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Development of Imitation Learning and Large Language

Model-based Assembly Algorithm
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Abstract: Assembly is widely used in many different manufacturing applications. However, assembly
is a challenging task for robot manipulators as it involves complex manipulation and interaction with
environments. Many studies have been conducted for robotic assembly, and imitation learning is one
of the most promising solutions as it allows robot manipulators to effectively follow demonstrated
assembly trajectories. Furthermore, deep learning-based imitation learning allows highly adaptable
and scalable imitation strategies. However, most of studies on imitation learning focused on
household tasks, such as laundry or cleaning, and not many studies have been devoted on the
application of imitation learning in manufacturing domain, such as assembly. In this study, a deep
learning-based imitation learning algorithm for assembly tasks is proposed. The proposed algorithm
utilizes multi-modal information to imitate complex assembly trajectories. Furthermore, to enable
intuitive control of robot manipulators, large language model and language conditioned-policy are
used so that users can control robot manipulators through natural language. The feasibility and
performance of the proposed algorithm is verified through peg-in-hole experiments.
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[Fig. 1] Experimental setup for peg-in-hole task

[Fig. 2] Gripper and wrist camera
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[Fig. 3] Proposed vision language model architecture for
imitation learning. The policy network consists of encoders to
encode image observation and language command and
transformer-based encoder and decoder to generate robot actions
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; Ilmgtge f

VLM
(Llama 3.2)

LLM

(DeepSeekR1) Peg information
ex) {red,blue,white}

User command
ex) assemble middle peg into
blue hole

Policy input
I ex) pick blue, insert blue

Imitation learning policy

[Fig. 4] Proposed intuitive control method of robot mani-
pulators. VLM (Llama 3.2) is used to find peg order, and LLM
(DeepSeek-R1) uses both peg information from VLM and user
command to generate language command for policy

[Table 1] Prompt for LLM

Prompt

A robot is picking up cylinders and inserting them into holes.

Your job is to help the robot choosing the correct cylinder and the
correct hole.

Upon user prompt, you must generate command such as: pick
{cylinder}, insert {hole}

To indicate cylinder and hole, use their colors.

There are three holes of blue, red, and white.

Left hole is red.

Middle hole is blue.

Right hole is white.

Also, you are given the list of cylinders, such as {blue, red, white}.
The first item in the list is the color of the left cylinder.

The second item in the list is the color of the middle cylinder.

The third item in the list is the color of the right cylinder.

Note that the position of the cylinder and position of the hole are not
related.

Also, the color of the cylinder and color of the hole are not related.

For example, if cylinders are given as: {blue, white, red} and user
prompt is “Pick left cylinder and insert it into right hole”, your
response should be: pick blue, insert white

For another example, if cylinders are given as: {white, red, blue}
and user prompt is “Insert right cylinder into left hole”, your
response should be: pick blue, insert red

For another example, if user prompt is “Insert blue cylinder into red
hole”, your response should be: pick blue, insert red

For another example, if cylinders are given as: {red, blue, white}
and user prompt is “Insert red cylinder into white hole”, your
response should be: pick red, insert white

Now, given user prompt of: {},
and the list of cylinders: {},

provide the command for the robot

3.4 2R Ao 2aES

ERAUE A 22 OB 8 293
282 Sfolof sfe] o2 915] f.A0] 7]8t Alo] LSS
AGISHE Fig 19] 2350 o] 412 5 Aollch

Tema = J'(K(xa= X) - Dv) + €(q) M

A7V Tema J, K, D, x4y x, v 12| 3L glg)= ZH2H Alo] J&, A5
H|9kJacobian), 7}F4+2] 734, 7H4329] damping, 1 %], @A
A, AT YR S, 1183 S8 e olth 4] ()=
23 WERL 7ME] 74 damping ZHAke A|2EAE



3
Q% A, 23 AL s 0% 5 1 ktz2 Al

7N ek MRS [Fig 119 Ad 70l 283112
o A A AE-2 Robot Operating System (ROS)Z 15519
o} Alo] A A" ii fﬂH%ﬂﬂOIEM AAZE A oIS FEst
= PC o5 H BT pohcy ﬂ EH < 013‘*‘—% 753171
A3t pcE %LHFJE} e & 13l 12079
?J]Zﬂ = T k5 S5 [Table 2]4 2o AR =

Sk YALPE2 PyTorchs 3l FAE U B3 A =&
A2, A5 5 o ol HAT o+ o 2 A+
oflA=0lE 2 6H O]U] A] g o] &f o] Hi3fi random crop % -2}
il

:L

Alo]e] 3732 =353irt.
S5 mEk _}é_ policyE- o]-85lo] 2 2GS 513
peg®] YA & Ao} HFS HA| 7}U4A1 = 61 9] A%
Z=8)5}0] 71 AT}Z [Table 3]0] UG Om ghok sH4%
sl o melo] 43402 AR} A\ B peg AHBAIH

A3t holeol] A8t 749 25 success= FA|SHATH
AT A & 4= Q)50 thoFst dejo] WS ARl o
h&E H|Hdojrdlo] o]t HHES AZHo g 43S

[Table 2] Hyperparameters for training

Hyperparameters Value
GPU Nvidia RTX4090
Batch size 16
Learning rate 0.0001
# train steps 30,000
Chunk size 100
Optimizer Adam™¥

[Table 3] Experimental results

No. User prompt Results
1 Do peg-in-hole with first peg and first hole Success
2 Pick last peg and insert it into right hole Success
3 Pick red peg and insert it into blue hole Success
4 Insert middle peg into middle hole Success
5 Insert first peg into white hole Success
6 Pick blue peg and insert it into red hole Success

©) @

[Fig. 5] Experimental results 1: (a) initial state, (b) insert middle
peg into middle hole, (c) insert first peg into white hole and (d)
pick blue peg and insert it into red hole

[Fig. 6] Experimental results 2: (a) initial state, (b) do peg-
in-hole with first peg and first hole, (c) pick last peg and insert
it into right hole and (d) pick red peg and insert it into blue hole
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