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Abstract—In this study, we propose a method for au-
tonomously operating a surgical robot by controlling visual
attention using the robot’s own state in deep predictive learn-
ing. The proposed method, named TAIRNN (Task-Attentive
Informed Recurrent Neural Network) uses a state-conditioned
Query to retrieve visual Keys to deep predictive model. Ex-
perimental results of point-to-point movement showed that this
method can reach the final target with improved accuracy and
in fewer steps compared to conventional methods that rely
solely on image information. The results demonstrate that an
approach that incorporates a robot’s self-state awareness into
its visual attention mechanism is effective in suppressing task-
irrelevant visual noise and improving control stability.

I. INTRODUCTION
In recent years, the use of surgical robots has significantly

contributed to the precision and minimally invasiveness of
surgical procedures, but their operation still relies on the
surgeon’s hands [1], [2]. In order to reduce the burden on
surgeons and standardize advanced surgeries, it is essential
to realize autonomous surgery, in which robots perform some
of the procedures autonomously [3].
Although it remains difficult to fully automate the entire

surgical process, automating subtasks such as tumor resec-
tion [4] and suturing [5], [6] is a realistic target task for
automation [7], [8]. Deep learning, especially imitation learn-
ing that mimics human operations, is a promising method
for achieving such autonomous subtasks. However, training
surgical robots presents unique challenges. First, collecting
high-quality expert data requires the time of skilled surgeons
and is costly. Second, the internal environment under endo-
scopic examination is full of unpredictable factors, such as
poor visibility due to bleeding and soft tissue deformation,
so the trained model must be extremely robust. Therefore,
acquiring a control strategy that can operate stably in such an
uncertain environment from a limited dataset is a challenge
for realizing autonomous surgery [9], [10], [11], [12]. To
address this problem of robust learning with limited data,
models based on deep predictive learning frameworks have
proven effective [13]. The framework is a self-supervised
learning framework in which the model predicts time-series
changes in sensory and motor information, including body-
environment interactions.
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One of the previous studies that implemented this frame-
work, SARNN (Spatial Attention Recurrent Neural Net-
work), achieved some success by predicting task-important
attention points during the reconstruction process of the next
image using visual attention [14]. However, the attention
mechanism of SARNN relies on salient features in the image
and cannot take into account the context of the task, which
raises concerns that the model may lack robustness when
directly applied to surgical environments [15].
Research has been reported that uses the robot’s own state

as a cue for attention as a promising approach to overcoming
the limitations of attention mechanisms that rely solely on
image information. Seneviratne et al. have succeeded in
generating adaptive gaits on uneven terrain by combining the
visual information of a four-legged robot with inertial and
joint information using a cross-attention mechanism [16]. In
the field of surgical robotics, Zhao et al., integrate camera
images from a bronchoscope with the robot’s self-location
information using cross-attention, improving the success rate
of autonomous operation through reinforcement learning
[17]. These studies suggest that integrating physical and
visual information of a robot can lead to robust control
strategies in uncertain environments.
In this study, we propose a time series prediction model

called TAIRNN (Task-Attentive Informed Recurrent Neural
Network) that incorporates a cross-attention mechanism into
the framework of deep predictive learning, which dynami-
cally controls the target of attention using the robot’s own
state. This allows the model to understand the role of
each object in the task and direct its attention towards
classification and tracking, rather than relying solely on
visual saliency. We demonstrate through a real approach task
using a surgical robot that the proposed method improves
attentional stability and control accuracy compared to con-
ventional methods.

II. PROPOSED METHOD
This section introduces TAIRNN, a time-series predictive

model that extends the Deep Predictive Learning (DPL)
framework with a cross-attention mechanism conditioned on
the robot’s state.

A. System Overview
The architecture of the proposed model is shown in

Fig. 1 (a). This model builds upon the framework of the
SARNN（Spatial Attention RNN）architecture proposed by
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(a) System Overview (b) Comparison of Attention Mechanisms

Fig. 1. (a) The overall architecture of the model. The Attention Generation (AG) layer extracts attention points pt from the image It. The dashed
arrow indicates that, in our proposed method, this process is additionally conditioned on the robot state at, which distinguishes it from the conventional
approach. (b) Comparison of attention mechanisms. Our proposed method (right) uses a state-conditioned Query (Q) to retrieve visual Keys (K), unlike
the conventional method (left), which relies only on image features.

Ichiwara et al. [14], consisting of three main components:
Encoder, Recurrent, and Decoder.

• Encoder: The Encoder module is composed of two par-
allel Convolutional Neural Networks (CNNs): an Image
Encoder and a Token Encoder. The Image Encoder
extracts general visual feature maps from the camera
image It at time t for predicting the next frame image.
The Token Encoder extracts features for the Attention
Generation (AG) mechanism.

• Recurrent Module: The recurrent component employs
Long Short-Term Memory (LSTM) architecture. The
LSTM module integrates two distinct modalities over
time: the attention coordinates pt (extracted via AG)
and the robot state at. This integration allows the model
to make future predictions based on the spatio-temporal
context.

• Decoder: The shared LSTM’s hidden state is fed into
two separate decoders to predict the next robot state and
image frame simultaneously.

1) Action Decoder: A simple linear layer takes the
LSTM’s hidden state as input to predict the next
robot state ât+1.

2) Image Decoder: This decoder first uses a lin-
ear layer to predict the attention coordinates for
the next frame p̂t+1, from the LSTM’s hidden
state. These coordinates are converted into spa-
tial heatmaps by a Heatmap Generator (HG)
layer, which produces localized Gaussian-like re-
sponses around each attention point. The resulting
heatmaps are multiplied with the feature maps
extracted by the Image Encoder to emphasize task-
relevant regions. The weighted feature map is
then passed through a transposed convolutional
network to reconstruct the next image frame, Ît+1.
This image prediction process encourages the at-
tention coordinates pt to learn features relevant to
the task, thereby contributing to their stabilization.

B. Attention Mechanism by Cross-Attention

The core innovation of this research lies in the design
of the Attention Generation (AG) mechanism. Fig. 1 (b)
illustrates a comparison between conventional methods that
directly extract attention points from images and our pro-
posed approach using Cross-Attention.
In the conventional method, attention scores are computed

solely from an image feature. While this proves effective
for extracting visually salient regions within images, this
approach has a fundamental limitation: it cannot consider
the task context or the robot’s current state.
To address this challenge, we introduce a Cross-Attention

mechanism. Our proposed method takes as input an image
It ∈ R

H×W×3 at time step t and a state vector at ∈
R

Dstate expressed in the robot arm’s coordinate frame. First,
a Token Encoder extracts a feature map Ft ∈ R

Hp×Wp×C

from the image. Here, Hp,Wp represent the height and
width of the feature map, respectively, while C denotes
the dimensionality of the feature vector associated with
each pixel. This feature map is treated as a set of tokens,
where each token corresponds to a spatial location and has
a C-dimensional feature vector. To provide the model with
absolute spatial information, we add a learnable Positional
Encoding to the tokens. Furthermore, Layer Normalization
(LN) is applied to stabilize training, producing the set of key
vectors K ∈ R

N×C .

K = LN(Encoder(It) + PositionalEncoding) (1)

Here, N = Hp ×Wp is the total number of tokens.
Concurrently, the Query (Q) vectors are generated from

the robot state at. First, the end-effector’s coordinates are
extracted from at and transformed from the robot arm’s co-
ordinate system to the camera’s coordinate system, yielding
a′t through coordinate transformation (CT) using camera pose
information. This coordinate alignment ensures consistency
between the query and the image feature map (Keys). The
resulting vector a′t is then fed into k independent linear layers
to produce k query vectors.

Q = Linear(a′t) (2)
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Here, k represents the number of attention points to be
extracted and is a task-dependent hyperparameter. In general,
an appropriate choice of k depends on factors such as the
number and size of task-relevant object, the image resolution,
and the characteristics of the task. In this study, we fix
k = 6 to provide sufficient capacity to capture the relatively
large spherical target while keeping the architecture identical
across all methods for a fair comparison. A more systematic
exploration of k under different tasks and scene conditions
is left for future work.
We then compute attention scores by matching the gen-

erated Query (Q) against the Key (K) vectors, which are
derived from the feature map of the Token Encoder. These
scores are passed through a Softmax function to obtain k

attention maps At ∈ R
k×N .

At = softmax
(

QKT

√
C

)

(3)

In this study, we do not explicitly define a value vector V .
Instead, we directly use the attention map At as the spatial
heatmap. The obtained k attention maps At are then input
into the Spatial Soft-Argmax layer. Similar to conventional
approaches, the centroid of each map is extracted, yielding
a set of k 2D coordinate vectors pt ∈ R

k×2.
This mechanism enables the model to dynamically deter-

mine where and to what extent it should focus attention
within the image, based on both the visual input and the
robot’s current state.

C. Loss Function
Model training is performed through a weighted linear

combination of three loss terms. The overall loss function
L is defined as follows:

L = λimgLimg + λstateLstate + λattnLattn (4)

Here, Limg represents the mean-squared error (MSE) between
the predicted and ground-truth next-frame images, Lstate
represents the MSE between the predicted and ground-truth
next-frame robot’s states, and Lattn represents the error of
the Euclidean distance between the predicted attention points
p̂t+1 and target 2D attention points pt of the Token Encoder.
The λ terms are weighting factors that balance the relative
importance of each loss term.

III. Experiments
A. Experimental Setup
This experiment quantitatively evaluates the proposed

model (TAIRNN) against the conventional model (SARNN)
in terms of accuracy and efficiency on a forceps approach
task. The experimental setup, shown in Fig. 2, utilizes a
prototype of the surgical robot Saroa (Riverfield Inc., Tokyo,
Japan) [18]. The robot’s end-effector is equipped with a grip-
per designed to manipulate the target object: a silicone sphere
with a diameter of 20mm, selected for its high visual contrast
against the red mat on the workspace. Visual feedback is

provided by a fixed-mount endoscope, positioned to offer a
view of the forceps tip and the immediate workspace.

Fig. 2. Experimental setup for the approach task. (a) shows the overall
arrangement of the robotic manipulator and workspace. (b) shows a close-
up view of the surgical instruments, highlighting the spatial relationship
between the forceps (tool) and the silicone sphere (target).

B. Dataset
The training dataset was collected by operating the robot

through a complete pick-and-place task, which consists of
four phases as shown in Fig. 3. We collected 15 trials,
each lasting approximately 8 seconds. At each timestep, we
recorded a 64 × 64 RGB image sampled at approximately
18Hz and a state vector containing the 3D position and 4D
quaternion orientation of the end-effector.

C. Task Definition for Evaluation
Although the training data covers the full pick-and-place

sequence, our evaluation focuses solely on the initial “ap-
proach” phase, as a stable grasping policy has not yet
been implemented. During evaluation, the model performs
one inference per control step, operating at 0.35Hz for a
maximum of 100 steps. This rate is set to match the robot’s
physical execution time; model inference time is not the
bottleneck.
To ensure task diversity, we prepared five distinct starting

areas on the workspace: a central region and four surrounding
corner regions. These areas are represented by the five initial
patterns (I-V) shown in Fig. 4.

D. Compared Methods
This study compares the following two models:

1. Conventional Method (SARNN): The baseline model
employed in previous research [14] that extracts attention
points solely from image information.
2. Proposed Method (TAIRNN): The proposed model in-
corporating a Cross-Attention mechanism that uses queries
generated from the robot state at.
For a fair comparison, both models were trained on the
identical dataset for 10,000 epochs. Key hyperparameters
such as learning rate and loss weights were set to values
that yielded the most stable performance for each model.

E. Evaluation Metrics
To comprehensively evaluate model performance, we em-

ployed the following metrics:
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(a) Initial position (b) Approaching the target

(c) Grasping the target (d) Transporting the target

Fig. 3. The four sequential phases of the complete task used for training
the proposed model. The experiments in this paper focus specifically on
evaluating the performance of the approach phase (b).

(a) Initial Position (b) Initial Areas

Fig. 4. (a) Initial target positions were defined by partitioning the
endoscopic view into five regions (I–V); for each region, the score represents
the mean performance over three trials. (b) Schematic diagram of the five
initial areas for target placement.

• Minimum Distance to Target [mm]: The closest 3D
Euclidean distance achieved between the forceps tip and
the target’s center within a 100-step trial. This metric
measures the accuracy of the trajectory.

• Number of Steps to Minimum Distance [steps]: The
number of steps taken to reach this minimum distance.
This metric measures the efficiency of the model.

IV. Results
A. Overview of Control Performance
Figs. 5 and 6 illustrate the qualitative performance of

representative trials for both models. Fig. 5 compares the
3D trajectories of the forceps tip from the same initial
position. The conventional method (blue line) attempts a
direct, linear approach but stalls before reaching the target
area. In contrast, the proposed method (orange line) generates
a curved, nonlinear trajectory, successfully getting closer to
the target.
This difference is also evident in the distance-over-time

plots in Fig. 6, where the proposed model (b) enters the
10mm target radius while the conventional model (a) does
not.

Fig. 5. Representative 3D trajectories of the tool tip for the conventional
model (blue) and the proposed model (orange) from the same initial position.
The light blue sphere indicates the target area.

B. Analysis of Accuracy and Efficiency

To quantitatively evaluate these performance differences,
we analyzed results from all 15 trials (5 patterns × 3 repe-
titions). Table I summarizes the average Minimum Distance
to Target and the corresponding average Steps to Minimum
Distance required to reach that distance for both models.
Overall, the proposed method demonstrates superior

performance in both accuracy and efficiency. For accu-
racy, it achieved an average Minimum Distance to Tar-
get of 13.00mm, outperforming the conventional method’s
17.00mm for an average improvement of 4.00mm. For
efficiency, it required only 20.2 Steps to Minimum Distance,
significantly fewer than the 31.8 steps needed by the con-
ventional method.

C. Analysis of Attention Behavior

The performance difference stems from the quality of
attention allocation. Fig. 7 shows a snapshot of the attention
points (blue markers) for both models during autonomous
control. In the conventional approach (a), attention often
scatters to visually prominent but task-irrelevant areas, such
as the shadow of the forceps. In contrast, the proposed
method (b) maintains stable focus on the task-relevant ob-
jects: the target and the forceps themselves.
This difference becomes clearer when comparing the raw

Attention Maps shown in Fig. 8, where warmer colors (red)
represent higher attention scores, while cooler colors (blue)
represent lower scores. In the conventional method’s map
(Fig. 8 (a)), while Channels 1 and 2 successfully track
the target, Channels 3 through 6 exhibit strong responses
to background areas and lighting reflections—features com-
pletely unrelated to the task. This tendency for attention to
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TABLE I
PERFORMANCE ON THE APPROACH TASK (MEAN ± SD)

Model Metric I II III IV V Overall

Conv. Minimum Distance to Target [mm] 11.16 ± 1.23 14.92 ± 1.54 19.94 ± 2.15 22.45 ± 2.51 16.55 ± 1.82 17.00 ± 3.10
Steps to Minimum Distance 33.0 ± 3.0 35.0 ± 2.0 30.0 ± 4.0 25.0 ± 2.0 36.0 ± 3.0 31.8 ± 4.2

Prop. Minimum Distance to Target [mm] 10.00 ± 0.51 10.00 ± 0.62 16.75 ± 1.45 18.24 ± 1.78 10.00 ± 0.73 13.00 ± 2.50
Steps to Minimum Distance 21.0 ± 2.0 20.0 ± 1.0 20.0 ± 2.0 20.0 ± 1.0 20.0 ± 2.0 20.2 ± 0.9

Note: Values represent mean ± standard deviation (SD) for n=3 trials.
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(a) Conventional Model (SARNN)
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(b) Proposed Model (TAIRNN)

Fig. 6. Comparison of distance-to-target trajectories for the conventional
model (a) and the proposed model (b) in a representative trial from initial
position pattern II. The shaded region indicates the success area (distance
< 10mm). While the conventional model (a) fails to consistently stay
within this area, the proposed model (b) successfully enters the region at
approximately 20 steps and maintains proximity to the target thereafter.

be diverted toward task-irrelevant features likely contributes
to the control instability.
By contrast, the proposed method’s attention map

(Fig. 8 (b)) shows most channels consistently directing
attention to task-critical regions containing both the target
object and the forceps, without the attention straying to
task-unrelated background areas as seen in the conventional
approach.

V. Discussion

As shown in Table I and Figs. 5 and 6, the proposed
method outperforms the conventional approach in both ac-
curacy and efficiency. The fundamental reason for this
advantage is the qualitative difference in attention allocation
between the models.
Figs. 7 and 8 clearly demonstrate this distinction. The

conventional attention mechanism, which does not consider
task context, tends to respond to visually prominent patterns
within the image. As a result, as shown in Fig. 8 (a), its
attention scatters not only on the target objects (Ch. 1,2)
but also on irrelevant features like background elements and
reflections (Ch. 3-6). This explains the unstable attention
behavior observed in Fig. 7 (a) and the resulting poor final
control performance.
In contrast, the proposed attention mechanism uses queries

generated from the robot state at to enable context-aware
attention. As shown in Fig. 8 (b), its focus remains consis-
tently on task-relevant objects—the target and the forceps
—while ignoring background noise. This ability to reliably
track essential objects provides the LSTM with high-quality
temporal information, which in turn enables robust and
accurate motion generation.
However, as shown in Table I, both models consistently

failed in patterns III and IV, which correspond to cases where
the target object was located on the right. This suggests a
fundamental limitation stemming from a combination of data
bias and physical task constraints.

Fig. 7. Time-series comparison of attention points (blue markers). (a)
The conventional model’s attention is unstable and frequently distracted by
task-irrelevant background noise like shadows. (b) The proposed model’s
attention remains focused on the task-relevant area of the tool and target,
ignoring background noise.
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(a) Conventional Model (SARNN)

(b) Proposed Model (TAIRNN)

Fig. 8. (a) The conventional model shows inconsistent behavior; while
some channels (Ch. 1, 2) find the target, others (Ch. 3-6) are distracted by
task-irrelevant background features. (b) The proposed model consistently
focuses its attention on the task-relevant region containing both the target
and the tool. Note that most channels respond to both objects.

Analysis of successful trials reveals that both models
learned a strong bias to approach the target with the forceps
from the right side (Fig. 5). This is likely because the training
data was dominated by demonstrations using the right-hand
manipulator. Consequently, the models learned this “right-
side approach” as the optimal strategy.
In patterns III and IV, where the target is already on the

right, the models attempt to execute this biased strategy
by maneuvering even further to the right. This action,
however, leads to a critical failure condition: the forceps
moves partially or fully out of the fixed endoscope’s field
of view. The resulting loss of visual feedback causes the
attention mechanism to malfunction, preventing the LSTM
from generating a corrective motion.
Therefore, the failures in patterns III and IV are attributable

to the interplay between an inappropriate policy learned from
biased data and the physical limitations of a fixed-camera
setup.

VI. CONCLUSIONS
This paper proposed a time series prediction model called

TAIRNN (Task-Attentive Informed Recurrent Neural Net-
work) that incorporates a cross-attention mechanism into
the framework of deep predictive learning, which dynam-
ically controls the target of attention using the robot’s own
state. Experiments on a surgical robot demonstrated that
our method outperforms conventional approaches that rely
solely on image information. The proposed method improved
the Minimum Distance to Target by an average of 4.0mm,
enhancing both accuracy and efficiency.
In this study, we observed failures in scenarios that were

not represented in the training data, where the surgical
instrument moved beyond the fixed camera’s field of view
and visual feedback was lost. To address these limitations,
future work will diversify the dataset to cover a wider range
of initial conditions and manipulation phases. This includes
continuous sequences that span approach–grasp–transport–
placement and scenes with stronger visual disturbances fre-
quently observed in endoscopic surgery. We also plan to
include trajectories in which the tool temporarily exits and

then re-enters the camera’s view, enabling the model to
learn recovery from interrupted visual input and to maintain
robust attention under more realistic conditions.
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