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Outline
Countering misinformation 

• Controlling the information flow with guarantees [ACC 2024]


• Credibility detection and community analysis  
through textual information [submitted to ICWSM 2024]


• Motivations for misinformation spread


• Improving information quality via optimal ranking 

Network Perception 

• Risk of misperception in networked autonomous systems [CDC2023]


• Fast networked feature selection to reduce uncertainty [submitted to IROS 2024]


• Effects of memory and message limitations on network perception
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Countering Misinformation
• Fake News

• Propaganda

• Scams

• Rumors

• Alternation of Social Network

• Controlling Information Flow

• Countering Spread


Mitigation of spreadDetection

• Content Monitoring

• Detection by NLP

• LLM models

• BERT models
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Fighting Misinformation is a secondary goal for Social Media Companies


• Controversies are interesting 


• Freedom of speech
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SimCluster


• Identify 145,000 community


• Clustering based on Interactions


• Updated weekly

Can we use the network structure to make 
the proposed algorithm scalable?
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Graph Embedding

1. Lubold, Shane, Arun G. Chandrasekhar, and Tyler H. McCormick. "Identifying the latent space geometry of network models through analysis of curvature." Journal of the Royal Statistical Society Series B: Statistical Methodology.

Micro Interaction
Using interactions such as:


• Conversation Engagements 


• Mentions


• Retweets

̂puv =
Number of interactions between u and v

Number of all interactions in u and v
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Localized Graph

Localization for Scalability

Remove links based on their latent space distance:


If  remove the link between  and dij ≤ κ i j

Truncating the graph

Solve the control problem for the truncated network 

Question:
Can we guarantee that the resulting policy uphold the 
constraints?
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Localization for Scalability

18

Lemma 1. If the nodes are uniformly distributed in the latent space with at most  nodes in unit space, and 
 then for any  it follows that





where  denotes the -distance neighborhood of node  defined by , and  for some 
constant .

ρ
aij = αe−dij, ∀(i, j) ∈ ℰ i ∈ 𝒱

∑
j∉𝒩i

κ

aij ≤ Γle−⌊κ⌋⌊κ⌋(l+1),

𝒩i
κ κ i 𝒩i

κ := {j ∈ 𝒱 |dij ≤ κ} Γl = αρη(l + 1)
0 < η
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aij = αe−dij, ∀(i, j) ∈ ℰ i ∈ 𝒱

∑
j∉𝒩i

κ

aij ≤ Γle−⌊κ⌋⌊κ⌋(l+1),

𝒩i
κ κ i 𝒩i

κ := {j ∈ 𝒱 |dij ≤ κ} Γl = αρη(l + 1)
0 < η

Lemma 2.  Let  and  satisfy 





then  for all  . We can further simplify the constraint to be solely based on the information from  by 





    where  

δi
κ = ∑

j∉𝒩i
κ

aijxj ∀(i, j) ∈ ℰκ, uκ
ij(t)

0 ≤ (γix̄ − βisiδi
d) − βisi ∑

j∈𝒩i
κ

aijuκ
ijx

j, i ∈ 𝒱

xi(t) ≤ x̄ 0 ≤ t 𝒩i
κ

0 ≤ γi
κ x̄ − βisi ∑

j∈𝒩i
κ

aijuκ
ijx

j,

γi
κ = γi(1 −

βisi(0)Γl e−⌊κ⌋⌊κ⌋l+1

x̄
) .



Localization for Scalability

e−⌊κ⌋⌊κ⌋l+1 <
x̄

βis0
i Γl

Feasibility Criteria
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min
uκ

ij ∫
T

0
qTx(t) +

n

∑
i=1

∑
j∈𝒩i

κ

r(1 − uκ
ij)

2dt

s.t.  Dynamics, xi(0) = xi
0, si(0) = 1 − xi

0

uκ
ij ∈ 𝒰 ∀ (i, j) ∈ ℰκ,

0 ≤ γi
κ x̄ − βisi

n

∑
j∈𝒩i

κ

aijuκ
ijx

j ∀ i ∈ 𝒱,

n

∑
j=1

aij ≤
n

∑
j∈𝒩i

κ

aijuκ
ij ∀i ∈ 𝒱 .

Localized Optimal Control Problem



Localized Controller 

for κ = 5 No Control 

Localization for Scalability
We applied the algorithm to the network extracted from 500  
million tweets


• 200 Communities (~150,000 users)

• 4 dimensional manifold
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