its intermediate
representation is important in sensor input abstraction and
policy output guidance. From this perspective, IBVS adopts
keypoint correspondence as explicit representation. Follow-
ing this line, prior works [6], [7], [8], [9] try to improve
the accuracy and density of correspondence, or fine-tune
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Fig. 1: We utilize explicit correspondence and neural policy, endowing image
servo with generalization, high precision and large convergence basin.

the parameter of IBVS to improve the overall performance
of IBVS based methods. However, these methods cannot
overcome the intrinsic problem of IBVS.

Another line of methods [10], [11], [12], [13] investigate
the implicit representations. They encode image to latent
vectors which naturally avoid explicit error correspondence
and predict velocity in an end-to-end manner supervised by
PBVS, which has a larger convergence basin. These methods
converge well and achieve comparable precision with IBVS
in specific scenes seen in training, however, cannot generalize
well to novel scenes because some spurious scene-specific
features are learned.

In this paper, we introduce Correspondence encoded Neu-
ral image Servo policy (CNS), which utilizes explicit corre-
spondence with neural policy to combine the both advantages
(Fig.1). We design the architecture, randomization and intro-
duce several techniques to overcome the problems of explicit
correspondence and neural policy to achieve:

i) High precision: We model arbitrary number of key-
points and the intermittent correspondence as a graph with
time-variant structure and intuitively, CNS is built on a graph
neural network (GNN). We use clustering and attentional ag-
gregation to resolve error correspondence. We also simulate
the error correspondence when randomization in training as
data augmentation to further improve the error tolerance;

ii) Large convergence basin: Our neural policy is super-
vised by PBVS which intrinsically has larger convergence
basin than IBVS. Moreover, we introduce graph convolu-
tional gated recurrent unit to implicitly model scene structure
which further improves the convergence and robustness to
intermittent correspondence;

iii) Generalization: As keypoint correspondence isolates
the appearance of the image from the neural policy, our
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model naturally generalizes to novel scenes. Besides, we
predict a distance decoupled velocity which prevents the
neural policy overfitting to scenes of specific scale that
used in training. Several randomization techniques are also
introduced for further improving the generalization.

We verify the effectiveness of CNS both in simulation and
real-world. The policy trained in simulation can be directly
transferred to novel scenes in real-world without any fine-
tuning, relieving the burden of deployment.

II. RELATED WORKS

Classical Visual Servo: Traditional visual servo includes
IBVS, PBVS and hybrid approaches. IBVS [14], [15] use
geometric features such as keypoint correspondence ex-
tracted from images which is robust to calibration and
model errors. However, it has limited convergence basin
(feature loss problem [6], unpredictable 3D trajectory [5],
Jacobian singularities or local minima [16]). PBVS uses
camera’s 3D poses as features and is globally asymptotically
stable. However, it requires precise camera intrinsic and
3D models of observed objects for pose estimation. Hybrid
approaches switch between [17] or combine [5], [18] the
two methods to utilize the both advantages. Overall, these
methods are general and usually highly precise with clean
correspondence, but limited either in convergence basin or
robustness to feature error.

Learning Based Visual Servo: To improve model’s
robustness and convergence, learning based methods are
introduced, they can be classified into three categories.

The first category tries to improve the observer, that is, the
quality (correctness, density) of keypoint correspondence [7]
with modern learning based feature matching methods [19],
[20], [21], or optical-flow estimation methods [8], [9], and
still use classic controller for servoing. These methods can
generalize to novel scenes but do not overcome the intrinsic
problem of controllers.

The second category focuses on improving the controller
or the both. Given 3D mesh of objects, [3] trains the neural
observer on specific scenes to provide accurate keypoints
for the neural controller to achieve high precision servoing.
However, the trained observer and controller work only for
seen scenes and fixed desired pose. [22] treats the arbitrary
desired pose servoing as a multi-task learning problem and
use a hyper-net to generate weights for neural controller
according to the given desired pose. However, it is still not
general enough since the number of keypoints is fixed and
it can not handle temporarily missing keypoints.

The last category doesn’t strictly distinguish between
observers and controllers but predicts velocity or pose in an
end-to-end manner. They [10], [11], [12], [13] encode the
current and desired images into latent vectors and predict
the velocity or pose with a MLP. These methods could
achieve comparable precision with classic methods and is
robust to image occlusions or other feature error, however,
cannot generalize to novel scenes since they adopt a pure
convolution structure which is not rotation-equivariant.
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Fig. 2: A simple case illustration of the graph representation of 7 keypoints
and correspondence. Keypoints are clustered into groups according to
positions. Edges are categorized into 2 types for intra-cluster aggregation
and inter-cluster information mutation.

Our CNS takes matched keypoints provided by any
detector-based feature matching methods (e.g., SIFT, ORB,
AKAZE, SuperGlue [20]) and uses GNNs to model arbitrary
number of keypoints and intermittent correspondence. CNS
benefits from existing generalizable observers with a compat-
ible network architecture as well as error tolerant modeling
ability from deep learning.

Graph Neural Network: Graph neural network is popular
in point cloud processing [23], [24], [25], [26], [27], [28]
for its permutation-invariant nature to handle irregular data.
Yet various mechanisms have been developed to improve
the performance of GNNs. We briefly introduce relevant
structures used in our work. [25] proposes EdgeConv to
perform graph convolution on kNN graphs. [28] incorpo-
rates the self-attention to attentionally aggregates neighbor
node embeddings. [29] introduces GraphNorm to accelerate
training GNNs.

III. ARCHITECTURE

A. Keypoints and Correspondence as Graph

Enrolling GNN for visual servo starts with the graph
representation of keypoints and their correspondence. We
assign grpah nodes’ positions and initial embedding with the
keypoint positions in normalized image plane and categorize
edges into two types: one for intra-cluster embedding aggre-
gation and the other for inter-cluster information mutation.

Notation: To formally define the graph, we first define
notations. The left superscript c∗ means variables obtained
from desired pose, whereas ct from current pose. s represents
keypoint positions in the normalized image plane. c∗si repre-
sents the i-th keypoint of total N keypoints in desired pose. G
is a group containing keypoint indices belonging to a specific
cluster (we use Affinity-Propagation algorithm for clustering
right after the extraction of c∗s). c∗Gi contains indices of i-th
cluster (total Nc clusters) in desired pose. c represents the
center keypoint of a cluster. Cluster center keypoint ci for i-
th cluster is chosen as the point closest to the mean keypoints
position of that cluster: ci = argminsj∥sj−

1
Nci

∑
k∈Gi

sk∥,
where Nci is the number of contained keypoints of i-th
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cluster. E represents edges where E[i][j] = 1 means a
directed connection from j-th source node to i-th target node.
Node’s position is chosen from s or c.

Case Illustration: We present the graph structure by
referring to a case shown in Fig.2. Suppose we have detected
total 7 keypoints (circle with solid edge filled with a number
indicating its index) in desired pose (Fig.2a). The keypoints
are grouped into 3 clusters: c∗G0 = {0, 1, 2, 3} (red circles),
c∗G1 = {4, 5} (blue circles), and c∗G2 = {6} (the green
circle). For c∗G0, c∗s2 is chosen as the center point c∗c0.
For c∗G1, since c∗s4 and c∗s5 have equal distances to the
mean position, we just random pick one as center point,
and here we choose c∗s5. For c∗G2, it contains only one
keypoint, therefore the center is chosen as that keypoint c∗s6.
Edges c∗E0 define connections from each keypoint to center
keypoint of its belonging cluster (Fig.2c), edges c∗E1 define
connections among each cluster center keypoints (Fig.2e):

c∗E0 =

1 1 1 1 0 0 0
0 0 0 0 1 1 0
0 0 0 0 0 0 1

 , c∗E1 =

0 1 1
1 0 1
1 1 0

 (1)

where c∗E0 connect c∗s (source) to c∗c (target) (Fig.2c),
while for c∗E1, source and target nodes are both c∗c (Fig.2e).

In current pose, suppose the corresponding keypoints of
c∗s0, c∗s2, c∗s4 and c∗s5 are missing (Fig.2b). As a result,
positions and node embeddings of cts0, cts2, cts4 and cts5
are meaningless, they shouldn’t participate in the intra-cluster
embedding aggregation. Therefore, we drop them from the
index groups G and edges E0, yielding ctG0 = {1, 3}, ctG1 =
∅, ctG2 = {6}. Since none of keypoints in G1 is observed,
the cluster embedding on center keypoint is meaningless and
shouldn’t participate in inter-cluster information mutation,
we need to drop them from edges E1, yielding:

ctE0 =

0 1 0 1 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 1

 , ctE1 =

0 0 1
0 0 0
1 0 0

 (2)

Note that we still use c∗c as target nodes for edges ctE0 (Fig.
2d), because the cluster center keypoint at current pose may
not be observed either. The source nodes and target nodes are
also c∗c for edges ctE1 (Fig.2f). Fig.7 shows the evolution
of graph structure in real-world experiments.

Clustering for Efficiency: If no clustering is applied,
each keypoint becomes an individual cluster, we then have
c∗E0 = IN×N and c∗E1 = 1 − IN×N . In such condition,
any graph convolution takes c∗E0 is simply a MLP without
aggregation, and c∗E1 defines dense connected edges which
consumes much memory and time for graph convolution
when numerous keypoints are detected. Thus clustering
obviously saves memory and inference time.

Clustering for Higher Precision: If no clustering is
applied, each keypoint contributes equally to the final control
rate, so does the noisy and mismatched keypoint. While
clustering are used to achieve intra-cluster embedding aggre-
gation by an attentional graph convolution (later described
in section III-B), which has the possibility to lower the
contribution of these keypoints.
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Fig. 3: Architecture of CNS. CNS takes over spatio-temporal features of
keypoints and predicts distance decoupled velocity. PTConv aggregates
intra-cluster embeddings with edge ctE0 or c∗E0, PERConvs are used
to achieve inter-cluster information mutation with edge ctE1. GConvGRU
utilizes historical observations to implicitly model scene structure, brining
larger convergence basin than IBVS and generating more smooth control.

B. Network Architecture

By encoding keypoints and correspondence as a graph,
we naturally build the policy with GNNs (Fig.3). To achieve
intra-cluster node embedding aggregation, we use Point-
Transformer convolution [28] (denote as PTConv in Fig.3) to
aggregate features of keypoints at desired pose and current
pose. The aggregated features are subtracted, concatenated
and fused by a MLP. Since low grain features have been
aggregated to cluster centers, further convolutions can be
conducted only on these centers which significantly reduce
the computing complexity when numerous keypoints are
encountered. We propose to use two point-edge-residual con-
volution (PERConv) layers to propagate information among
cluster centers.

Graph Convolutional Gated Recurrent Unit: Keypoints
provided by observers may be temporarily missing and jitter
in image plane. A pure feedforward network structure may
suffer from noises in a sequential decision task, therefore, it’s
natural to incorporate temporal modeling ability in our con-
troller. We thus propose graph convolutional GRU (GCon-
vGRU) built upon PERConv and GRU as Eq.7 (Supplemen-
tary Material, section VII-B). Our GConvGRU is different
from gated graph convolution proposed by [30]. The latter
runs graph convolution and GRU cell sequentially, while in
our GConvGRU, graph convolution directly participates in
the predictions of gates and the hidden state.

Network Predicition: CNS predicts distance decoupled
velocity for better generalization. Specifically, it predicts the
direction vpred

dir = [νpred
dir ;ωpred

dir ] and norm T (lpred) of the
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distance decoupled velocity. Following the IBVS requiring
depth value (can be roughly estimated) to calculate velocity,
we also need a distance prior (only a scalar) to scale the
linear velocity of network predictions for actual control:

νpred =
νpred
dir

∥vpred
dir ∥2

T (lpred) · d; ωpred =
ωpred

dir

∥vpred
dir ∥2

T (lpred) (3)

where T (·) = 1 + ELU(·). T decays exponentially to
zero when input is negative, encouraging the network to
predict more accurate velocity when close to the desired
pose to avoid damping behavior. When input is positive,
T behaves as a linear function, preventing the network
predicting exaggerated large velocity.

C. Loss

We use PBVS [14] as supervision since poses are always
known in simulation. We divide the linear velocity of su-
pervision by ground truth distance prior dgt = ∥ c∗po∥2
(distance from scene center to camera at desired pose) to
obtain the distance decoupled representation of the supervi-
sion: vgt

dd = [νgt/dgt;ωgt]. We supervise the direction and
the norm of the distance decoupled velocity separately:

Ldir = 1− CosineSimilarity(vpred
dir ,vgt

dd)

Lnorm = MSE
(
lpred, T −1

(
∥vgt

dd∥2
)) (4)

with the final servo loss as: Lservo = Ldir + 0.1Lnorm.

IV. RANDOMIZATION IN TRAINING

Thanks to the graph based representation, we need to
only sample keypoints rather than render images for faster
training. It also enables us to directly simulate the non-
idealities of keypoints and correspondence regradless of
detailed image appearance for generalization.

A. Keypoints Distribution Simulation

Empirically, we assume the distribution of keypoints
inversely projected to 3D space as a union of multiple
bounded uniform distributions. Denoting S(n, x, y, z, h, a, b)
as a randomization scheme to uniformly sample n points
in a elliptic cylinder located at center (x, y, z) with height
h, major axis a and minor axis b. Given total number of
points N in scene with maximum scene boundary size r, we
first determine the number of clusters to generate as Nc.
Each cluster i is randomly assigned with ni points with
cluster center coordinates as {(xc

i , y
c
i , z

c
i )}

Nc
i=1. Afterwards,

points in i-th cluster are generated: Pi = {(xj , yj , zj)}ni
j=1 =

S(ni, x
c
i , y

c
i , z

c
i , 0.1r, a, b). Random rotation around cluster’s

center is applied to all points belonging to the same cluster
to mimic the various object surfaces in the scene. Finally, the
residual points are uniformly distributed in the whole scene:
P0 = S(N−

∑
i ni, 0, 0, 0, 0.5r, r, r). The overall 3D points

set is the union: P ∈ RN×3 = ∪Nc
i=0Pi. Given camera’s

extrinsic c
wT and intrinsic K, keypoints in normalized image

plane S ∈ RN×2 can be obtained by projection: S =
Project(K, c

wT, P). Fig.4 shows an example of generated
points and their projection in the normalized image plane.
Detailed values of hyper-parameters to generate points are
listed in Supplementary Material, section VII-A.
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Fig. 4: Keypoints sampling and projection. The blue cylinder defines the
boundary of points sampling space in training, or ranges of positions of
objects from YCB datasets [31] in evaluation (in environment Erender

described later in section V-A). After sampling points in 3D space, we
project them to the normalized image plane as the detected keypoints.

B. Non-ideal Correspondence

Only a subset of keypoints from desired pose frame
can find their correspondence in current pose when facing
object occlusions and large perspective change. Since the
perspective change is resulted from camera motion, the initial
observable region may shift to other areas when moving
from initial pose to desired pose. To simulate the shifting
observable region and missing keypoints behavior, we assign
an observable probability pi and a jitter time constant τi
to each keypoint si ∈ S. We define three Gaussian kernels
in normalized image plane where keypoints close to kernel
centers have higher pi:

pi = max({κ(∥si − kj∥2, 0.3r)}3j=1) (5)

where κ(µ, σ) = exp(−µ2/(2σ2)), si = (xkp
i , ykpi ) is the

coordinate of i-th keypoint and kj = (xkc
j , ykcj ) is the

coordinate of j-th kernel center. The kernel center changes
with camera motion to produce observable region shifting
behavior. This can be implemented by sampling xkc

j and ykcj
from 1D Perlin noise to realize smooth and random shifting
trajectory:

xkc
j = Perlin1D

(
0.2

π
∥(θu)|tnowt0 ∥2 +

0.2

r
∥t|tnowt0 ∥2

)
(6)

where (θu)|tnowt0 denotes axis-angle representation of relative
rotation from initial simulation time step t0 to current tnow,
t|tnowt0 denotes the relative translation from t0 to tnow.

Given observable probability pi derived from Eq.5 and
τi ∼ U(0.5, 5), a keypoint reverses its state via a kinetic
Monte Carlo (KMC) process with average time from observ-
able to missing τo2mi = piτi and average time from missing
to observable τm2o

i = (1− pi)τi.

V. EXPERIMENTAL RESULTS

A. Simulation Environment Setup

We introduce two benchmark environments and stopping
criterion for fairly benchmarking servo policies. The first
environment named Erender randomly places 8 to 12 objects
from YCB datasets [31] in a scene (Fig.9a in Supplementary
Material). We generate total 150 scenes and randomly sample
an initial pose and a desired pose for each scene. Image ob-
served from specific pose is rendered by PyBullet simulation
engine. The second environment named Eaffine use 2D image
as scene (Fig.9b in Supplementary Material), similar as [11],
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Fig. 5: Comparisons in simulation. (a) Comparison with [11] and [13] in environment Eaffine, with average initial RE of 44.69° and TE of 284.6mm.
Each statistic is calculated from 150 runs. We assume a success servo episode when the final RE is less than 10° and TE less than 10cm. (b) Comparison
with IBVS based methods in environment Erender with or without RANSAC. Each statistic is calculated from 150 runs. ”S”, ”M”, ”L” denote sections
(each containing 50 scenes) of small, median and large initial RE (with average of 24.06°, 67.38° and 136.46°), respectively. ”A” denotes all the scenes
with average initial RE of 75.96° and TE of 247.9mm. We assume a success servo episode when the final RE is less than 3° and TE less than 3cm.

TABLE I: Comparison with IBVS in real-world. Each statistic is calculated from 60 runs with average initial RE of 86.56° and TE of 148.8mm. Both
IBVS and CNS use SIFT as the observer. We assume a success servo episode when the final RE is less than 3° and TE less than 3cm.

Scene-Easy, with RANSAC Scene-Easy, w/o RANSAC Scene-Hard, with RANSAC
IBVS CNS (ours) IBVS CNS (ours) IBVS CNS (ours)

SR (%) (95% ci) 98.33 (95.90, 100) 100 8.33 (1.34, 15.33) 75.00 (64.04. 85.96) 70.00 (58.40, 81.60) 96.67 (92.12, 100)
TS (0.04s) 145.3±46.3 158.9±44.0 358.8±65.1 136.6±49.4 232.5±45.2 217.8±51.2
RE (°) 0.147±0.088 0.053±0.046 1.368±0.429 0.067±0.033 0.523±0.476 0.101±0.125
TE (mm) 0.843±0.505 0.308±0.162 8.256±2.657 0.385±0.156 2.839±2.867 0.367±0.438

[13] do. Since the scene is pure 2D, the resulting rendered
image is affined from the original image. As for the stopping
criterion, since keypoints are already extracted at current
pose and desired pose for CNS and IBVS, we therefore use
average keypoint position error as criterion and stop current
servo process when error is below certain threshold and no
longer decreases for 20 steps. While for [11] and [13], we
use structural similarity (SSIM) [32] error between current
image and desired image as criterion.

Metrics: We use the following metrics to evaluate the
performance of servo policies: (1) SR (success ratio, we also
add 95% confidence interval in tables), (2) TS (time steps to
convergence, each time step lasts for 0.04s), (3) RE (rotation
error), (4) TE (translation error), (5) mOT (mean time cost
on observer in each frame), (6) mCT (mean time cost on
controller in each frame), (7) mTT (mean total time cost on
each frame, the summation of mOT and mCT).

B. Simulation Results

We benchmark our CNS and those implicit models in
Eaffine with the same image used by [11] and [13]. All
the models achieve high success ratio while our model
achieves best servo precision (Fig.5a). The servo precision
of [11] and [13] is limited because they use a MLP taking
features from the last convolution layer of pre-trained CNN
model (specifically trained for image classification) for servo.
However, difference on the most coarse feature map struggles
to capture minor difference from original image scale since
the feature map has been down-sampled multiple times,
resulting limited servo precision.

We compare our CNS with IBVS in Erender. Scenes
are divided into three sections (S, M, L) with increas-
ing rotational deviation between initial and desired pose.

Section A means the average result of all three sections.
Results (Fig.5b) indicate that IBVS controller fails more on
scenes with large initial RE. Compared with AKAZE+IBVS,
RAFT[33]+IBVS performs worse when initial RE increases,
we assume the reason is that data for training RAFT [33]
may not contain such large rotation deviation, resulting weak
generalization to these conditions. Our model success in
all scenes and achieves highest servo precision in most
scenes. Previous experiments use RANSAC as the additional
post-processing step to reject outlier correspondences. When
this geometric verification step is removed (Fig.5b, ”w/o
RANSAC”), AKAZE+IBVS shows significant performance
drop while our model still preserves high success ratio and
servo percision, which is more robust to mismatches.

C. Real-world Environment Setup

We compare our CNS with traditional high precision
IBVS in two real-world scenes: Scene-Easy and Scene-Hard
(Fig.9c in Supplementary Material). We uniformly scatter
20 objects (this results in rich keypoints) in Scene-Easy, and
randomly sample 60 initial-desired pose pairs for statistics.
In Scene-Hard, we use the same initial-desired pose pairs
as those in Scene-Easy, but there are only 3 objects which
are often partially observed at the initial or desired poses
(Fig.6). Moreover, the red box locates much higher than the
other two yellow pliers.

D. Real-world Results

Results show that CNS achieves higher success ratio and
precision than IBVS in Scene-Easy (Table I). In Scene-Hard,
although CNS does not achieve 100% SR, it is much higher
than IBVS. We also remove the RANSAC to inspect models’
dependency on post-processing. Results show CNS is more
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Fig. 6: Sampled success cases of IBVS and CNS in real-world experiments
with Scene-Hard setup. We visualize two cases. In each case, we plot the
overview trajectories and their zoomed-in views around the desired pose.
Next to the 3D trajectories are images obtained from initial and desired
poses, and the gray-scale images representing the photometric error between
the desired image and images obtained from the final poses guided by IBVS
and CNS.

Scene-Easy, with RANSAC Scene-Hard, with RANSAC
Image: 𝐼𝐼𝑡𝑡 Edges: 𝑐𝑐𝑡𝑡𝐄𝐄0 Edges: 𝑐𝑐𝑡𝑡𝐄𝐄1 Image: 𝐼𝐼𝑡𝑡 Edges: 𝑐𝑐𝑡𝑡𝐄𝐄0 Edges: 𝑐𝑐𝑡𝑡𝐄𝐄1

Image: 𝐼𝐼∗ Edges: 𝑐𝑐∗𝐄𝐄0 Edges: 𝑐𝑐∗𝐄𝐄1 Image: 𝐼𝐼∗ Edges: 𝑐𝑐∗𝐄𝐄0 Edges: 𝑐𝑐∗𝐄𝐄1

TS=0

TS=53

TS=106

TS=159

Desired

TS=0

TS=56

TS=112

TS=168

Desired

Fig. 7: Two samples of first perspective sequence of CNS in Scene-Easy
(left) and Scene-Hard (right). In each scene, the first column shows images
from current poses (except the last image from the desired pose), the second
column shows the structure of edges ctE0 (except the last row to be c∗E0)
and the third column shows ctE1 (except the last row to be c∗E1). In edges
ctE0 or c∗E0, points with white border are cts and c∗s respectively, while
points with yellow border are always c∗c, as illustrated in section III-A.

robust to noisy and mismatched keypoints than IBVS while
IBVS almost fails in all scenes. Moreover, CNS generate
more smooth trajectories than IBVS (Fig.6).

E. Ablation Study on Network Structure

To evaluate the effectiveness of clustering, we set the
structure illustrated in section III-B as base CNS model and
replace the PTConv of base CNS with a point-wise MLP,
resulting in a huge performance degradation in convergence
time, servo precision and computing efficiency (Table II, col-
umn ”-Cluster”). Compared with CNS without GConvGRU
or using GGNN proposed by [30], the base model improves
over 50% in precision and reaches 100% success rate in
Erender, with a slight increase (∼10%) on network inference
time (Table II, column ”-GConvGRU” and ”+GGNN”).

TABLE II: Ablation study on network structure. Each statistic is obtained
from 150 runs in simulation environment Erender. Clustering boosts the
convergence time, precision and computing efficiency, and our GConvGRU
further improves the convergence and precision. (-Cluster: replace PTConv
with a point-wise MLP; -GConvGRU: replace GConvGRU with a point-
wise MLP; +GGNN: replace GConvGRU with GGNN [30].)

CNS (base) -Cluster -GConvGRU +GGNN[30]
SR (%) 100 99.33 99.33 97.33
TS (0.04s) 207.8±43.8 378.7±183 218.6±62.0 203.4±118
RE (°) 0.12±0.11 0.72±0.62 0.23±0.29 0.24±0.28
TE (mm) 1.39±1.40 9.29±9.18 2.92±3.60 2.84±3.91
mCT (ms) 11.5±1.65 67.4±40.6 10.1±1.40 10.2±1.38

F. Discussion

Exhaustive experiments and ablation study are conducted
to prove that CNS achieves:

High precision: CNS achieves <0.3° and sub-millimeter
precision in real-world experiments. It is much robust to error
correspondence than IBVS (Table I, column ”Scene-Easy,
w/o RANSAC”). It also gains higher precision than end-to-
end learning methods [11], [13] (Fig.5a). Ablation study on
network architecture (section V-E) verifies the effectiveness
of clustering on servo precision and convergence.

Large convergence basin: CNS successfully converges
even with large initial pose deviation (Fig.5b, section ”L”).
It achieves higher success ratio than IBVS in real-world
experiments (Table I) and end-to-end learning methods [11],
[13] in simulation (Fig.5a). Ablation study on network archi-
tecture (section V-E) verifies the effectiveness of proposed
GConvGRU on servo precision and convergence.

Generalization: Real-world experiments are conducted
with model trained purely in simulation. The distance de-
coupled velocity design allows CNS workable to scenes of
any scale (Supplementary Material, section VII-G) at the cost
of estimating an extra scalar. Ablation study on imprecise
distance prior estimation (Supplementary Material, section
VII-H) shows the tolerance is relatively large. We have also
proposed several randomization techniques (Supplementary
Material, VII-F) in data generation which can further im-
prove model’s robustness to error and generalization.

VI. CONCLUSION

We present CNS that encodes keypoints correspondence
into a graph and empoly GNN as neural policy to achieve
generalizable visual servoing with high precision and large
convergence basin. Even keypoints are intermittent or par-
tially mismatched, CNS is less dependent on the quality of
correspondence and achieves higher convergence and preci-
sion than conventional methods [14]. When compared with
recently popular learning based methods [11], [13], CNS has
better generalization performance because the explicit guid-
ance suppresses the correlation between image appearance
and the policy. The training of CNS is independent of specific
scenes and can be completely finished in simulation with
randomized 3D points. CNS can be directly transferred to
real-world scenes without any fine-tuning. The servo of real
scenes achieves <0.3° and sub-millimeter servo precision
and runs in real-time, which would be a feasible solution to
general high precision image servoing tasks.
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