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【提出用】

本研究室ではコンピュータビジョンを軸に、アルゴリズムからインタラクションまでを視野に入れ、誰にでも機能する・誰も
が参加できるAIの実現を目指しています。

多様な人を理解するAI：個人差・環境変化に対応した身体認識

多様な人がつくるAI：参加型データ収集とAI体験のデザイン

視線や身体姿勢など人の状態を表す信号を、多様な人・環境に対してロバストに推定する手法を研究しています。個人差・照
明・頭部姿勢・身体的特性など、現実世界の多様性に対応するモデルの構築を目指します。

より多くの人がAIの開発・評価に関われるようにするための参加のしくみを設計・研究しています。専門知識なしに貢献・体
験できる場をつくることで、AIの開発循環そのものを開かれたものにすることを目指します。

Transl. 𝜓𝜓�

Shape  𝛽𝛽�
Pose     𝜃𝜃�

𝑟𝑟�

Image 𝐈𝐈𝐢𝐢
Pose Estimator 𝐅𝐅 

Est. of F 𝜃𝜃�:�

Replay Motion 𝜃̅𝜃�:�
𝑧𝑧𝑧
𝑧𝑧

Retrieve
𝑐𝑐

𝜃̅𝜃�:��

Denoised
𝜃𝜃�:��

Anchor
𝜃𝜃�:�∗  

𝒞𝒞

Motion Denoising Network 𝐌𝐌

sg(.)
Supervision Signal

in Next Cycle

𝒞̅𝒞

Get Replay Motion 

Randomly 
Sample

𝑐𝑐 �

3D Joints 𝐉𝐉𝐢𝐢

Replay Motion 𝜃̅𝜃�:�

Code Retrieval

𝐂𝐂�
𝑧𝑧

Enc. Latent
𝑐𝑐�

⊕

⊖

𝑐𝑐�
𝐂𝐂�

𝑟𝑟�

⊖

𝑐𝑐�
𝐂𝐂�

⊕ 𝑐𝑐𝑟𝑟�
Retr. CodeCur. Cycle Input

sg(.)

Figure 2: Framework Overview. During test time, the pose estimator F and motion denoising network M are alternately updated
in a cyclic way. We employ motion discretization to regularize the adaptation of F and enable self-replay for adapting M.

into a GPT-like model, enabling long-term generation of
valid and plausible poses through next-token prediction. On
the other hand, recent research (Geng et al. 2023; Dwivedi
et al. 2024) applies this quantization philosophy to facilitate
image-based human pose estimation, as achieved by learn-
ing latent codebooks that capture the spatial relationships
among groups of joints. This reduces pose estimation to a
latent code prediction problem, which helps obtain valid out-
puts that accurately capture body pose physics.

In comparison, our solution emphasizes motion dis-
cretization in self-supervised adaptation for human body
pose estimation. Derived from unsupervised clustering in
the latent motion space, our anchor motions model the spa-
tiotemporal relationships among joints by capturing both
pre-trained regularity and test-time motion traits, thus mit-
igating error accumulation during long-term adaptation.

3 Methodology
Our online test-time personalized adaptation defines its test
domain as a streaming video S , which consists of concate-
nated image sequences featuring the same individual who
was unseen during pre-training. During test time, we adapt
the model on each incoming unlabeled batch V → S, mak-
ing on-the-fly prediction of 3D body joints J ↑ RN→3 for
each image I ↑ V .

As shown in Fig. 2, our framework consists of two com-
ponents: a pose estimator F and a motion denoising network
M. F maps an input image I ↑ V to SMPL (Loper et al.
2015) pose ω, shape ε, and translation ϑ, from which the
3D joints J are subsequently regressed. M is a denoised au-
toencoder that captures temporal continuity across outputs
of F and generates 3D motion signals to help adapt the F.
F and M are adapted alternately to capture test-time appear-
ance and motion traits in a cyclic manner (Nam et al. 2023).

We summarize our test-time pipeline in Alg. 1 and in-
troduce our key designs in the following subsections. We
first introduce our motion discretization, which is achieved
through unsupervised clustering and benefits test-time adap-

Algorithm 1: Our adaptation pipeline.
Input: Streaming video S featuring the test person, pre-trained

pose estimator F̄, motion denoising network M̄ = (Ē, D̄) and
codebook C̄

Output: 3D body keypoints J → RN→3 for every image I → S.
1: Initialize F,E,D, C with F̄, Ē, D̄, C̄, respectively
2: while incoming V ↑ S do
3: Set Fpre ↓ F. Prepare replay motion ω̄1:t by Eq. (4).
4: for cycle=0,...,c do
5: # Adapt Pose Estimator F
6: Retrieve ε↑,ω↑ and anchor ω↓ obtained in previous cycle
7: ε,ω,ϑ,J ↓ F(I) for I → V
8: Update F with LF (Eq. (3)) ω loss with anchor motion
9: # Adapt Motion Denoising Network M

10: z ↓ E(ω1:t), z̄ ↓ E(ω̄1:t)
11: For z, retrieve nearest code c from C (Eq. (1)).
12: Anchor ω↓

1:t ↓ D(c), denoised ω↑
1:t ↓ D(z), ω̄↑

1:t ↓
D(z̄)

13: Update E,D with LM (Eq. (5)), C with z̄ ω self-replay
14: end for
15: # Get final prediction
16: ε,ω,ϑ,J ↓ F(I)
17: Soft reset F by Eq. (6) ω soft reset
18: end while

tation in two ways: first, it regularizes the adaptation of F
to mitigate the effects of self-supervision with noisy esti-
mations; second, it enables a self-replay mechanism when
adapting the motion denoising network M, addressing rep-
resentation drift to ensure consistent decoding of regular an-
chor motions. We further introduce our soft-reset strategy
and provide implementation details.

Unsupervised Clustering for Motion Discretization
We perform unsupervised clustering on the latent space of
the motion denoising network M, yielding a codebook C
of discrete latent motion representations. Inspired by re-
cent work on motion generation (Guo et al. 2024), our
C = {Ci ↑ RNc→d|i = 1, ..., k} adopts a residual design
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Fig. 1: Samples of collected data (left) and challenges faced by existing works in han-
dling pose estimation for running-specific prostheses (RSP) users (right).

training and rehabilitation without requiring direct expert supervision. However,040 040

existing methods have not been designed to handle prosthesis users, and there041 041

is a clear lack of both data and methods for this purpose.042 042

This task poses a unique challenge: part of the human body is replaced by043 043

an object that does not follow human anatomical structure. This breaks the fun-044 044

damental assumption shared by existing approaches, and neither model-based045 045

nor model-free methods can solve it alone (see Fig. 1). Model-based 3D human046 046

pose estimators [45,52] rely on predefined anatomical models [11,15,21] and are047 047

trained to predict a fixed set of body joints. Since these models learn statis-048 048

tical priors of human body structure from large-scale datasets of non-amputee049 049

individuals, they, by design, cannot generalize to bodies that fall outside this050 050

learned distribution. This means that while they can robustly estimate body051 051

joint positions even under occlusion, they cannot represent the geometry of pros-052 052

theses. Furthermore, distinguishing between occlusion and actual limb absence053 053

is fundamentally di!cult, and this problem has never been discussed or evalu-054 054

ated because existing real-world datasets only contain non-amputee individuals.055 055

Moreover, prostheses vary widely in shape, length, and attachment depending on056 056

the individual’s amputation condition and activity, making it di!cult to define057 057

a common geometric prior. Conversely, model-free approaches [32,39,40] can re-058 058

construct arbitrary 3D shapes without relying on predefined templates, making059 059

them capable of recovering prosthesis geometry. However, without body-specific060 060

priors, they often fail under occlusion and cannot capture the correct kinemat-061 061

ics of body joints. In other words, this task inherently requires integrating two062 062

distinct approaches: one that understands the human body and one that can063 063

handle arbitrary shapes.064 064

In this study, we address this challenge by constructing RSP3D, the first065 065

dataset that captures 3D poses of prosthesis users, with a particular focus on066 066

individuals using running-specific prostheses (RSPs). Our dataset comprises es-067 067

sential actions for daily activities and specific drills for physical exercise, collected068 068

from diverse participants spanning a range of ages, amputation conditions, and069 069

RSP experience. We use an indoor environment equipped with 16 GoPro RGB070 070

cameras and a marker-based motion capture system, providing 3D annotations071 071

of both natural body joints and RSP shapes. With this dataset, we formally072 072

大規模事前学習による汎用視線推定モデル

マルチカメラ視線推定のための特徴融合

テスト時個人化適応による3D身体姿勢推定

義足ユーザを包摂する3D身体姿勢推定

物理インタフェースによるAI指示体験デバイス

機械学習体験イベントの分析調査

視線推定データ収集のゲーミフィケーション2 Fukuda et al.
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Fig. 1. An overview of the interaction proposed in this paper. The aim is to allow
users to experience LLM through spatial and physical interaction and to stimulate
their interest in LLM.

often perceive LLMs as simple chatbots rather than flexible systems whose per-
formance can be shaped by contextual information and instructions [29]. While
prompt engineering methods [6, 27, 38, 37, 18] and software tools [35, 28] have
been proposed, these approaches tend to assume technical knowledge, leaving
non-technical users with limited opportunities to experience what LLMs can do.

To provide a more accessible entry point, we explore physical and spatial user
interfaces (UIs). Prior work suggests that tangible interaction and embodied cog-
nition can increase engagement and interest in technically complex topics, includ-
ing programming and traditional machine learning [23, 15, 19, 33, 13]. Yet, how
physical interfaces can help introduce LLM concepts remains largely unexplored.
Building on these observations, we propose a novel human-LLM interaction that
combines verbal input with physical movements. Instead of writing technical
prompts, users teach the system by physically demonstrating movements asso-
ciated with spoken words, and the device later responds autonomously to new
utterances by generating corresponding movements based on learned semantic
relationships (Figure 1). This design aims to make LLM inference observable
through immediate spatio-physical feedback.

We implemented this concept as a small, toy-like robot platform integrat-
ing speech transcription with LLM inference, following Kawabe et al.’s design
approach on interactive machine learning experiences [15]. To evaluate the ap-
proach, we conducted two complementary studies: an exploratory museum study
with open-ended interaction, and a comparative lab study against a traditional
text-based chatbot interface. Across studies, physical interaction enhanced nov-
elty and engagement, while text-based interaction remained more e!cient for
detailed input. These results highlight complementary roles of physical and text
interfaces for introducing LLMs to general users.

To summarize, the key contributions of this work are:

Figure 2. An overview of TofuML. Through the manipulation of this cube-shaped device, users can experience

training and evaluating a sound classification model.

3.1. System Overview

We designed an interactive IML system with the concept that a diverse range of users,
including those without experience with electronic devices, could easily try the core
ML process as if they were playing with a toy. The task we focused on was sound
classification. In essence, the system allows a user to create a personalized model
where specific sounds they record are mapped to physical actions of the device. For
example, a user can train the device to perform the go forward action upon hearing a
clap and the turn right action upon hearing their voice. We chose classification as one
of the most fundamental tasks in ML, making it suitable for introducing users to the
ML experience. We focus on sound considering the advantage that producing various
sounds for training can be done more intuitively and immersively.

While the IML development flow includes various detailed steps such as model se-
lection and quality assessment (Dudley & Kristensson, 2018), we restricted the func-
tionalities to the minimum necessary for ML model creation. The steps are: providing
training data, training the model with the provided data, and evaluating the perfor-
mance of the trained model. Our system skips advanced steps essential to ML develop-
ment, such as hyperparameter tuning and model architecture design. This streamlined
approach focuses on the ML model creation’s core elements while simplifying the user
process.

We created a more user-friendly device than PCs, tablets, or smartphones to reduce
reliance on traditional GUI interactions while improving user engagement. Figure 2
shows the appearance of the device. To achieve familiarity, we adopted a simple, hand-
held cuboid shape, giving it a toy-like appearance that users can easily manipulate. In
addition to displaying numerical probabilities, the device expresses the model’s output

6

Figure 8. By analyzing users’ experiences with TofuML, we comprehensively evaluated the system’s impact

on users. They autonomously created classification models using TofuML in the hands-on event, following their

own goals. Through this flexible process, we investigated how they developed their ideas and what impressions

they formed about ML creation process.

introduced a set of unique challenges that were absent in the GUI version. The very
tangibility that created enjoyment could also be a source of frustration. For instance,
P14 highlighted that a poorly performing model was more aggravating in its toy form:
“With the toy version, since it actually moves, I felt irritation and frustration towards

the machine when it failed. It felt like a common computer phenomenon, such as screen

freezing or not working properly.” This suggests that physical embodiment can amplify
both positive and negative feedback. Furthermore, usability concerns arose from the
physical manipulation itself. P9 noted the ine!ciency of data collection compared to
the GUI version: “With the toy version, you have to move it to record and then move

it again...with the PC version, you can keep making sounds and clicking e!ciently”.
P9 also expressed anxiety about the autonomous device, worrying that “it might fall

or bump into things.” These comments underscore a crucial trade-o”: the engaging,
toy-like experience of TofuML comes at the cost of the e!ciency and predictability
o”ered by a standard GUI.

Some participants found the GUI version more suitable for a comfortable experience.
P5 appreciated the amount of information presented on the PC screen: “It was good

that I could see an overview of the recording counts for each movement. The output was

also easy to understand as I could easily view the estimated probabilities at a glance.”
There were also opinions that the GUI version’s benefits were more apparent to those
familiar with PC operations. P13 stated, “The PC version was easy to use because I’m

proficient with computers. The operation screen was simple and easy to understand.”
P9 added, “I think it’s easy to operate as long as you can use a mouse.” Conversely,
when compared to TofuML, many participants pointed out the lack of physicality and
the impersonal nature of the GUI version as drawbacks. P1 stated, “When simulating,

for example, even if the ’Shake’ option is triggered, it’s disappointing that nothing

actually shakes. I felt there was no sense of ’I made something move!’” P8 commented,
“While the recording and learning operations are straightforward, just clicking on the

relevant parts of the same screen, it feels impersonal and somewhat lacks excitement.”
These comments highlight that while the GUI version may be e!cient and easy to
understand, it lacks the tangible and engaging qualities that the physical TofuML
provides.

5. A Public User Study

We additionally conducted a public study to more deeply investigate the reactions of
non-expert users when TofuML, which emphasizes spatial and physical interaction,
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Figure 1: A gami!ed human–AI work"ow for evaluating vision–language models: paired players describe and guess images
from a visually similar image set, while an AI guesses in parallel. This design enables direct human–AI comparison under
identical conditions and helps discover model weaknesses, implemented in our interactive prototype.

Abstract
Vision-language models demonstrate impressive capabilities, yet
constructing evaluation datasets that capture their failure cases still
relies heavily on tedious manual annotation. We present a gami-
!ed, collaborative platform in which pairs of participants naturally
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uncover AI weaknesses through engaging gameplay. Players de-
scribe and identify images drawn from visually similar sets, while a
vision-language model performs the same guessing tasks in parallel,
allowing direct comparison between human and AI performance.
In a preliminary study with 68 participants across 137 rounds, the
game format sustained high enjoyment while producing e"ective
data. Overall, our work shows how gami!ed interaction can shift
AI evaluation from static, labor-intensive dataset construction to
dynamic human–AI comparison, and o"ers design implications for
crowdsourcing and evaluation platforms.

CCS Concepts
• Games/Play→ User Experience Design.

AIの弱点発見のための協力型ゲーム

Figure 1. In this paper, we propose TofuML, an interactive machine learning (IML) system based on spatial

and physical interaction to explore ways in which general users can engage more actively with the core concepts

of machine learning (ML).

exploratory engagement with its fundamental concepts.
Traditional Interactive Machine Learning (IML) systems have focused on making

ML development more accessible through graphical user interfaces (Amershi, Cakmak,
Knox, & Kulesza, 2014; Dudley & Kristensson, 2018; Fails & Olsen Jr, 2003).
However, these GUI-based approaches often maintain a conceptual distance between
users and the underlying ML mechanisms. While some research has explored physical
interfaces for ML (Hitron et al., 2019; Kaspersen, Bilstrup, & Petersen, 2021), these
systems have not fully investigated how spatial awareness and physical embodiment
can create more engaging and intuitive ML experiences.

TofuML presents a new technical approach to IML that leverages spatial interac-
tion and physical embodiment. The system consists of a small autonomous device that
combines on-device ML capabilities with precise positioning, and a paper-based inter-
action space that maps ML functions to physical locations. This design creates several
technical challenges:

• Implementing e!cient, real-time ML training and inference on a resource-
constrained mobile platform.

• Creating a robust spatial interaction system that maintains accuracy while al-
lowing natural movement.

• Developing an interaction model that balances technical sophistication with in-
tuitive understanding.

Our system addresses these challenges through several key technical innovations.
The autonomous device integrates sensors, processing capabilities, and output mech-
anisms in a compact form factor, enabling real-time sound processing and classifica-
tion. The paper mat creates defined interaction zones that map to specific ML func-
tions, allowing users to program the device’s behavior through physical positioning.
This spatial-physical interaction creates a direct, tangible connection between user ac-
tions and ML concepts while maintaining the technical accuracy necessary for e”ective
model creation.

To evaluate the e”ectiveness of our approach, we conducted two complementary
studies. First, we performed a controlled comparison between TofuML and a GUI-
based version of the same functionality. This study revealed that while the GUI version
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Figure 2: Game !ow and UI overview. (a) Game work!ow; (b) The describer selects an image; (c) the describer enters a description
for the chosen target. (d) The guesser makes a selection. (e) Both players view feedback comparing their performance with the
AI guesser.

Figure 3: Overview of results. (a) shows miniPXI metrics. (b) and (c) depict the relationship between perceived ease versus
actual success in fooling AI and helping the human partner; red dashed lines show perfect calibration and blue lines show the
observed trends.

task felt for AI vs. human and over time; (4) how the points sys-
tem shaped motivation, collaboration, and risk-taking. Detailed
questions for each measurement are listed in the appendix.

4.1 Analysis
We analyzed our preliminary study data to address three primary
research questions: (1) Do players !nd the game engaging enough
for sustained data annotation? (2) Does gameplay produce e"ective
adversarial data that reveals VLMs’ weaknesses? (3) How do partic-
ipants understand AI versus human capabilities? To address RQ3,
we analyzed participants’ perceived ease of (i) fooling the AI and (ii)
helping their human partner, using the items: It was easy to write a
description that fooled AI and It was easy to write a description that
would help my partner guess. Our analysis reveals high enjoyment,
signi!cant human-AI performance gaps, and poorer calibration
when participants judge AI capabilities than when they judge their
human partner’s capabilities.

4.1.1 RQ1: Player Experience. Figure 3(a) presents participants’
miniPXI responses regarding their gameplay experience. Each bar
shows the distribution of ratings from strongly disagree to strongly
agree. Overall, participants reported a highly positive experience
(all𝐿𝐿>5.1). Most participants agreed that the game was enjoyable
(89.7%,𝐿𝐿=6.13). They also reported clear goals (83.8%,𝐿𝐿=5.78), a
meaningful experience (82.4%, 𝐿𝐿=5.74), and being fully focused
while playing (82.4%,𝐿𝐿=5.66). In addition, 80.9% found the game
easy to understand (𝐿𝐿=5.56). Feedback clarity received compara-
tively lower but still positive ratings, with 72.1% agreement (𝐿𝐿=5.18).
Together, these results suggest that the game provides an engaging
and supportive experience for data annotation, with exceptionally
high enjoyment.

4.1.2 RQ2: Data E!ectiveness. We calculated the overall win rate of
players and AI and found a human advantage over the AI. Humans
win in Players Success / AI Fails (28.7%), whereas the AI wins in
Players Fail / AI Successes (10.2%). The other outcomes were Both
Success (35.8%) and Both Fail (25.6%). Overall, humans outperformed
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