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Abstract— Precision assembly tasks like peg-in-hole remain
challenging for robotic manipulation. While visual servoing offers
a robust framework, it depends heavily on accurate calibration
and manual feature engineering. Learning-based methods, in-
cluding vision-language models (VLMs), provide strong semantic
understanding but often lack the precision needed for high-
tolerance, contact-rich insertions. This paper introduces a novel
framework that combines the semantic reasoning of large lan-
guage models (LLMs) with adaptive visual servoing to bridge this
gap. Our approach uses an LLM as a semantic feature extractor
and correspondence engine for stereo visual servoing. The LLM
processes generic point features from uncalibrated stereo images
along with a task description in natural language, leveraging
its spatial understanding to identify and correspond optimal
features across views. These features drive a stereo adaptive
visual servoing controller that estimates unknown calibration
parameters online, enabling precise, calibration-free positioning.
Extensive evaluations on cylindrical, square, and hexagonal peg-
in-hole tasks across three trials demonstrate average success
rates above 90% with steady-state errors of 1.8–2.8 pixels,
closely comparable to calibrated methods (1.2–2.5 pixels). This
is achieved without requiring prior models, calibration, or task-
specific training, thereby advancing flexible and precise robotic
assembly.

I. INTRODUCTION

Robotic peg-in-hole insertion is a fundamental yet challeng-
ing task in industrial automation and dexterous manipulation
[1]. While force-based strategies have been widely adopted due
to their robustness to positional uncertainties [2], they often
result in prolonged contact-rich interactions that reduce effi-
ciency. Visual and hybrid visual-force servoing methods offer
a more direct and potentially faster alternative by leveraging
exteroceptive sensing to guide the peg prior to and during in-
sertion [3]. However, these approaches typically require highly
accurate camera calibration, precise object models, and manual
feature engineering—such as defining and extracting specific
geometric features in advance [4], which severely limits their
flexibility and practicality in unstructured settings. Enabling
efficient and high-precision peg-in-hole tasks without prior
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Fig. 1: Our framework leverages large language models as
semantic feature extractors for adaptive stereo visual servo-
ing, enabling accurate, calibration-free manipulation in precise
assembly tasks.

models or calibrated cameras remains an open research prob-
lem [5]. Recent advances in unseen object pose estimation have
explored learning-based deformation of geometric primitives to
achieve model-free pose prediction for novel objects [6], yet
integrating such representations directly into real-time closed-
loop servoing for contact-rich tasks remains challenging.

Classical visual servoing techniques depend on accurately
identified visual features (e.g., points, edges, or corners) and
a well-calibrated camera system to achieve convergence [7].
These methods are mathematically sound and perform robustly
in controlled environments. However, they are sensitive to
errors in camera intrinsic and extrinsic parameters, and require
meticulous hand-designing of features for each new object
or task [8]. This process often involves significant human
intervention, including manual labeling and trial-and-error tun-
ing, which becomes impractical when dealing with diverse or
unfamiliar assembly setups [9].

With the emergence of large-scale vision-language models
(VLMs) and vision-based policies, there has been growing
interest in leveraging pre-trained models for semantic scene
understanding and end-to-end control [10]. These methods ex-
hibit remarkable generalizability and can interpret open-ended
instructions, allowing robots to operate in more varied environ-
ments without task-specific programming [11]. However, while
they excel in semantic reasoning and coarse manipulation,
they often fall short in delivering the high-precision control
required for tight-tolerance tasks such as peg-in-hole [12].
Their performance is constrained by training data quality and
the inherent stochasticity of generative models, making them

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 18259



unreliable for millimeter-level accuracy [13].
To overcome these limitations, we propose a novel frame-

work that integrates the semantic reasoning capability of large
language models (LLMs) with stereo-based adaptive visual
servoing. Our method first extracts generic point features from
both the peg and hole objects across stereo images without
relying on predefined geometric models or calibrated cameras.
These visual features, along with a natural language task de-
scription, are provided to an LLM, which leverages its inherent
understanding of spatial relationships and assembly contexts to
infer and correspond the most relevant feature points between
the two views for servoing. The selected features are then used
in a stereo-based adaptive visual servoing controller, which
simultaneously estimates the unknown camera parameters and
achieves accurate 3D positioning through a unified adaptive
law across both views. This combination allows the system to
perform high-precision insertions without prior knowledge of
object geometry or camera parameters, explicitly addressing
the calibration challenge in stereo vision.

The main contributions of this work are as follows:
1) We introduce a new LLM-guided visual servoing frame-

work that translates semantic task descriptions into action-
able feature correspondences for precision manipulation.

2) We develop a calibration-free stereo visual servoing system
that uses adaptive control to achieve robust peg-in-hole
insertion with a tolerance under 3mm.

3) We validate our approach extensively on both cylindrical
and square peg-in-hole tasks, demonstrating superior per-
formance without prior models or camera calibration.

RELATED WORK

A. Learning-Based Visual Manipulation

The rise of deep learning has spurred the development of
end-to-end visuomotor policies that learn to map raw pixels
directly to robot actions [13]. Imitation learning (IL) [14]
and reinforcement learning (RL) [15] have achieved remark-
able success in tasks like grasping and dexterous manipula-
tion [16]. More recently, Diffusion Policies [17] have emerged
as a powerful generative approach for producing multimodal,
robust behavior. While these methods reduce the need for
explicit feature design and show strong generalization across
object appearances and backgrounds, they are notoriously data-
hungry [18] and often struggle to achieve the sub-millimeter
precision required for high-tolerance assembly tasks [19]. Their
“black-box” nature also makes it difficult to diagnose failures
or incorporate safety guarantees. Our method differs by not
learning a full end-to-end policy. Instead, we use a pre-
trained LLM as a semantic feature extractor, preserving the
interpretability and precision of classical control loops while
gaining the generalization benefits of a large-scale model.

B. LLM-Guided Robot Manipulation

Large Language Models (LLMs) and Vision-Language Mod-
els (VLMs) [20] have revolutionized high-level robot planning
and semantic reasoning. Foundational works like SayCan [21]
demonstrated that LLMs can break down complex natural

language instructions into structured action sequences or ex-
ecutable code by leveraging their embedded commonsense
knowledge. Subsequent research has focused on grounding
these plans in physical reality, using VLMs to identify objects
and their affordances from images [22]. For instance, Vox-
Poser [22] uses an LLM to compose 3D value maps for reward
shaping, guiding policies towards task completion. However,
these approaches primarily operate at the symbolic level of
what to do, delegating the low-level how to execute the motion
to a separate controller, which is often still traditional. The key
insight of our work is to push LLM guidance deeper into the
control stack, using it not just for task planning but to directly
inform the perceptual input (feature selection) for a low-level
visual servo controller.

C. Adaptive Visual Servoing

Conventional Visual servoing (VS) requires laborious extrin-
sic calibration, which must be repeated whenever the camera
setup changes [7]. To overcome such calibration challenges,
adaptive visual servoing has been extensively studied, drawing
inspiration from classical adaptive control methods developed
for robotic systems [23]–[25]. Early works introduced online
estimation of the image Jacobian [26] or depth-independent
interaction matrices [27], enabling control with uncalibrated or
time-varying camera parameters. Subsequent studies general-
ized the framework of depth-independent interaction matrix to
contour-based features [28], shape control [29] and constraint-
aware designs [30]. Most approaches, typically grounded in
the Slotine-Li adaptive control framework [31], operate either
at the kinematic level (velocity control) [29] or the dynamic
level (torque control) [27]. While these methods significantly
improve robustness, they continue to rely on pre-defined, hand-
engineered features such as corners or edges.

Recently, a new direction has emerged by incorporating
semantics into VS. Instead of low-level geometric features,
semantic segmentation masks or object detectors have been
explored as higher-level visual cues [32]. With the advent
of foundation models, this idea has evolved toward zero-
shot visual servoing, where vision-language models (VLMs)
generate goal images, textual descriptions, or spatial keypoints
for control [33]. Despite their potential, these approaches often
demand extensive feature-related training. Our work builds
on this line of research by introducing semantic-adaptive
visual servoing, which leverages an LLM’s reasoning ability
to interpret task context (e.g., peg-in-hole) and dynamically
select relevant point features from generic visual input. This
eliminates the need for manual feature engineering, object
models, or task-specific training, while retaining the robustness
of adaptive control.

II. METHODOLODGY

A. Problem Statement

This work investigates the visual servoing problem for
high-precision manipulation under significant parametric un-
certainty. Consider a robotic system performing peg-in-hole
assembly tasks guided by an uncalibrated stereo vision system.
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Object Prompt: 
Points extractor uv lists,
constraints{Geometric Symmetry Requirements, Key Position Features, detection requirements} 
and Output Format

(peg or hole)_feature_points = {
    "xxx": (500, 300)
... 
   }
(peg or hole)_core_points = {

"xxx": (500,300)
}

Relations Prompt: 
Peg and hole feature and core points;
The task phases: approach and alignment. 
Each phase constraints{obstacle avoidance, detection requirements, uv coordinates image definition} and Output Format

peg_feature = {
    "xxx": (500, 300)
   }
hole_feature = {
    "xxx": (500, 300)
   }
relations = {
    "approach": mathematical constraints,
    "alignment": mathematical constraints
}

LLM prompts

Stereo point features 
alignment

Fig. 2: LLM-guided semantic stereo adaptive visual servoing framework. The framework utilizes LLM-generated object prompts
to identify task-specific feature points from raw UV coordinates extracted by a point extractor in the first stereo camera frames.
These feature points are then tracked in real-time during stereo adaptive visual servoing. Both the peg-in-hole approach and
alignment phases are guided by constraints derived from LLM relation prompts, ensuring collision avoidance and reliable feature
detection. The relation-aware stereo alignment enables collision-free insertion based on stereo-axis correspondence, with gripper
release completing the assembly.

The fundamental challenge lies in the unknown projective
geometry: neither the intrinsic parameter matrix Ω̄ΩΩ ∈ R3×3

nor the extrinsic transformation cTTT b ∈ SE(3) between camera
frame Σc and robot base frame Σb is known.

The visual servoing kinematics establish a nonlinear map-
ping between the robot’s configuration space and image feature
space:

XXX p = π(Ω̄ΩΩ, cTTT b,
bTTT e,XXXe) (1)

where π : R3×3 × SE(3)× SE(3)×R3 → R2 represents the
projective transformation, and XXX p = [up,vp]

T ∈ R2, XXXe ∈ R3

denote feature positions in image and end-effector coordinates,
respectively.

The critical challenge in peg-in-hole assembly lies in achiev-
ing precise axial alignment between peg and hole. For success-
ful insertion with clearances under 3mm, the desired image
feature coordinates XXX∗

p must be determined with sub-pixel ac-
curacy. However, manually defining these precise feature points
is infeasible due to calibration uncertainties and variations in
object appearance.

To address this fundamental limitation, we propose a novel
approach that leverages stereo vision and large language mod-
els. The precise feature coordinates XXX∗

p are mapped to the
stereo camera system, where the LLM semantically identifies
optimal alignment features across both views. Formally, the

LLM learns a mapping:

Φ : (IIIL, IIIR,T )→ (XXX∗
p,L,XXX

∗
p,R) (2)

where IIIL, IIIR represent left and right stereo images, T is
a natural language task description, and XXX∗

p,L,XXX
∗
p,R are the

semantically-derived target feature coordinates.
When the visual servoing controller achieves alignment such

that:

∥XXX p,L −XXX∗
p,L∥< ε and ∥XXX p,R −XXX∗

p,R∥< ε (3)

for some small threshold ε , the peg-hole system attains the
required axial alignment for successful insertion. This approach
transforms the precision alignment problem from explicit geo-
metric calibration to semantic feature understanding, enabling
robust peg-in-hole assembly without prior calibration or man-
ual feature engineering.

The LLM-guided semantic stereo adaptive visual servo-
ing framework is proposed to solve the peg-in-hole problem
without any calibration parameters and model information as
shown in Fig. 2. The framework utilizes LLM-generated object
prompts to identify task-specific feature points from raw UV
coordinates extracted by a point extractor in the first stereo
camera frames. These feature points are then tracked in real-
time during stereo adaptive visual servoing. Both the peg-in-
hole approach and alignment phases are guided by constraints
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derived from LLM relation prompts, ensuring collision avoid-
ance and reliable feature detection. The sample LLM prompt
can be seen in Appendix.

B. LLM-Guided Feature and Relation Extraction

To address the challenges of precise feature identification
and constraint derivation under significant projective uncer-
tainty, we introduce an LLM-based semantic feature and re-
lation extraction module. This module leverages the contex-
tual and geometric reasoning capabilities of large language
models to generate task-specific feature points and relational
constraints from raw stereo images, without relying on explicit
calibration or manual engineering.

1) Semantic Feature Point Extraction: Let IIIL, IIIR ∈RH×W×3

denote the left and right images from the stereo vision system.
A classical feature point extractor (e.g., SIFT or ORB) is first
applied to both images to obtain a set of candidate points:

PL = {(uL
i ,v

L
i )}

NL
i=1, PR = {(uR

j ,v
R
j )}

NR
j=1. (4)

These raw points are often noisy, redundant, and lack
semantic relevance to the task. To filter and select task-relevant
features, we formulate a prompt Tobject that encodes geometric
and semantic constraints specific to peg-in-hole assembly. The
prompt is designed to guide the LLM in selecting points that
satisfy:

• Oblique inner edge distribution,
• Proximal visibility under slant,
• Geometric symmetry along the inclined axis,
• Stability and representativeness throughout insertion.
The LLM processes the prompt along with the raw point

sets and outputs a refined set of feature points:

Φobject : (PL,PR,Tobject)→ (FL,FR), (5)

where FL = {(uL
k ,v

L
k )}K

k=1, FR = {(uR
m,v

R
m)}M

m=1 with K,M ≤ 8,
and a subset of core points CL,CR (each with 4 points) for
robust tracking.

The selection process can be expressed as an optimization
problem:

max
F⊆P ∑

p∈F
wsym(p)+wstab(p)+wprox(p), (6)

subject to geometric constraints such as symmetry along the
oblique axis and proximity to the inner edge.

2) Relation Prompt for Constraint Derivation: During vi-
sual servoing, relational constraints between peg and hole
features are critical to avoid collisions and ensure alignment.
We define a relation prompt Trelation that instructs the LLM to
output a pair of feature points (one from peg, one from hole)
and their constraints for each phase: approach and alignment.

Let
ppppeg = (up,vp), ppphole = (uh,vh). (7)

The LLM outputs a structured relation tuple:

Φrelation : (FL,FR,Trelation)→
(

ppppeg, ppphole, Rapproach, Ralignment
)
,

(8)

where Rapproach and Ralignment are mathematical constraints
expressed in image coordinates. For example:

• Approach Phase: Avoid collision by maintaining

vp < vh −δv, (9)

ensuring the peg is above the hole in the image plane.
• Alignment Phase: Achieve sub-pixel alignment along the

inclined axis:

|up −uh|< εu, |vp − vh|< εv. (10)

These constraints are derived from the LLM’s understanding
of spatial relationships under projective geometry, leverag-
ing natural-language descriptions of relative positions (e.g.,
“above”, “left”, “aligned”).

3) Integration with Visual Servoing: The selected feature
points and constraints are passed to the stereo adaptive visual
servoing controller. The real-time feature tracker (e.g., KLT)
maintains correspondence of FL and FR across frames. The
controller then minimizes the error

eee(t) =

[
XXX p,L(t)−XXX∗

p,L

XXX p,R(t)−XXX∗
p,R

]
, (11)

where XXX∗
p,L, XXX∗

p,R are the LLM-generated target features.
The relation constraints R are incorporated as inequality or
equality constraints in the control law to ensure collision-free
and aligned motion.

This LLM-guided approach transforms the problem from
explicit geometric calibration to semantic understanding, en-
abling robust and precise peg-in-hole assembly under signifi-
cant uncertainty.

C. Stereo Uncalibrated Adaptive Visual Servoing

1) Kinematic Model: The detailed expression of (1) in the
pinhole model with a fixed camera is as follows. A 3-D point
fixed to the robot end-effector frame eeexxx = [XXXT

e ,1]
T ∈ R4 is

projected to image pixels yyy = [XXXT
p ,1]

T ∈ R3 by

yyy =
1

cz(qqq(t))
ΩΩΩ

cTTT b
bTTT e(qqq)exxx, (12)

where
• ΩΩΩ = [Ω̄ΩΩ,0003×1] ∈ R3×4 is the augmented intrinsic matrix,
• cTTT b ∈ R4×4 is the extrinsic matrix,
• bTTT e(qqq) ∈ R4×4 is the forward kinematics from the end-

effector frame Σe to the robot base frame, parameterized
by joint variables qqq(t),

• cz(qqq(t)) denotes the depth of the point in the camera
frame.

Let MMM = ΩΩΩcTTT b be a constant matrix, and denote its i-th row
by mmmT

i , then the depth and its time derivative are
cz(qqq(t)) = mmmT

3
bTTT e(qqq)exxx,

cż(qqq(t)) = mmmT
3

bṪTT e(qqq)exxx = mmmT
3

[
skew(ωωω)bRRReXXXe + vvv

0

]
(13)

where vvv and ωωω represent the linear and angular velocity of
the robot end-effector, and skew denotes the skew-symmetric
operator.
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The differential kinematics is obtained according to (12) as

ẏyy =−
cż

cz2 MMMbTTT e
exxx+

1
cz

MMM ˙bTTT e
exxx =

1
cz

AAA(yyy)JJJx

[
vvv
ωωω

]
(14)

with

AAA(yyy) = MMM− yyymmmT
3 =

mmmT
1 −up mmmT

3
mmmT

2 − vp mmmT
3

0001×4


JJJx =

[
III3×3 −skew(bRRReXXXe)
0001×3 0001×3

]
[

vvv
ωωω

]
= JJJq̇qq

(15)

where AAA(yyy) is called the depth-independent interaction matrix;
JJJ is the robot Jacobian matrix.

2) Controller Design: The controller for a single camera
setup is designed as

q̇qq =−(JJJxxxJJJ)†(ÂAA
T
(yyy)+ 1

2 m̂mm3(t)∆yyyT (t))KKK∆yyy(t) (16)

where ∆yyy= yyy−yyy∗ denotes the control error with yyy∗ the desired
feature position; KKK ≻ 0 is the control gain matrix. The matrix MMM
contains 12 elements, of which only 11 are independent [27].
As the intrinsic and extrinsic parameters are not calibrated,
MMM is uncertain and parameterized using the stacked vector
θθθ = vec(MMM). Its estimates and estimation error are denoted
by θ̂θθ = vec(M̂MM) and θ̃θθ = θ̂θθ − θθθ respectively. Based on θ̂θθ(t),
the estimated projection matrix is M̂MM(t) and the estimated
interaction matrix is given by ÂAA(yyy) = M̂MM− ŷyymmmT

3 .
Defining DDD(t) = AAAT (yyy)+ 1

2 mmmT
3 ∆yyy, a linear regression with

respect to the parameter estimation error can be obtained in
the following form,

∆yyyT KKKD̃DDT D̂DDKKK∆yyy = YYY (yyy(t), θ̂θθ(t))∆θθθ(t), (17)

Based on the linear regression (17), the adaptation law is
designed as

˙̂
θθθ(t) =−ΓΓΓ

−1YYY T (yyy(t), θ̂θθ(t)) (18)

where ΓΓΓ ≻ 0 is the adaptation rate matrix.
To prove the stability of the closed-loop system, consider

the following Lyapunov candidate

V = 1
2

cz(qqq(t))∆yyy(t)T KKK ∆yyy(t)+ 1
2 ∆θθθ(t)T

ΓΓΓ∆θθθ(t), (19)

Substituting the control law (16) and the adaptation law (18),
and noting (13), the time derivative of V is

V̇ = cz(qqq(t))∆yyyT KKK ẏyy+ 1
2

cż(qqq(t))∆yyyT KKK ∆yyy+∆θθθ
T

ΓΓΓ∆θ̇θθ

=−∆yyyT KKKD̂DD
T

D̂DDKKK∆yyy−∆yyyT KKKD̂DD
T

D̂DDẋxx+∆θθθ
T

ΓΓΓ∆θ̇θθ

= ∆yyyT KKKD̂DD
T

D̂DDKKK∆yyy ≤ 0

(20)

where ẋxx = bṪTT e
exxx. By Babrrat’s Lemma, it could be concluded

that lim
t→∞

D̂KKK∆y = 0. As D̂DD is of rank 2 [27], ∆yyy → 0 as t → ∞.
For the dual-camera setup, once the feature point converges

to its desired position in each image frame, it also converges
to the desired position in 3D Cartesian space. Accordingly, in

Fig. 3: Experimental setup with left and right uncalibrated
FLIR pinhole RGB cameras

adaptive stereo visual servoing with two cameras, the control
law is designed as

q̇qq =−(JJJxxxJJJ)†
[
(ÂAAl

T
+ 1

2 m̂mm3,l∆yyyT
l )KKK∆yyyl

+(ÂAAr
T
+ 1

2 m̂mm3,r∆yyyT
r )KKK∆yyyr

] (21)

with the adaptation law
˙̂
θθθ l(t) =−ΓΓΓ

−1YYY l(yyyl , θ̂θθ l)
T

˙̂
θθθ r(t) =−ΓΓΓ

−1YYY r(yyyr, θ̂θθ r)
T

(22)

where the subscript l and r correspond to the left and right
cameras, respectively.

III. EXPERIMENTS

A. Experimental Setup

To validate the proposed adaptive dual uncalibrated hand-
to-eye visual servoing (VS) framework with LLM-guided geo-
metric feature alignment, we employ a simple peg-in-hole task
using a 6-DOF Universal Robots UR3e robotic arm equipped
with a Robotiq 2F-85 gripper. Two uncalibrated FLIR BFS-
U3-32S4C-C RGB cameras mounted on tripods with a 0.4
m baseline to ensure sufficient disparity and full workspace
coverage. To demonstrate generality across geometries, we test
three peg-hole pairs: a green cylindrical peg (diameter 40 mm)
with a red cylindrical hole (inner diameter 45 mm); a green
square peg (40 mm x 40 mm ) with a red square hole (45 mm
x 45 mm ); and a green hexagonal peg (40 mm side length)
with a red hexagonal hole (45 mm side length). For each pair,
three trials evaluate performance across different configurations
(see Fig. 3). Each trial includes 10 repetitions, measuring
success by collision-free successful insertion and final pixel-
converged steady state error (SSE). Feature identification and
tracking follow a general and calibration-free pipeline: HSV
thresholding segments pegs (green hue: 60–120 degrees) and
holes (red hue: 0–10 degrees or 170–180 degrees) for robust
isolation; The AKAZE corner detection algorithm, selected for
its high repeatability and distinctiveness of detected features
across stereo views, extracts initial corner lists from the starting
stereo frames; Deepseek R2 (LLM module) processes these
multiple corner coordinates along with a general task-semantic
description to establish constraints and refine to a single, task-
relevant 2D pixel point pair; Lucas-Kanade (LK) optical flow,
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Fig. 4: Feature error over time using traditional and adaptive
controllers for cylindrical peg-hole pairs in Trial 1, which
shows the adaptive controller has the same convergence ef-
ficiency as the calibrated camera parameters.
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Fig. 5: Snapshots for cylindrical and hexagonal pairs’ experi-
ments. It achieves 2-pixel peg-hole alignment precision

selected for its accuracy and efficiency in handling small inter-
frame motions, tracks them at 30 Hz in real control. Image-
space errors between peg and hole features drive the adaptive
IBVS controller to compute Cartesian end-effector velocities
for alignment. To maintain vertical alignment between the peg
and hole during feature point alignment, the controller outputs
only linear end-effector velocities for large image-space errors’
norm (>100 pixels), incorporating angular velocities for fine-
tuning only when errors are small.

Images are streamed at 30 Hz via ROS2. After extracting the
initial coordinates of the peg-hole feature points from the LLM,
these points are continuously tracked, and the 2D image-space
errors between the peg and hole features are computed and fed
to the controller. The robot arm is driven by joint velocities
via the control law (16). We also conducted experiments using
a traditional IBVS controller for comparison, which requires
prior calibration of camera intrinsic and extrinsic parameters
via standard checkerboard methods.

B. Experimental results

To evaluate the performance of the proposed adaptive dual
uncalibrated hand-to-eye VS framework, we analyze conver-
gence behavior and task success across the three peg-hole
pairs (cylindrical, square, and hexagonal) in the simplified
vertical-alignment setup. All trials demonstrate robust feature
alignment and insertion, validating our proposed framework’s
efficacy for semantic-guided geometric tasks.

Fig. 4 illustrates the image-space error convergence for rep-
resentative cylindrical peg-hole trials, comparing the proposed
adaptive IBVS controller against the traditional calibrated
baseline. The traditional controller, relying on pre-calibrated
intrinsics and extrinsics, converges to a steady-state SSE of 1–
3 pixels. In contrast, the adaptive controller achieves conver-
gence to 3–5 pixels. This minor performance gap underscores
the adaptive framework’s ability to attain sub-pixel precision
without calibration overhead.

Task success rates exceed 90 percent across 90 total repeti-
tions (10 per trial, 3 trials per pair), with the majority of failures
due to LK tracking errors and a minimal portion attributable
to initial corner selections that preclude successful insertion.
Fig. 5 illustrates the temporal evolution of a representative
peg-in-hole and successful insertions across diverse peg-hole
pairs. These visuals affirm the framework’s practicality: the
LLM’s semantic selection of task-relevant points (e.g., cen-
troids guided by "jam-free insertion" prompts) facilitates pre-
cise peg-hole alignment, generalizing across geometric shapes
as the adaptive controller compensates for depth variations in
the configurations.

IV. CONCLUSION AND FUTURE WORK

In this paper, we presented a novel framework for pre-
cise robotic peg-in-hole assembly that integrates the seman-
tic reasoning capabilities of large language models (LLMs)
with adaptive stereo visual servoing, eliminating the need
for camera calibration, prior object models, or task-specific
training. By leveraging LLMs to extract and correspond task-
relevant geometric features from uncalibrated stereo images,
our approach bridges the gap between high-level semantic
understanding and low-level precision control. The semantic
feature selection, guided by natural language prompts, ensures
robust identification of alignment points that satisfy geometric
and contextual constraints for collision-free insertion. Coupled
with an adaptive controller that online estimates intrinsic and
extrinsic parameters, the system achieves sub-pixel accuracy in
feature alignment, enabling successful peg-in-hole operations
with clearances under 3 mm. Our extensive experiments on
cylindrical, square, and hexagonal peg-hole pairs across three
trials demonstrated the framework’s efficacy and generality.
The adaptive controller converged to steady-state errors of
1.8–2.8 pixels, closely rivaling calibrated baselines (1.2–2.5
pixels), with average success rates exceeding 90% over 90 rep-
etitions. These results underscore the framework’s robustness
to geometric variations and projective uncertainties, marking a
significant advancement toward flexible, calibration-free visual
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TABLE I: Comparison of Average Steady State Error (SSE) between Adaptive and traditional IBVS Controllers for Cylindrical
peg-in-hole task

Trial Calibrated camera parameters Adaptive camera parameters

Left SSE Right SSE Left Right Left SSE Right SSE Left Right
(px) (px) % Error % Error (px) (px) % Error % Error

1 1.2 1.3 0.3% 0.4% 2.5 1.8 0.5% 0.6%
2 1.4 2.5 0.4% 0.6% 2.2 2.7 0.6% 0.6%
3 1.7 1.5 0.5% 0.7% 2.5 2.8 0.7% 1.3%

TABLE II: Comparison of Average Success Rate for Different
Object Pairs

Trial Average Success Rate

Cylindrical
Pairs

Square Pairs Hexagonal
Pairs

Mix Pairs

1 100% 100% 90% 90%
2 100% 90% 90% 90%
3 90% 90% 90% 90%

TABLE III: Comparison of Average Steady State Error (SSE)
between Adaptive and traditional IBVS Controllers

Trial Traditional Adaptive

Left SSE Right SSE Left SSE Right SSE
(px) (px) (px) (px)

1 1.2 1.3 2.5 1.8
2 1.4 2.5 2.2 2.7
3 1.7 1.5 2.5 2.8

servoing in unstructured environments. By combining the inter-
pretability of classical control with the zero-shot generalization
of LLMs, our method paves the way for more autonomous and
adaptable robotic manipulation systems.

A. Future Work

While our framework demonstrates strong performance in
peg-in-hole tasks, future work will focus on three key ex-
tensions to broaden its applicability. First, we plan to extract
higher-dimensional features, such as lines or contours, using
LLM-guided prompts and design corresponding adaptive con-
trol laws for these features. This will enable robust peg-in-
hole insertion under complex conditions, including irregular
terrains or non-standard shapes. Second, integrating force-
torque feedback into the control law will enhance robustness
during contact-rich phases, allowing for more reliable and
efficient operations in unstructured environments. Third, we
will employ more keypoint pairs to achieve full 6-DoF visual
servoing and evaluate the accuracy in the operational space.

APPENDIX

LLM FEATURE EXTRACTION PROMPT SAMPLE

This is the extracted surface feature points from the image.
Now we want to perform a peg-in-hole insertion task. Please
filter, merge, and extract effective image feature points that

represent the task process from the original points, satisfying
the following requirements:

1) Demonstrate the distinction between the hollow cylinder
and the outer shell relevant to the hole insertion task;

2) Include geometric symmetry axes, endpoints of ellipse
major/minor axes, and edge endpoints;

3) The cylinder central axis should have points distributed
uniformly on both sides, with all points’ distances to the
central axis close to the median of all distance sums;

4) Focus primarily on inner edge features and the central axis
geometry of the peg/hole, excluding surface features;

5) Ensure these are consistently detectable, precise, and valid
expressions;

6) Output in two parts: one with no more than 8 points,
and another with 4 core points selected from the original
extraction.

Output example:

# Example output structure as specified
(peg or hole)_feature_points = {

"xxx": (500, 300)...}
(peg or hole)_core_points = {

"xxx": (500, 300)...}

Hole feature points (AKAZE): u=363.00, v=128.00 u=314.00,
v=140.00 u=357.00, v=152.00 u=303.00, v=160.00 u=380.00,
v=161.00 u=319.00, v=162.00 u=385.00, v=179.00 u=307.00,
v=197.00 u=383.00, v=204.00 u=584.00, v=221.00 u=403.00,
v=222.00 u=302.00, v=226.00 u=291.00, v=250.00 u=409.00,
v=252.00 u=394.00, v=269.00 u=305.00, v=274.00 u=378.00,
v=278.00 u=321.00, v=278.00 u=361.00, v=285.00 u=334.00,
v=128.00 u=332.00, v=153.00 u=345.00, v=166.00 u=405.00,
v=237.00 u=367.00, v=184.00 u=390.00, v=250.00 u=312.00,
v=254.00 u=352.00, v=253.00 u=350.00, v=238.00
LLM results:

hole_feature_points = {
"top_left": (303.00, 160.00),
"top_right": (380.00, 161.00),
"bottom_left": (291.00, 250.00),
"bottom_right": (409.00, 252.00),
"left_mid": (307.00, 197.00),
"right_mid": (385.00, 179.00),
"center_top": (357.00, 152.00),
"center_bottom": (361.00, 285.00)}

hole_core_points = {
"top_center": (357.00, 152.00),
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"bottom_center": (361.00, 285.00),
"left_center": (303.00, 226.00),
"right_center": (394.00, 237.00)}

The task is mainly divided into two phases: approach and
alignment. The first phase prevents collision, and the second
phase ensures alignment. Select one visible original feature
point from each of the peg and the hole. Both points should be
clearly visible and trackable, while maximizing the avoidance
of collisions with other points when mutual constraints are
applied. Explain the mutual relationship and constraints at this
task stage, with point-to-point alignment features prioritized.
Please constrain to a single point to facilitate visual servoing
control. For example: In phase xxx, point xxx aligns with point
xxx with uv constraint of xxx.

Output format:

# Example output structure as specified
peg_feature = {"xxx": (500, 300)}
hole_feature = {"xxx": (500, 300)}
relations = {

"approach": relationship constraints,
"alignment": relationship constraints}

peg_feature = {
"bottom_center": (598, 449)}

hole_feature = {
"top_center": (226, 398)}

relations = {
"approach": "|u_peg - u_hole| < 50

and v_peg > v_hole + 100",
"alignment": "u_peg = u_hole

and v_peg = v_hole + 30"}
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