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WHOSE CITY IMAGE |

Individual work | Spatial Analysis, Data Visualization, ML Modeling

Site: Beijing, China

Time: 2025.07 - 2025.09

Instructor: Prof. Yuan Lai, yuanlai@tsinghua.edu.cn
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‘ Filter effect recognition ‘

y

‘ Correlation & Regression ‘

Residents and tourists construct distinct spatial narratives on social media.

K-means clustering reveals three narrative-driven spatial types.

Findings extend city-image theory and inform governance.

OPERATION
&
GOVERNANCE



BACKGROUND & CONCEPT

Tourist Resident

Residents describe Beijing through routines and access: the reliability of commutes, proximity to groceries

and clinics, pocket parks for evening walks, and affordable places to eat. Their posts weigh services, noise,

and policy changes that shape daily comfort. Pride in convenience and community coexists with frustration
over tourist spillovers, weekend congestion, and rising prices around popular areas.

Short-stay visitors navigate Beijing through platform guides and “check-in" routes. Their narratives center on

landmarks, cafés, views, and photogenic streets, with timing optimized for queues and light. Posts tend to

celebrate novelty and aesthetics, but also note costs, congestion, and distance between sights. The result is
a city image stitched from highlights—curated, enthusiastic, and sometimes stressed by crowds.

Smooth Line 10 commute, lunch at the small noodle shop by the office, evening jog in Olympic Forest
Park. Busy city, but the rhythm works. Feels like home. #DailyBeijing #Convenience

©

L Coffee in a hutong courtyard, sunset on Liangma River. Every corner feels like a movie set. Clean, safe,
super walkable between spots. #Beijing #CityWalk

Weekend crowds flooded our hutong again, delivery bikes blocking the lane, prices creeping up. Love

Beautiful, but the queues at Summer Palace and the crush in Sanlitun drained my energy. Tickets add up,
the neighborhood, not the “"check-in" chaos. #NeighborhoodLife #Overtourism

traffic back to the hotel took forever. Next time I'll skip the hotspots. #TooCrowded #TouristDiaries
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Sightseeing Photography Posting Shopping Errands Commuting Working Leisure

Visiting famous
landmarks and
scenic spots.

Taking pictures and Sharing “check- Buying souvenirs

sharing on social
media.

in"” moments and

comments online.

and exploring local
markets.

Handling groceries,
shopping, and
community tasks.

Traveling daily
between home and
workplace/school.

Engaging in jobs,
office tasks, or local
business.

Taking relaxation in
parks, cafés, or at
home.




LOCATION | DISTRIBUTION OF CHECK-IN POINTS

Weibo Data Collection Check-in Location: Tourist vs Resident

{ Web Crawlling for Data Collection H Traing Model for User Identification: BERT H Location hotspot & Top Ranking Destinations ] Tourist check-ins form dense clusters with high post volumes, especially around well-known attractions. In contrast,
residents are distributed across a wider range of neighborhoods, with lower but more consistent engagement. This

visualizes two coexisting yet distinct spatial footprints in the same city.
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Guomao CBD
Location Distribution Dual hotspot where local residents
commute and visitors check in.
Tourist: 5961 posts | 365 points Resident: 6784 posts | 482 points
@ Tourist check-in point @ Resident check-in point
Kernel Density of Check-in Points
Tourist: Clustered around key landmarks Resident: Spread across multi-centers
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CONTENT | HOW DO PEOPLE EXPRESS DIFFERENTLY?

Framework for Sentiment Analysis of Text Data

Weibo

»i | Stopword removal

Text

Word Cloud

Kernel Density of Sentiment Score
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Lexicon Negative ‘

ﬂ Term Frequency

Sentence
Polarity

—— Keyword Extraction

’ Tokenization ‘

’ Model for Sentiment Classification ‘

Sentiment-Term

Word Cloud

Sentiment
Distribution

Group Comparison

Sentiment Score Mapping

Association Mapping
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Comparison of Sentiment Words

This visualization compares how tourists and residents express emotions across the city. Tourists show more positive emotions, often shaped by novelty and
attraction. Residents display a wider emotional spectrum—reflecting daily routines, occasional frustration, and local attachment. These patterns highlight how
different groups emotionally inhabit the same urban spaces.

James @

Such a hidden gem! Quiet, peaceful, and full
of old Beijing charm. | loved wandering the
alleys and taking photos.

Grandpa Zhang # lent ®

It used to be‘aealm neighborhood, but how it
gets too noisy Withstourists en weekends. It's
no lon@er part of my quiet dailyywalk.

Kale ®

It's beautiful, but way too far from the city
center—and so crowded on weekends. Hard
to really relax.

Grandpa Zhang @

It's my favorite place to unwind at weekends.
Quiet trails, fresh air, and just enough space
to breathe and meditate.

Iris Wang ®

It looks grand, but the traffic was terrible
and everything felt overpriced. Not the most
welcoming place for visitors

Ms. Li (@)

It's busy, but | know all the good lunch
spots around here. After work, there's always
something great to eat or explore.

Legends:
B Tourist
B Resident

Text size = sentiment intensity
Color = group classification



CONTENT | HOW DO PEOPLE SEE DIFFERENTLY?

Framework for Image Analysis

Hotspot check-in
Architecture

Text
| Encoder

Trendy life A photo of
Food a {object}.
Street life
Nature

Resident image

Kernel Density by Categories

Hotspot check-in

Trendy life

Street life

Entropy Distribution Mapping

Image
Encoder

Architecture

Food

Nature

[

Classified
Images
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A phto of
street life.

Hotspot check-in

Trendy life

Street life

Kernel density

Location Aggregation

by categories

Entropy distribution

Entropy Calculation

mapping
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Group Comparison

Architecture

Food

Nature
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Comparison of Visual Topic Entropy

Each icon represents a frequently photographed location, with size reflecting the volume of image posts and color indicating the user group. Tourists tend to
capture iconic landmarks with consistent visual themes, while residents share more varied scenes across everyday settings. Higher entropy values among

residents suggest broader visual perspectives and locally embedded experiences.

Guomao CBD
Frequently captured by residents for
its modern skyline and iconic towers.

Zizhuyuan Park

Often photographed by residents as a
peaceful spot for everyday leisure.

Legends:
B Tourist
B Resident

Icon size = post count
Color = group classification



SUMMARY | GRID SYSTEM & BIAS QUANTIFICATION

Spatial Unit Construction

1. Grid System:

Divide study area into 1 km grids.

2. Spatial Join
Assign tourist or resident posts to
corresponding grid cells.
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Indicator Computation

3. Aggregation
Compute mean values of count,
sentiment and entropy per grid.

4, Normalization
Apply z-score to standardize
indicators across grids.
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Bias Quantification

5. Difference Calculation
Subtract resident values from tourist
values according to results above.

-Dg — Zémﬁnt] . ngm'dmt)

6. Bias Outputs
Three complementary dimensions of
spatial expression differences.

.9. Count bias
N Difference in posting
intensity between groups

Sentiment bias

Divergence in emotional

polarity
@ Image Entropy bias
Variation in the semantic

diversity of images
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Count bias

Scatter plot of count_bias
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RECOGNITION | CLUSTERING OF THREE DIFFERENT SPACES

Framework for Clustering

Input Features

Use three standardized biases (count, sentiment, and entropy) as inputs; adjust weights to emphasize tourist, resident, or shared signals

Count bias Sentiment bias

Scattered plot of three features

Entropy bias

Pairwise scatters show how the three biases co-vary under the chosen weights and reveal separations that prefigure clusters.

count_bias vs entropy_bias count_bias vs sentiment_bias
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count_bias

Radar graph of three types after K-means clustering

K-means (k=3) summarizes each cluster in z-scores, showing its characteristic mix of intensity, emotion, and diversity.

Cluster 1 (z-score) Cluster 2 (z-score)
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Map cluster labels back to grids to reveal citywide patterns: Tourist Consumption, Resident Stability, and Mixed Vitality zones.

Tourist Consumption Zone Resident Stability Zone

Mixed Vitality Zone

Three Types of Spaces after K-means Clustering

Using K-means clustering on count, sentiment, and entropy biases, we identify three spatial types across the city: Tourist Consumption
Zones with high visitor presence and strong emotional tones, Resident Stability Zones characterized by consistent local narratives, and
Mixed Vitality Zones where diverse groups and expressions converge. These clusters reveal how digital narratives reflect differentiated

@ Wukesong-Yuyuantan Park

Overlapping footprints around park
and museums with mixed sentiments.

o

patterns of urban use, emotion, and complexity.

Nanluoguxiang / Shichahai
High posting intensity and upbeat
tourist tone with low visual entropy.

Liangma River-Chaoyang Park
Resident activity with diverse scenes
along river paths and housing blocks.

]

. Tourist Consumption Zone

. Resident Stability Zone

D Mixed Vitality Zone



RECOGNITION | CORRELATION & REGRESSION

Correlation Regression

We calculated Pearson correlations between each cluster's deviation score and a set of urban features, including built environment, functional structure, and socio-
economic variables. This step identifies which spatial attributes are most associated with variations in narrative dominance across Tourist Consumption, Resident Stability,
and Mixed Vitality zones.

We then conducted linear regressions for each cluster’s deviation score, treating it as the dependent variable. Explanatory variables include catering and attraction
density, function diversity, junction density, and online popularity, among others. The results quantify how specific spatial factors drive the emergence and strength of each
narrative-biased space type.
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FROM RECOGNITION TO ACTION

check-in

User platform

Identity selection

type comments

Place recommendation

upload images

Daily-life mapping

Real-Time Dashboard

Governance strategy

Recommend Panel

Tourist

Resident

Government

Co-governance

Operation

Beyond tourist check-ins and top-rated
spots, this feature showcases places loved
by residents. By sharing candid reviews
and lived experiences, the interface offers
visitors a more grounded and balanced way

to explore the city.

REAL-TIME DASHBOARD

Governance Simulation

Adjust the sliders to redistribute priorities
between tourist spaces, resident spaces, and
shared areas. The map and charts update to
illustrate how governance strategies might
reshape urban experiences, revealing potential
trade-offs between community well-being,
tourism vitality, and balanced coexistence.

hotspot check-in

food architecture

street life trendy life

nature



TOURISM NETWORK |

Group work | Social Network Analysis, Tourism Network Evolution

Site: Nanjing, China
Time: 2023.10 - 2023.12

Instructor: Prof. Lu Zheng, |-zheng@tsinghua.edu.cn

C-trip
tourist diary

DATA COLLECTION & PREPROCESSING

Tourist attraction

Co-visitation matrix

\

SOCIAL NETWORK ANALYSIS METHOD

Reconstructs two years of tourist co-visitation networks from 5,000+ Ctrip travel notes.

Network
Mapping

Node degree
Edge strength

Route clustering

Network metrics uncover structural transitions in the tourism system.

Findings support new ways of planning and navigating tourist experience.

COMPARISON 2018 VS 2023

‘ Node centrality

‘ Network density

‘ Influencing factors




WORKFLOW

Five Steps
Step1: Data Collection & Processing

Text from Ctrip and co-visitation matrix

vl v2 v3 v4

vl o 1 2 2
v2 1T 0 1 0
v3 2 1. 0 2

0

v | 2 0 2

Step2: Network Construction

e

Step3: Mapping & Path Recognition

Step4: Comparison (Node & Network Metrics)

Node-level Indicator:

Degree Centrality

Measures how many direct connections
node i has relative to the maximum.

Network-level Indicator :
Density
Proportion of actual edges compared to all possible edges.

Average Path Length
Mean shortest distance between all pairs of nodes.

Clustering Coefficient
Likelihood that neighbors of a node are connected.

Centralization
Indicates how strongly the network is organized around its most
central node.

Step5: Correlation

ontaining 50 different topological forms, each with 100 variants,
and introducing real-world interference factorsstructural defects
and boundary disturbances.each world interference.

METHOD | SOCIAL NETWORK ANALYSIS

Data Preprocessing
Ctrip Text Data

We crawled 5,146 public travel notes from Ctrip, removed ads and duplicates, and split long narratives into day-level trip segments.
The text was cleaned (punctuation, emoji, stop-words) and tokenized, then matched to an attraction gazetteer containing official
names, aliases, and abbreviations. Mentions were disambiguated with fuzzy rules and local context (nearby POls, district cues),
standardized to unique attraction IDs with coordinates, and labeled by broad functions. We also parsed temporal cues and
movement verbs to reconstruct within-day visit sequences for each trip.

Visiting Nanjing felt like entering a vivid history book. | began at the Sun Yat-sen Mausoleum, where the
long staircase and solemn architecture conveyed the city's modern legacy, and from the top | enjoyed
a sweeping view of Purple Mountain. Nearby, the Ming Xiaoling with its Sacred Way and stone animals
offered a quieter, more meditative atmosphere. Later | walked along the Nan|ing City Wall at Zhonghua
Gate, imagining the ancient defenses while reading the small exhibits about its construction. | then spent
some time at the Nanjing Museum, which surprised me with its well-curated collections, from ancient
ceramics to modern art, making it one of the best museums | have visited in China. For relaxation, |
stopped-at-Xuanwu Lake Park, where families rowed boats and lotus flowers dotted the water, giving the
city a|softer side. To add some fun, | visited the'Hongshan Zoo, watching children fereb ot tha asnd
and t|gers while locals enjoyed a leisurely afterngon. As evening arrived,Hexp{ Category:

Temple, tasting local snacks beside the Qinhuai River as lanterns lit up the night. Th EIiZtcsrsic%fl 'gf%fﬁ;ral
with historic scenery created a unique charm that felt both traditional and moder

sense|that every corner of Nanjing carries a story waiting to be discovered.

Total Frequency: 102

Category:
Places of Interest
Leisure Category:
Places of Interest
Total Frequency: 56 Nature
Total Frequency: 23
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Co-visitation Matrix

From these day-level sequences, we identified attractions visited within the same itinerary and recorded pairwise co-visits across
all trips to obtain co-visitation strength between attractions. To curb popularity bias and noise, we filtered out extremely rare pairs,
down-weighted ties created only by ubiquitous hotspots, and retained the strongest links under a consistent percentile threshold;
obvious spam itineraries were excluded. The resulting undirected, weighted network uses nodes as attractions and edges as co-
visitation ties; edge width encodes tie strength and node size reflects visit frequency.
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TOURISM NETWORK EVOLUTION | MAPPING

2018

In 2018, the tourism network was primarily structured around classic heritage attractions, with traditional
landmarks like Confucious Temple forming the core. The overall network density was low, and peripheral
routes remained sparse. Niche or lifestyle-oriented sites had low degree centrality and played a marginal

1 Presidential Palace
2 Mingxiaoling

3 Jiming Temple

4 Zifeng Tower

5 Sanshan Street

6 Medong District

7 Music Stage

8 Water World

9 Central Mall

10 Deji Plaza

11 Zhongshan Road
12 Librairie Avant-Garde
13 Meiling Palace

14 Undersea World
15 Xiaoxihu

16 Zhonghua Gate

role in shaping tourist flows.

17 Keju Museum

18 1912 Bar Street

19 Bao'en Temple

20 Ganxi Former Residence
21 Linggu Temple

22 Xiaolingwei

23 Maqun

24 Yuejiang Tower 24
25 Nanjing University

26 Yihe Road

27 Jinling Tiandi

28 Nanjing IFC

29 Yuzui Wetland Park

30 Grand Theatre

31 Nanjing Eye 16

32 Zhan Garden

25

Memorial Hall 2

Confucius Templg

9

31

Weaving Museum

Olympic Sports Center

28

30

Main Landmark Route:
Direct chain linking Nanjing's
core heritage attractions.

Conservative City Walk:
Emphasis on landmarks, less
attention to leisure or lifestyle.

Hongshan Zoo

Xuanwu Lake Park

n

Xinjiekou

Nanjing Museum

Sun Yat-sun Mausoleum

0.231-0.313
0.313-0.483

0.483-0.621
0.621-0.828

0.828-0.966

Traditional Classic Route:
Heritage-focused loop linking
mausoleums, temples, and lake.

Classic Core Loop:
Concentrated visits around
Purple Mountain's historical
cluster.

2023

By 2024, the network expanded significantly, incorporating popular lifestyle and internet-famous destinations
into the central structure. Degree centrality increased for previously peripheral spots, and the overall
network became denser and more interconnected. This reflects a shift from heritage-driven tourism toward

1 Presidential Palace
2 Mingxiaoling
3 Mendong District

4 Sanshan Street

diversified, socially-mediated travel behaviors.

17 Keju Museum
18 Deji Plaza
19 Weaving Musuem

20 Jiangsu Theatre

5 Xinjiekou 21 Jianye Library
6 Central Mall 22 Nanjing IFC
7 Xuanwu Lake Park 23 Water World

8 Yuejiang Tower

24 Zhan Garden

8
9 Ganxi Former Residence 25 Six Dynasty Museum
10 1912 Bar Street 26 Nanjing University
11 Zhongshan Road 27 Zifeng Tower
12 Librairie Avant-Garde 28 Huacai Tiandi
13 Meiling Palace 29 Grand Theatre
14 Undersea World 30 Linggu Temple Jiming Temple 15
15 Maqun 31 Xiaolingwei 6 Music Stage 5
16 Zhonghua Gate 30
7 3 2
Confucius Temple 31 14
2% Sun Yat-sun Mausoleum
12
Memorial Hall Bao'en Temple
25
. 10
Yihe Road 6
18 1 9
20 19
28
) Nanjing Museum
Olympic Sports Center
2 22
) Jinling Tiandi
Yuzui Wetland Park 9
29 0.321-0371
0.371-0.586
0.586-0.759
0.759-0.862
0.862-0.931

Iconic & Trendy Route:
Major landmarks combined with
trendy niche spots.

Neighborhood Lifestyle Path:
Local cafés, bookstores, and
parks forming micro leisure
loops.

Hybrid Convergence Route:
Combines trending lifestyle
places with cultural landmarks.

(]
Influencer Hotspot Route:

Viral cafés, malls, and photogenic
sites dominate flows.



EXPLANATORY | COMPARISON & QAP REGRESSION

Metrics for Nodes & Whole N etwork

Network scores of 2018

2018 tourism network exhibits relatively low density and clustering
coefficient, indicating a sparse connected structure and a
decentralized pattern driven by physical proximity.

Network scores of 2023

2023 tourism network demonstrates higher density and clustering,
revealing stronger internal connectivity and the emergence of more
cohesive attraction clusters.

APPLICATION

Based on the network structure and centrality results, we designed a citywalk planning tool that integrates spatial proximity, internet popularity, and real
visitation patterns. Users can adjust weight preferences, set custom starting points, and choose from different route types—Trendy, Classical, or Leisure.
The system offers personalized, data-informed itineraries that respond to both physical context and digital influence, enhancing urban exploration

through flexible path design.

Weight accordination

Average Path Length Average Path Length
et [ s Spatial
."'. \‘\ - b3 .
Vi A % ,/ % : § ; Adjacency 5
V. N X ,/ g ‘\\\_\ \\\. \)
e \ o y - o | IT Internet e @
/ * N og %8\ o5 %8\ W] popylarity
( o4 \ f % b \
| 7 02 Q4 1 . | 4 0z = 1 .
o | / \ | Clustering ity | & \ | Clustering
Density | /\. ) | Coefficiency Density | s o | Coefficiency . .
\ / Users can adjust the route recommendation
\ ke / by choosing between spatial adjacency and
% ; internet popularity, which allows for flexible
\ P4 W / planning of route.
b / “ o
£t i ) <
Centralization Centralization

Degree centrality of nodes, 2018 Degree centrality of nodes, 2023

Yat-sen Mausoleum Bao'en Temple Yat-sen Mausoleum 1912 Bar District
Jiming Temple Yuejiang Tower Nanjing Museum Yuzui Wetland Park
Nanjing Museum Six Dynasties Museum Meiling Palace Yihe Road
Meiling Palace Music Stage Jiming Temple Grand Theatre
Hongshan Zoo Nanjing University Presidential Palace Yuejiang Tower
Presidential Palace Grand Theatre Xuanwu Lake Park Weaving Museum
Xuanwu Lake Park Nanjing Eye Hongshan Zoo Six Dynasties Museum
Deji Plaza Yuzui Wetland Park Deji Plaza Nanjing Eye

1912 Bar District Zhan Garden Bao'en Temple Solana
Weaving Museum Yihe Road Music Stage Nanjing University

Correlation Matrix for Explanation

We examined the correlation between node centrality and multiple explanatory variables to understand what drives attraction connectivity within the tourism
network. Results reveal a significant shift in influencing factors from 2018 to 2023.

i i P i | P
Correlation Matrix (2018) fearson Correlation Matrix (2023) fearson
1.0
Degree Centrality Degree Centrality Set yOUr Starting pOint to generate a
Tourist Volume Tourist Volume tailored citywalk route from that node.
S 0.8 S The system dynamically updates the path
based on your selected anchor.
Comment Counts Comment Counts
Search Index 0.6 Search Index
Ctrip Popularity Ctrip Popularity
News Index -0.4 News Index / \
Agenda counts Agenda Counts Q
Type: Trendy path
\
Distance from metro Distance from metro
-0.2
Accessibility Accessibility
Distance from center 51 L3 042 048 D27 ¥ .32 04T Distance from center
‘ G AT . -0.0 .
£ ¢ £ £ § & § £ £ £ 2 £ 8 £ £ § £ § & § £ 2
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P Type: Classical path
Degree centrality was primarily associated with spatial factors | T Degree centrality more correlated with internet popularity Each route is labeled by type reflecting S
(accessibility, distance to city center), indicating that physical I_"Tl'L'_.I and digital visibility, highlighting a shift towards digital-driven different urban experiences. Users can
adjacency was the dominant logic shaping movement patterns. tourism shaped by online engagement and media exposure. view and switch between path types ﬁ Type: Leisure path
based on their interest and travel style. A




TASTE AND SPACE | Spatial Stratification of Light Meal Outlets

U Dis

Group work | Spatial Stratification, GIS, Location Prediction

Site: Beijing, China

Time: 2024.10 - 2024.12

Instructor: Prof. Ying Long, ylong@tsinghua.edu.cn

LIGHT MEAL OUTLET DATA

BASIC FEATURE GUIDED BY BOURDIEU

Three types of
light meal outlet

‘ Geo-location ‘ > ‘ Spatial distribution ’—>‘ Space
‘ Comments ‘ > ‘ Consumer behavior ’—»‘ Taste
URBAN DATA SPATIAL DATA PROCESSING

‘ Spatial environment ‘

| —

‘ Socio-economic ‘

Spatial
aggregation

Gridding >

Classifies 986 outlets into three types reflecting distinct social and spatial patterns.

Light-meal outlets—fast-casual cafés and salad/sandwich shops offering quick, relatively healthy, affordable meals—serve as an entry point to
examine classed consumption in Beijing. Drawing on consumption patterns, operation modes, and target users, the outlets are grouped into three

socio-spatial types—check-in, white-collar, and community-based.
Bivariate spatial autocorrelation reveals how the three outlet types align with urban socio-spatial factors.

The analysis examines each outlet type in relation to variables such as income density, job-housing structure, and commercial intensity, uncovering

clear high-high and low-low clustering patterns.

Findings inform planning strategies for food access and neighborhood equity.

Insights support cultural zoning, workplace meal programs, and 15-minute community food solutions. The analysis exposes where representational

and physical inequalities intersect in platform-mediated cities.

\

MODELING & PREDICTION

Factors influencing
location choice

!

Governance
suggestions




TYPES OF LIGHT-MEAL OUTLETS & CONSUMER PROFILE

Distribution of Different Types of Light-meal Outlets

Neighborhood-Based

Check-in Oriented Delivery Oriented
“Eat to be Seen” "Fuel on the Go" "Tastes Like Home"
Aesthetic consumption for Health and speed for busy Embedded in everyday
digital visibility daily lives neighborhood life

Situated in residential areas, these outlets serve affordable, home-
style meals tailored for local families and elderly residents. They
Located in the trendy commercial areas, these light-meal outlets prioritize familiarity and convenience over trendiness.

emphasize aesthetic presentation and branded ambiance. They
attract stuqents and young prqfessionqls who value visual appeal, 7 ~
social sharing, and the “check-in" experience.
(oo g, ™ Location:
7 ~ tness Residential, neighborhood areas
Users:
- 4 T !
) Location: Typically found near offices & gyms, delivery oriented outlets cater Ez{n;]ggé' Elderly residents,
Commercial hubs, trendy areas to fast-paced urban workers and students. Their offerings focus on 9
Users: low-calorie, protein-rich meals with efficient delivery and high meal Price: ® @ <20 RMB
Students, Young professionals, frequency. Y
Social media users Comments on dianping:
Price: @ ® ® @ 40-80 RVB 7 ] Yedeveve 40 (95
A Location: f affica K ds:
Comments on dianping: : o . ) e eywords:
Peseve e 46 pﬁ% 320 Office, gym, university areas fltness \ Everyday / Affordable / Embedded
\l/JVsr?Irs: ; i |UI"ICh f g =t
Keywords: ite-collar workers, Fitness salad i
Visibility / Branding / Landmark crowd, Students ierloWw Cglg;!:le
2 Price: @ @ @ 20-40 RMB .
delivery
4 ;;”;;;‘g’“ tlanping: chickenbreast
43 410 :
G weightloss
Keywords: A protein
Health / Frequency / Efficiency Work
w “ottic




INFLUENCE FACTORS & PREDICTION OF LOCATION CHOICE

LISA Map of Bivarate Autocorrelation

Tourist attraction University Shopping mall
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dlabel’:z
Cultural Route Night-time Economy Public Space
Zoning Permit Stewardship

City branding & crowd stewardship
Clustered around tourist spots and commercial hubs, these outlets reflect symbolic visibility
and digital exposure. Governance should include cultural zoning, nightlife regulation, and public
space management to balance branding appeal with safety and local tolerance.

Tourist attraction University Shopping mall
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Workplace Health Calorie & Nutrition Delivery Hub &
Meal Program Labeling Curb Management

Health governance & logistics
Located near offices and campuses, these outlets serve fast, health-conscious consumers.
Policy tools include nutrition labeling, workplace meal programs, and delivery hub regulation to
ensure efficient logistics and promote daily health equity.
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Healthy Voucher Community Kitchen 15-Minute
/ Subsidy / Pop-ups Coverage Target

Access & affordability
Found in residential zones, these outlets serve families and the elderly with daily meals.
Strategies include food subsidies, shared kitchens, and integration into 15-minute neighborhood
planning to improve walkable access to affordable food.
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LONG WALKWAY DESIGN | Human-Machine Generative Approach
dk foc

Group work | Plan Generation, Genetic Algorithm, Human-Machine Collaboration
Site: Beijing, China
Time: 2023.11 - 2024.01

Instructor: Prof. Hui Wang, wh-sa@mailtsinghua.edu.cn

WALKING EXPERIENCE ASSESSMENT GENETIC ALGORITHM GENERATION SYSTEM
HUMAN
‘ Factors of walking experience ‘ ‘ Genes MACHINE
Original i i Genetic Selection of Refined
Plan > - Algorithm results > Plan
‘ Calculated values of factors ‘ Generation
i Program i
‘ Manual
‘ Fitness objective | improvement
f Feedback Loop

Identifies systemic issues in long walkway environments of major transport hubs.
Depthmap simulations show congestion, fatigue, detours, and poor functional distribution across large stations. These problems demonstrate why
manual iteration alone is insufficient for multi-objective spatial optimization.

A genetic algorithm evolves layouts under six walking-experience metrics.
Wallacei generates design variants by optimizing path length, detour rate, functional mix, and circulation complexity. Designer selection and
refinement form a feedback loop that balances computational efficiency with spatial judgment.

Results demonstrate measurable gains in performance and usability.
Optimized plans reduce bottlenecks, distribute flows, and improve functional accessibility across stations. The method offers a scalable workflow for
similar complex spatial typologies across the S-M-L scale.



BACKGROUND | RESEARCH QUESTION PROBLEM EVIDENCE | SIMULATION BY DEPTHMAP
Long Walkway Spaces: Everyday Congestion and Fatigue

Connectivity -
High Low
Severe Congestion at Entrances
Endless Corridors, Lgn_g Detours Fatigue and Hours of Waiting
Monotonous Walking Experience
Time allocation of long walkway sapces Excessive Circulation Area in Large Hubs Increasing Fatigue in Process
Experience Load Curve
Long Waiting in Security and Boarding 40% Commercial
Continuous Walking along Long Corridors 35% Service & Facilities . ;f
Complex Transfers and Detour Movements 15% — Circulation g
Core Activities & Resting
Limited Time for Functional Activities 10% 0
Entry  Securty Walking Waiting Boarding
Features of Long Walkway Space Agent Analysis C=
High Low
Boundary Line

Function box Long flow+Start/end

=[] DE= =] W= =li oSy
DI*D]j DDU--DD gl o | U
i ] [_I: of 3 a
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Simulation: Connectivity & Agent Density

Setting Grid for Simulation Connectivity of Function Boxes Agent Density of Flows

Connectivity Agent Density
[ [
High Low High Low



WALKING EXPERIENCE ASSESSMENT 0 Q
Literature Review of Walking Experience & Walkability ? g

Convenience ~ Safety ~ Experience 5-10 >10

A comprehensive review of walking experience studies identified key spatial performance indicators. Six metrics were selected based on frequency and relevance,
spanning the core dimensions of convenience, safety, and experience. These metrics form the quantitative foundation for evaluating and optimizing long walkway
spaces through computational methods.

Wang&Li Appolloni Migliore L.Capasso H.Zheng M. Kuffer X.Zhou Chew  K.Hristov QDeng Zheng
204 2016 2019 2020 2020 2021 2021 2022 2023 2024 2024

Path length
Corridor width
Street network density
Intersection density
Detour index
Walkway continuity
Vertical circulation ease
Entrance clarity
Wayfinding clarity
Travel time ratio
Directness of routes
Transfer distance
Directness of routes
Proximity to transit stops
Network connectivity index
Barrier-free access index
Visibility / Isovist area
Visual control
Intelligibility
Pedestrian density
Speed-density relation
Bottleneck resistance
Spatial Resiliance
Surveillance / sightlines
Accident risk index
Crime safety perception
Emergency capacity
Separation from vehicles
Slip/fall hazard score I i ! | i /
Functional density g T :
Service / facility accessibility ] T .
Greenery pleasantness I sy i 1
Functional mix L
Weather protection
Wiaiting / resting facilities
Place identity
Spatial comfort
Aesthetic quality
Interaction opportunities
User satisfaction surveys
Inclusiveness & equity
Seasonal adaptability
Microclimate comfort index

Nighttime usability

) .

Six Metrics as Fitness Values

Parallex Rate

Turn Rate

o
-

Path Length

Detour Degree

Functional Density

Functional Mix
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Agent Density
I

Results of 30 Typical Stations

High Low

Parallex Rate | Mean: 852.9 Hangzhou East Station
Hangzhou East Station: 401.2
Turan Rate | Mean: 27.3 Tiannjin Station
Tianjin Station: 314
Path Length | Mean: 245.5 Nanjing South Station
Nanjing South Station: 396.7
Detour Degree | Mean: 1.03 Chongging North Station
Chongging North Station: 112
Functional Density | Mean: 0.25 Wuhan Station
Wuhan Station: 0.034
Mean: 013 Beijing West Station

Beijing West Station: 0.048



GENETIC ALGORITHM GENERATION SYSTEM | WALLACEI

Step1: Gridding

According to the scale size of the selected optimization target, the optimized plane is subdivided into suitable scale grid points.

v . . ° -

|
;
ND

120m

A °

Boundary, entrances & exits Scaling: length & width Grid size : 5x5m (too large) Grid size : 3x3m

Step2: Generation of Point Sets

The random factor (Genel) in the Genetic Algorithm plug-in is used to assign a value to each grid point, where 0 represents an empty point and 1 represents a real point.
Using the principle of similar cellular automata, the program fills in some of the vacancies within the point set, close to the reality of the plane of the layout logic.

001
0 0
11110 Cellular automata:
Iteration of point sets collection
Iteration 1 Iteration 2 Iteration 3 Iteration 4

Step3: Functional Classification

Through the K-means clustering algorithm, we try to analyze and sort out each independent functional block, and seek convex envelope for it to form the basic outline of
the plane functional block, and give different functional attributes to different blocks through the random factor of Wallacei plug-in (Gene2).

& Algorithm of clustering:
Convex envelope seeking

N=10 N=20 N=16 N=16, with functional label

Control Panel : Initialization

Initial settings for the genetic algorithm using Wallacei.

T
° .

i(-)v-i—or, POPUIatlon > Population Size: 5000

Generation Size

Generation Count

Z,
‘@/7 Algorithm Parameters

Crossover Probability
Mutation Probability E——
Crossover Distribution Index — =———=@ N
Mutation Distribution Index =~ =@
Random Seed =0

|
-

Simulation Parameters

Number of Genes
Number of Values
Number of Fitness Objectives s
Size of Search Space

@ Run Time

Current Solution / Generation = s

Number of Pareto Front Solutions -

Iteration Process

The algorithm evolves populations over generations. It generates
a Pareto Front—a set of non-dominated solutions representing the
optimal trade-offs between conflicting objectives.
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Statistics for Result Selection

Different statistical graphs for selecting appropriate results.

iteration

I 500

6=0.024
Standard deviation graph
0.025
0.020
iteration
1
0.015 I 500
iteration
Mean value trend line graph
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CASE STUDY | CURRENT SITUATION & GENERATION

Casel: Beijing West Station Case2: National Exhibition Hall Case3: Yuyuantan Park
The current layout centralizes functions around a core atrium, creating congestion near ticket gates during peak The modular exhibition layout provides clear circulation but suffers from poor spatial integration and limited This historic urban park prioritizes scenic experience over functional efficiency, requiring improvements in
hours. This large transport hub requires improvements in pedestrian flow distribution and spatial efficiency functional diversity. As a national-scale venue, it requires enhanced connectivity between zones and more wayfinding systems and spatial hierarchy. The leisure-oriented circulation needs enhanced nodal visibility
to alleviate queue interference and enhance commercial space utilization. Agent-based simulation reveals flexible spatial narratives to support diverse events while maintaining intuitive navigation. Space syntax analysis and multi-functional pockets to better accommodate diverse activities while preserving ecological character.
bottlenecks that necessitate better integration of service functions with circulation paths. indicates opportunities for better visual and physical integration. Connectivity assessment reveals opportunities to strengthen key transitional zones.
PLAN 1:1000 Agent Analysis Connectivity PLAN 1:1000 Agent Analysis Connectivity PLAN 1:2000 Agent Analysis Connectivity
Commercil | iy _ ) Comectiy commrcl Dersiy T Commrci  Dorsiy 7 ooty

B service B service B service
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Iteration Process of Genetic Algorithm
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CASE STUDY | SELECTION & CLUSTERING

Casel: Beijing West Station

Case?2: National Exhibition Hall
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2 Convenience type
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Fitness Rank:
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CASE STUDY | MANUAL IMPROVEMENT RESULT

Casel: Beijing West Station (3. balanced type) Case2: National Exhibition Hall (3. balanced type) Case3: Yuyuantan Park (3. balanced type)

The optimized "Balanced Type" layout significantly enhances spatial connectivity and pedestrian distribution
efficiency. It successfully alleviates congestion at ticket gates by introducing a more decentralized, fish-bone-
like functional arrangement.

The improved plan adopts a "Balanced Type" strategy to strengthen the integration between adjacent
exhibition zones. This intervention boosts both visual connectivity and physical accessibility, transforming the
segmented experience into a more cohesive spatial narrative.

The redesign applies a "Convenience Type" approach at key entrances and an "Experiential Type" logic within
the park, tailored to its leisure character. This hybrid strategy improves nodal visibility and wayfinding, better
accommodating diverse recreational activities.
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FUTURE APPLICATION. ...coovvrirereree. :

imulati Fi Val : A comprehensive dataset is compiled. PHASE1 This diagram illustrates a closed-loop, iterative design framework centered on Human-Computer Collaboration. Starting
Simulation itness Values ¢ This foundational database serves N DATA COLLECTION from comprehensive data collection, the process cycles through Al-powered assessment, designer-defined objectives,
as the gene pool for all subsequent E' = algorithmic generation, and systematic feedback. Each iteration refines the database, enabling the system to continuously
‘ algorithmic operations. b learn and evolve, thereby transforming subjective design intuition into a data-driven optimization process.
g \ >
e \ //____\
| 7= =
: \ % / { Tom]
Railway Station \J
Exhibition Hall Optimal solutions are selected and fed
PHASES back into the database. This iterative loop
FEEDBACK TO enriches the dataset, allowing the system to
..................................................... A . DATABASE |earn from past oUtcomes and progressively
: ) improve the quality of generated designs.
: PHASE2 [VEER! e L YOV, /. Co A5 4 P 1510 R
: ASSESSMENT \{( ~ , \ "y
: I n I | I| Q’}
AT ive turni : The evaluation phase employs \ J \ / 0y
@D te gxggssw? urning ¢ Space Syntax with Depthmap 5 __/ ')3 ’
c e S 'St .'Sr“fFI) Ing : simulation to conduct analysis Hospital Subway Station a EN Y
pedestrian flow, : of spatial performance, which / . VAL NF
. identifies critical issues in the \ S U:‘:\\S"4 R & %
. existing layout by examining i /°7~€ X 5”@ .‘k
: two primary metrics. Yo 2 ©

R__/ / \\I \ b \ %CJP\\;E*" = e A O,o )Qtf‘oz TN .'.
Street District ( a E ' b0t N @ \
N

. Z

B \/;,f \\\ ‘A—Z\ A
/ \ —_— Shopping Mall Cﬁ)" / | \ /O "
| & | o 7 Y =Z -

. — ~ — \ :
/ ID\ EL‘ 'l ll Pareto Fronts Manual Implement : Visual Perspective
\
grport om) Z * i
=\ I ;
o- i

|D|) = —
- \ Human Computer £ :

: ) Sk
2 i \
‘\f’?/’

Weight of objectives

Designer assigns weight of objectives
according to the identified problem. Urban Bark
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PHASE3 \ :
WEIGHT OF OBJECTIVES :
Designers define and prioritize :
: : optimization goals (six fitness
values). The genetic algorithm _A
then assigns weights to these PHASE4 The algorithm performs calculations to produce =
objectives, determining their a population of design solutions, each with a
O influence on the final solution. GENERATION SYSTEM  computed fitness value indicating its performance.




MR GUIDING SYSTEM |

Group work | MR System Design, Route Planning, Interest Prediction
Site: Suzhou, China
Time: 2024.11 - 2025.01

Instructor: Prof. Xin Zhang, zhx@tsinghua.edu.cn

DATA TYPE DATA SOURCE DATBASE
‘ Tourist profile ‘ ‘ Survey ‘ ‘ Tourist H
»  Original route & spot |«
Static Data > Garden space ‘ ‘ 3D Scanning ‘ —> Scenespot ’J
‘ Text knowledge ‘ ‘ LLMs ‘ ‘ Knowledge }
\ 4
‘ Eyemoving data HVisuaI preference‘ .‘ ‘ Dynamic map }
Dynamic Data > > MUIt'mo,dal R
- - interaction . .
‘ Location data }—»‘ Behavior feature ‘ ‘ Personalized narration %f

Builds an integrated dataset of tourists and scenespots for MR guiding.

Combines adaptive path planning with LLM-generated narration.

Delivers a full application and interface for dynamic MR guiding.



BACKGROUND | COMPARISON OF GUIDING APPROACHES

Guiding Approaches across Different Scales: Museum, Park & City

SCALE S

In museum settings, guidance is centered around exhibited content rather than movement. Visitors focus on objects or displays arranged in a curated order, while
navigation plays a secondary role. The experience is shaped by interpretive materials such as exhibit cards or audio guides.

v v Exhibition Card
Basic profile introducing
— real-world interference
O]
0 Audio Guide
) Basic profile introducing
— 0 (! real-world interference
M
- T . AR Interaction
Basic profile introducing
o ) real-world interference
Museum Node: Exhibited items
SCALE M

Classical gardens and urban parks balance exploration and content. Visitors often roam freely while engaging with spatially distributed features, such as pavilions,
stone arrangements, or framed views. Both the route and the nodes matter, enabling a layered and personal experience.

) Audio Guide
Basic profile introducing
9 Il real-world interference
9 Q
Map Sign
Q I.QJ Basic profile introducing

real-world interference

More ways...
An intersection of museum
and city guiding system

Urban parks/gardens Node: Park regions

SCALEL

Citywalk experiences emphasize path-making across open urban environments. Visitors navigate through streets, alleys, and landmark buildings, often guided by
map signs or digital apps. Here, the route itself becomes the main narrative, punctuated by spatial anchors and visual cues.

<
Map Sign
'.QJ Basic profile introducing
Q 9 real-world interference
Q
90 Q9
Q
9 Guiding App

Basic profile introducing
real-world interference

Citywalk Node: Scenic spots

FRAMEWORK | MR GUIDING SYSTEM FOR CHINESE GARDEN

Tourist Database

Survey HMD Tracking

Scenespot Database

Y Y
Static Data Dynamic Data Dynamic Data
O Persona
() Basic profile %_? Real-time Path [|[|[||] Labeled Spots
Expected —_—> & Crowd Density
Tour Duration «C T <
@ urrent lour @Q Visibility
Duration
Tourist Needs ceo| Average Visiting
D 9 °°()  Time
Visual Preference CA" Accessibilit
ﬁ Interaction !
m preference
Y Y
KL Divergence Shortest Path LLM generated
10 Original Narration Text
VS vi V2

3 / 5 \7
\ / 6 3 5 w3 Tourist
data

// Personalized Narration

_ A
02 04 06 08

\ \ Y \

Module 2: Personalized Narration

SPOT1 (@)

LLM-generated text from
the original narration text,
based on tour needs and
SPOT2 dynamic visual preference
of tourist, with interactive
games and narration.

Module 1: Travel Route Planning

SPOT1

SPQOT 2

TETS Selection of tourist attraction

Generation of updated path




DATABASE FOR TOURISTS

Static Profile Data from Survey
This survey collects static profile information, including personal background, expected tour duration, content preferences, and interaction modes. The
data helps inform customized MR guidance experiences.

“ Interaction
m preference

QO Persona @ Expected
T\ Basic profile Do Tour Duration

Age [ ]
Gender [ |
N

Purpose of trip:

Preferred Mode of Interaction:
. Which type of interaction do
: you prefer while touring?

Preferred Information Delivery:
How do you prefer to receive
tourist information?

N in 0
N N 0
O i 0
N 0 0

Expected Duration: How long
do you plan to stay at this
destination?

Preferred Duration for Each
Activity: How long do you
prefer each activity to last?

Desired Content: What content
: would you like to interact with
¢ during your tour?

Special Needs: Do you have
any special requirements?
(e.g. language support,
accessibility, etc.)

0 0 0 O
0 o 0 i

Dynamic Behavior Data from
Through eye-tracking and motion capture, tourists' gaze patterns, fixation points, and movement trajectories are recorded and analyzed to reveal
attention and spatial engagement dynamics during MR tours.

Source Name -3 Gaze & Fixation Detection
Velocity .....................................................................
: << << . .
Headset Pose : (“x. ‘t.’) ey GAZING: Eye speed < 30°/s
e e
Orientation Fixation: > 5 gazing points

Eye Speed

o

i Jefe[ 1 [a]1 11 ]o]1]o]1]
Eye-tracking Pupil Diameter :

_—fixation 1 _——fixation 2

Eye Openness duration 1 duration 2

Data proces{s ng steps

Median Filtering % Real-time Path
E,:\,\, . ; \ Current Tour
T Time Alignment @ Duration

Fixation Analysis
QO

Visual Preference

Results of 20 Participants & Clustering

Participants were grouped into four distinct clusters based on their real-time movement trajectories collected through HMD tracking. By analyzing path complexity, duration,
spatial coverage, and fixation behavior, we identified representative behavioral patterns across different user types. These clusters reveal how individuals engage with the
garden space differently, offering a foundation for personalized MR content delivery and spatial experience design.

Time : 24min

Time : 28min

Time : 20min

Time : 18min

Time : 15min

Time : 15min

Time : 24min

Time : 22 min

Tourist 1: Shuyu

Tourist 3 : Weitao

Tourist 5 : Yuxiao

Tourist 7 : Xin Zhang

Tourist 9 : Mengjia

Tourist 11: Shuning

Tourist 13 : Jigjian

Tourist 16 : Zhangxin

Time : 32min

Time : 36min

Time : 2Imin

Time : 22min

Time : 16min

Time : 17min

Time : 25min

Time : 20min

Tourist 2 : Yanjun  +

Tourist 4 : Linxiao ~ +

Tourist 6 : Yating  *

Tourist 8 : Kale

Tourist 10 : Jiajun

Exploratory Wanderers

Tourists with broad and :
self-directed movement :
across the entire garden.

Duration
Spatial Range
Path Complexity

Exploration

Thematic Seekers

Visitors who focus on :
specific zones with clear :

1_>5 thematic interests.

Tourist 12 : Xinyang &

Tourist 14 : Zhian  +

Duration
Spatial Range
Path Complexity

Exploration

Quick Passers

and routes through the :
main path. :

i Duration
} Spatial Range
Path Complexity

Exploration

1 Visitors with short stays

Leisure Strollers

Visitors who maintain a
relaxed gentle rhythm :

-—> across the space.

Tourist 16 : Jianshi -

Duration
Spatial Range
Path Complexity

Exploration



DATABASE FOR GARDEN SCENESPOT

Dynamic Data: Real-time Detection of Garden

Containing 50 different topological forms, each with 100 variants, and introducing real-world interference factorsstructural.

Path detection
& Visiting time

Real-time visitor trajectories
were recorded and mapped
to calculate average visiting
time at different locations.

Static Data: Four Labels of Spots

People detection
& Crowd Density

We applied YOLOto detect
human presence in video
frames, generating dynamic
crowd density map.

Based on visual and spatial characteristics, we classified garden elements into four major scene types.

Flora Rockery
Natural floral clusters Rock formations and
and trees/plants arrangements

Static Data: Visibility and Accessibility of Spots

Water

Ponds, streams, and
waterfront edges

Person: 095

Person: 0.86

Interior

Framed views and
interior-style pavilions

Visibility was derived through ControlNet-based segmentation of panoramic images, quantifying the proportion of visual content (four labeld elements).
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Ivyinxuan

Flora
Rockery
Water -

Interior

Haoputing
Flora
Rockery
Water

Interior

Wufengxianguan

Flora
Rockery
Water

Interior

Crowd Average
Density Visiting Time

0l

Labeled
Elements

Visibility Accessibility

Dynamic data of real-time detection

® Flora
Rockery
® Water

Interior

Distribution of labeled elements

Integrated features of spots

Digital model of Liuyuan Garden



ENGINE SYSTEM DESIGN

Tourist Database: Static

® © @ @

Tourist Database: Dynamic

v ® @

Attraction Database: Static

Attraction Database: Dynamic

Y
Top3 Recommendation

Stone
Flora
Rockery

Interior

Stone
Flora

Water

Interior

Path selection

D 2

Routes adapt to user preference ang real-time flow

— 60

Tourist density

> » 10min
Estimated time =essmmecssssss 01237/ 1:25149
50min left

At key moments, such as arrival at a scene or fixation, the system triggers personalized narration @ising LLMs. Narration is

adapted to the user's profile, enriching the experience with thematic storytelling ahd contextual information,

Persona Expected Tourist Interaction Real-time Current Visual Visibility Accessibility Labeled Crowd Average
Basic profile  Tour Duration Needs preference Path Tour Duration Preference _ _ Elements Density Visiting Time
o N 4 - , h
Path Planning Logic (Where) Narration Trigger Logic (What)
DYNAMIC | Expected Tour Duration Accessibility
GUIDE ENGINE ' > > ]
| Time Comparison LLM-prompt |
A real-time engine that adapts both N L
Current Tour Duration
fante A sRihenLine Jedion Jiser [ ' Shortest Path | y | Updated & D, Trigger Personalized
behavior and environmental conditions. Algorithm L | ShortestPath | B A L ¥ s Narration
By linking movement data with spatial 7 _
features and Al narration, it delivers Visual Preference | Real-time Path |7,| Stay -
responsive, personalized guidance in the : KL ¥ Origlr]al
garden setting. Divergence e e | Narration
Visibility Density Elements 2
¥ fe i
L
Your distribution Flora
Rockery
Water
Interior
4 2 Function Module 2: Al Personalized Narration

s

|
-l

Original Narration

Y Y

The lake area of Liuyuan Garden represents a
central stage where water, architecture, and rock
compositions are carefully orchestrated. Visitors >
encountershifting perspectives as they walk along
winding paths, revealing different combinations of

Architecture student
Classical-garden fan

More design logic & pavilion
or corridor details

&

pavilions, reflections, and plantings.

Y

Ke

&) Qu Xi Pavilion stands at the water's edge,

l @ crrs

Narration refined by LLM

offering a quiet vantage point. Its open :
structure allows breezes to circulate.

Beside the water rises a crafted rockery,
representing mountains in miniature and
inviting the imagination to wander.

an

The lotus pond unfolds across the center,
reflects the sky and nearby corridars,

The lake area of Liuyuan represents a
central stage where water, architecture,
and rock compositions are carefully
orchestrated. Timber columns and

i overhanging eaves of the pavilion and
: waterside frame the pond like living

scrolls. The spatial layering—from open
pavilion to enclosed walkway—creates

i arhythm of viewing and movement that

5

symbolizing renewal and harmony.

is uniquely architectural.

N




INTERFACE & APPLICATION

/

~

Dynamic Map

Displays current location, visited

spots, and suggested routes. The

map updates in real time based
on tourist movements and system

recommendations.

Narration Label

Flower
Stone
Water

Interior

\_

Xixiang Xuan

Shuchang Ting
Flower

Stone

Water

Interior

2

Keting
Flower
Stone
Water
Interior

/

Tourist Attraction Recommendation
Users receive visual cards suggesting next destinations. Each card

presents a breakdown of scene types for easy comparison.

Setting Panel

Allows users to adjust preferences,
such as desired tour time, mood,
or interaction level. These settings
influence the guiding logic.

9

Keting

-
Keting
-,

- Keting ™sssusescans
eting

Keting

-
Keting
- -
Keting Keting

Keting
-

Keting
-

(o Y
Keting
Keting
Flower

Stone

A

KE:”Q 4 ’m Water
8‘_ 7 Interior
N

Path Updating

The system dynamically recalculates the best route using shorte
logic, tourist density, and scene matching.
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Group work | Urban Design, Industry Programming

Lok |

Site: Hong Kong, China
Time: 2025.02 - 2025.06

Instructor: Prof. Ye Zhang, zhang-ye@mailtsinghua.edu.cn

3 % : : : e 2] e ; SCALE ANALYSIS LAYERS URBAN SYSTEM DESIGN

SPATIAL PROGRAMMING: PARLOR L-M-S

| LGBAHKSZ | Mobility Element flow

Spatial structure

‘ M: Northern Metropolis ‘ > Industry > Stakeholders > Spatial

layout

Parlor diagram

. 5
\ \ ‘ S: Sheungshui ‘ Policy
L/

Production

Analyzes site across L-M-S scale through industrial, mobility, and policy flows.

Develops a cross-border biotech urban innovation framework.

« Translates the framework into an L-M-S parlor system for co-making.



ANALYSIS | MOBILITY, INDUSTRY & POLICY

Current Spatial-Industrial Patterns (L-M-S)

L scale: GBA, Hong Kang & Shenzhen

Shenzhen provides Hong Kong with technological support, while
Hong Kong offers SZ's physical enterprises a favorable international

business environment for overseas expansion.

trict Fuxin Com-
rvice Center

Shenztien Part Hospital

Shenzhen Luohu District Traditional Chi-
nese Medicingfospital

Tai Po Hospital

=L i | @l
Alice Ho Miu Ling Ne:l.g@ 4
sode Hospital

Current Spatial-Industrial Patterns (L-M-S)

’
J

I

=y

el

S scale:___S_heu’héshui

— \As a threshold zone, She__u_ng'S"h'ui offers fertile
gﬂﬂrmof'pild'!h&cpmmumty-scale biotech and
N S bottom-up innovation.

\n.

M scale: Northern Metropolis

Positioned between Shenzhen's biotech hub and
Hong Kong's clinical frontier, the area shows strong
potential for health-related industries driven by
aging demand and pharmaceutical clustering.

NORTH METROPOLIS

Fanling / Sheung Shui
Kwu Tung North
New Territories North

Ma Tso Long

CONNECTION

== == Boundary of Hong Kong

(Main) Road Network

NODES
(O  Metro Pivotal Nodes

A\ Main Commerce Area

A CROSS-BORDER URBAN INNOVATION SYSTEM

Shenzhen, Futian

&

9

._—@{:

Shenzhen, Luohu

@

ENABLING SERVICE

San Tin Technopole

Sheung Shui

; ff] -
Industrial Base Cross-border Tax Optimization Customs & Logistics Accelerator
Spatial Entry Point Legal Compliance GBA Tax Differentials Coordination Intermediary Services
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w
5
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-l coooo
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Component Cross-border Co-creation Pilot & Community Product Release Mass Production
Manufacturing Transfer Prototype Generation Testing & Market Feedback Scaling
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g b ' s ™
il %@
Exhibition & Sales of Clustering of Matrix of Profits for Well-being of
Cross-border Product Multinational Corporations New Products Government and Company the whole Community
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SPATIAL STRATEGY | PARLOR MODE

Parameter of Three Types of Parlor

Parlor Diagram

Step 1: Ring + L-Parlor

Step 2: Parlor Typology

Space Diagram

Platform Garden

City Public Plaza

Street Interface

Area calculation

Service Radius

Facility Distance

Hierachical Distance

Mode diversity

Functional Ratio

Economic Model

Mobility

Technology Transfer

Spatial-Temporal Efficiency

Capacity Model

Dimension Constraint

Service Parameters

Degradation Model

Density Basis

Geometric Parameters

Revocery Period

Mode Conversion

Technical Basis

URBAN PARLOR | AN EXHIBITIONARY URBANISM

L Parlor

Serving as the center
in biotech innovation

L M
40000 m
10km (drone)
1500m
60km
12 types/parlor

0.75

21w/ m' per year

90%

1 month

32000

50000

12000

75%

15 p/km

21

15 years

32

ecosystem where Al-
driven design, global
collaboration, and bio-
manufacturing converge.
Positioned at strategic
urban gateways, L-Parlors
support knowledge flow
and ensure integration
between research and
logistics infrastructures.

Hub for Encounter & Innovation

People from diverse backgrounds are invited to co-create
future biotech applications through participatory innovation.

co-Making & testing station

%; GenePlay Expo

BioForge Hub

hub for biotech innovation

Pop-up Boxes in Community

They permeate community spaces and interfaces, ensuring
biotech innovations actively reach everyday citizens.

M Parlor

M-Parlor functions as
an intermediate node
that bridges centralized
innovation with localized
community engagement.
It hosts working spaces,
small testing stations, and
distributed manufacturing
setups, invites community
to monitor samples from
a shared rotating platform.

community testing module

S Parlor

Community-embedded
micro-facilities providing
instant biotech services,
drone-enabled logistics,
and personalized health
interactions, fostering
everyday engagement and
seamless integration of
technology into residential
life. blurring the boundary
between laboratory and
community.

interactive tech box

PharmakEco Valley G&d}

New Innovation Field

BioMotion Park

mobile health capsule




Displacement Prediction of Weaving Structures based on GNN

Group work | Weaving structure, GNN, CAAD
Instructor: Prof. Weixin Huang, huangwx@tsinghua.edu.cn

Builds a woven-structure dataset through a Grasshopper-based geometric and simulation pipeline.
Trains a MeshGraphNet-based GNN with physics-informed constraints tailored to woven mechanics.

Demonstrates a predictive tool that accelerates early-stage structural exploration.



DATASET GENERATION | GRASSHOPPER PIPELINE

Typological Forms Graph Data for Training
Dataset A for basic model and parameter tuning g'u input_ mesh surface:
) gf‘t E.,n : :’=‘%“ Containing single topology structure and performing 500 rotations and scaling. 2 triangulated base
7 0
1 ;‘*‘5;9;""

; T— i
=q Fv f u
v Length ™ § s=e=siy GoalObjects |
Strength & Threst I ;
Tolerance

¢ Maxlterations o

Generation of arch
base surface

weaving structure:
relaxed lattice

A
Domain start | 00 S —_— éﬁ:& %“
mne ey X
N R N .
(O S coordinates (x,y,z):
[Domainstart| 003 N * position of vertex
[ pomain end | 030 Ve — 3
Q.
D
Random rotate and %
scale Dataset B for main model and validation of generalization S
% b Containing 50 different topological forms, each with 100 variants, and introducing g
Py g-

Surface normal: unit
orientation vectors.

Step2: Random rotation and scaling of surface

P Peooooad P : %%\"‘M
i U GoalObjects I b N &"’ ",
Strength dw }f’ﬂ Threshold x g &
af \“ Tolerance 't ar E ‘
Vi 0 0 p— @ > il .
Weavingbata - VA beam index: edge-
caxngLe WeavingData 3 -
KagomeMesh 4 0 to-beam mapping ID
3 Subs lylin %gi ﬁ j: L 3 mt"”‘”“"“@ Weave mesh, relax
N - geometry
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r‘R hEEocooooooooe GoalObjects i

[ AngleFactor 080 qnN 3-%“
4 Threshold 4. G &b N
¢ Tolerance I E ; &
( Maxiterations T 3
features of point:
[x, y, z, nx, ny, nz, tag]
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Sample rod/spring
simulate

rigid & hinge edges:

q

<

q

q

4

q
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Step4: Structural displacement calculation based on Karamba



MODEL TRAINING & PREDICTION | GRAPH NEURAL NETWORK

Processor

Decoder

_ 2 Axial loss Constraint
Rigid edge — Rigid messages —  Decoded displacement ' Sy Bending loss !
Pinned edge —= Pinned messages ! i - . |
; \_ Prediction J Loss and Constraint ! R Output i
Input graph T Iteration
Method Framework for GNN Training
—— train total loss —— train displacement —— ftrain elastic train bend
- - - testtotal loss - -~ test displacement - =~ test elastic test bend
without beamindex without curvature with type3 edge with constrain without constrain displacement_bending displacement_elastic displacement_only

o o o

© © ]

3 3 3

j=2] {=2 j=2]

k) k) )

Kl Kl Kl

o o o

— — —

Epoch Epoch Epoch Epoch Epoch Epoch Epoch Epoch
Loss comparison for experiment 1 Loss comparison for experiment 2 Loss comparison for experiment 3
without beam index without curvature with type3 edge control group test without constraint control group displacement & bending loss displacement & axial loss displacement loss control group
o M Ny b . W

top view

right view

left view

perspective
—— train model
—— displacement

Visualization for experiment 1

Performance evaluation of graph data modeling

From the loss curve and prediction visualization results, it can be seen that deleting the beam index or replacing the
type-3 edges has no significant impact on training performance; after removing the curvature features, although the
training loss decreases faster, the model shows evident physical fluctuations in the outputs on the test set, indicating
poor stability; this suggests that curvature information is significantly important in capturing structural geometric
constraints, helping the model learn more physically consistent dynamic behavior.

top view

right view

left view

perspective

—— train model
—— displacement

Visualization for experiment 2

Ablation experiment of anchor points and hinge point constraint

The model showed a stagnation in loss during the early stages of training, with the final predicted
displacement almost being zero, and the structural response lacked dynamic changes. Combining
the trends of loss and output performance, it can be inferred that the model is unable to effectively
learn the structural response patterns in the absence of boundary constraints, leading to the
training getting trapped in a local optimum state of ‘giving up on prediction".

top view

right view

/7

left view

perspective

—— train model
— displacement

Visualization for experiment 3

Ablation experiment of physical loss term

Models that use only displacement loss are prone to getting stuck in local optima. After adding bending loss, the
model's deformation curvature shows slight improvement, but the effect is limited; with the introduction of axial loss,
although the overall MSE shows a slight increase, the model's overall predictions become smoother and the structural
responses are more physically reasonable. When all three loss terms are used together, the prediction results are
closest to the true simulation state, enhancing model's structural perception ability and convergence stability.



Commenotes:
Synthesizing Organic Comments to Support
Community-Based Fact-Checking

Group work | LLM Synthesization, Misinformation Intervention, User Study

Instructor: Prof. Xin Yi, yixin@tsinghua.edu.cn

Community-based fact-checking is promising to reduce the spread of misleading posts at
scale. However, its effectiveness can be undermined by the delays in fact-check delivery.
Notably, user-initiated organic comments can contain debunking information and have the
potential to help mitigate this limitation. Here, we investigate the feasibility of using LLM to
synthesize comments and generate timely high-quality fact-checks. To this end, we analyze
over 2.2 million replies on X and introduce Commenotes, a two-phase framework that filters
and synthesizes comments to facilitate fact-check delivery. Our framework reveals that
fact-checking comments appear early and sufficiently: 99.3% of misleading posts receive
debunking comments within the initial two hours since post publication, with synthesized
commenotes successfully earning user trust for 85.8% of those posts. Additionally, a user
study (N=144) find that synthesized commenotes are often preferred, with the bestperforming
model achieving a 70.1% win rate over human notes and rated as more helpful in all
dimensions.
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We conducted a user study comparing Al-synthesized commenotes with human-written
Community Notes. As shown in the figure, commenotes were consistently rated as more helpful.
Figure 6 further shows that a large majority of users preferred commenotes, with the best model
achieving a 701% win rate. These results highlight that commenotes are not only accurate and
clear, but also more trusted and well-received—supporting their value as a scalable fact-checking

tool.
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To assess the quality of synthesized notes beyond overall helpfulness, we evaluated user perceptions across five key
dimensions: quality, clarity, coverage, context, and impartiality—aligned with the official Community Notes rating guidelines.
As shown in the figure, Commenotes received high ratings across all dimensions, with particularly strong scores in clarity
and coverage, suggesting that LLMs are effective in summarizing diverse user inputs into clear, informative notes that
comprehensively address misleading claims. Importantly, the ratings on impartiality were comparable to human-written notes.
These results highlight the ability of Commenotes to generate timely and trustworthy fact-checking content.
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