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Incomplete Networks 
• Networked representations of real-world 
phenomena are often partially observed 

• Example: Twitter’s Gardenhose is a randomly sampled 
10% of the tweet stream 

• Acquiring more network data is often expensive 
and/or hard 

• Example: Twitter’s Firehose is very expensive 
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Given limited resources, how should one gather 
more data to get the most bang for your buck? 

Model Dependent 

•  Don’t gather data! 

•  Assume a graph model 

•  Use the incomplete network 
to fit a model of network 
structure 

•  Infer missing data 

•  Example: 

•  Kim & Leskovec, SDM 2011 

 

Model Agnostic 

•  This talk 
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Issues to Consider 
Goal 

• Observe as many new 
nodes as possible 

•  Application: PageRank, BP 

•  Find triangles in the 
incomplete network 

•  Application: Community 
detection 

• … 

Type of queries allowed 

• Can ask for and obtain: 

•  all the edges of a node 

•  a random edge of  a 
node 

•  all the communications 
between two nodes 

• … 
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Roadmap 
• MaxOutProbe: A heuristic approach 

• Goal: Observe as many new nodes as possible 

• Query: Returns all the edges of a node 

• Current work 
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Problem Definition 
• Given 

• An incomplete network Ĝ that is part of a larger, unseen 
network G 

• A probing budget b ∈  

• Goal 
• Select b nodes from Ĝ that, when probed, bring as many 

new nodes as possible into Ĝ 

• Assumption 
• When a node is probed, all of its neighbors from G are 

observed 
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Running Example: Ĝ 
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Running Example 
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In Ĝ 
 
 
 
In G, but  
not in Ĝ 
 

Which yellow nodes are adjacent to many green nodes? 



Running Example: Which yellow nodes 
are adjacent to many green nodes? 
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In Ĝ 
 
 
 
In G, but  
not in Ĝ 
 



MaxOutProbe: Outline 
1.  Using Ĝ, estimate each node u’s true degree du 

in G 

2.  Estimate the number of neighbors u has inside Ĝ 

• Using Ĝ, estimate the average clustering 
coefficient C of G 

3.  Using #1 and #2, estimate the number of 
neighbors u has outside Ĝ 
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MaxOutProbe (cont.) 
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du
out = du −du

in = du − du
known +du

unknown( )

u

In Ĝ 
 
 
 
In G, but  
not in Ĝ 
 



Estimating Degrees du 
• Hypothesis 

• There is a scaling factor s such that a node’s  
true degree can be approximated by s times  
its observed degree 

• How do we calculate s?  
• Sample a small number of high degree nodes 
from Ĝ  

• Observe the ratio of their true degrees to their 
observed degrees 
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Estimating Internal Degrees 
• Challenge 

• Given the structure of Ĝ, how can we estimate 
the number of neighbors a node has inside Ĝ? 

• Observation: Nodes tend to cluster  
•  If u has many friends-of-friends inside Ĝ, 
chances are u is connected to some of them   

• How many?   
• Use clustering coefficient to figure it out 
• Among the wedges, what fraction are closed 
triangles? 
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Running Example 
•  u has 4 friends-of-friends (red-lined yellow 

circles) 

•  C = estimate of graph’s clustering coefficient  

•  Estimate that u is connected to  
4C of these nodes 
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Estimating C 
• Reuse nodes probed during degree-
estimation step 

• When probed, what fraction of their friends-
of-friends were they connected to? 
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Unbiased Estimates 
•  IF we know that 

• Ĝ was produced by sampling nodes or edges 
uniformly at random from G, AND 

•  the size of G 

• Details at http://arxiv.org/pdf/1511.06463v1.pdf  
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Datasets 
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Network # of  
Nodes 

# of  
Edges Transitivity 

Twitter Retweets 40K 46K 0.03 
Twitter Replies 261K 309K 0.002 
Enron Emails 84K 326K 0.08 

Yahoo! IM 100K 595K 0.08 
Amazon Books 270K 741K 0.21 
Youtube Videos 167K 1M 0.007 



Baseline & Competing Methods 
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Name Description 

HighDeg 
LowDeg 
HighDisp 
LowDisp 
CrossCom 
 
 
HighCC 
LowCC 

Select nodes with the highest degree. 
Select nodes with the lowest degree. 
Select nodes with the highest dispersion. 
Select nodes with the lowest dispersion. 
Select nodes with the highest fraction of neighbors outside 
of their community (detected by Louvain Method). 
 
Select nodes with the highest clustering coefficients. 
Select nodes with the lowest clustering coefficients. 

Random Randomly select nodes from the sample. 



Experimental Setup 
• 20 trials 
• Sample 10% of G’s edges using: 

• Random node sampling 
• Random edge sampling 
• Random walk  
• Random walk with jumps 

• Run experiments at budgets b ∈ {1%, 2%, 3%, 4%, 
5%} of the # of nodes in each network 

• Evaluate the quality of the enhanced graph by 
counting how many nodes it has 
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Results 
1.  Compared to random probing, MaxOutProbe outperforms 

High Degree probing (the best baseline) by 4% - 36% on 
average 

2.  Small improvements are because of tiny clustering 
coefficients 
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Twitter Replies, C = 0.002, Random Walk 



Summary 
•  Goal: Observe as many new nodes as possible  
•  Query: Returns all the edges of a node 
•  MaxOutProbe 

•  Makes no assumptions about how the incomplete graph with 
generated or observed 

•  Takes clustering coefficient into account 
•  Improves performance over the best baseline algorithm  

(i.e., high-degree) by 4% to 36% 
•  Improvement depends on G’s clustering coefficient 
•  Tiny C, less improvement  
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Sucheta Soundarajan, Tina Eliassi-Rad, Brian Gallagher, and Ali Pinar. 
MaxOutProbe: An Algorithm for Increasing the Size of Partially Observed Networks. 
2015 NIPS Workshop on Networks in the Social and Information Sciences. 
http://arxiv.org/abs/1511.06463 



Current Work 
• ε-WGX: A multi-armed bandit approach 

• Goal: Observe as many new nodes as possible  

• Query: Returns a random edge of a node 
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Multi-armed Bandits (MAB) 
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Lecture 9: Exploration and Exploitation

Multi-Armed Bandits

The Multi-Armed Bandit

A multi-armed bandit is a tuple hA,Ri
A is a known set of m actions (or “arms”)

Ra(r) = P [r |a] is an unknown probability
distribution over rewards

At each step t the agent selects an action
a

t

2 A
The environment generates a reward
r

t

⇠ Ra

t

The goal is to maximise cumulative
reward

P
t

⌧=1 r⌧

Bandits

• There are n machines.

• Each machine i returns a reward y ⇠ P (y; ✓
i

)

The machine’s parameter ✓
i

is unknown
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Exploration vs. Exploitation 
• Exploration 

• Pick an arm at 
random 

•  I.e., gather more 
information 

• Exploitation 
• Pick the arm that 
maximizes reward 
given current 
information 

•  I.e., make the best 
decision 
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MAB is a Promising Approach for 
Enhancing Incomplete Networks 

• Can be used without background knowledge of 
network structure 

• Can adapt to different reward function 

•  Is regularly providing the best performance for any 
given network and reward function  

• Disclaimer: based on our preliminary results 
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Some Previous Work on MAB with 
Feedback Graphs / Side Observations 
•  Leveraging Side Observations in Stochastic Bandits by 

Stéphane Caron, et al. 2012 

• Nonstochastic Multi-Armed Bandits with Graph-Structured 
Feedback by Noga Alon, et al. 2014 

• Online Learning with Feedback Graphs: Beyond Bandits by 
Noga Alon et al. 2015 
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Challenges in Using MAB for Enhancing 
Incomplete Networks 
• Changing rewards 

• Probability of getting a new edge decreases as a node is 
probed more  

•  The graph itself can be changing 

• Complementarities: rewards are depend on each other, 
even if those two nodes are not directly connected 

• Short lifespan on bandits 
• Number of useful probes on any one node is likely to be 

small 

• New arms get added 
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Workshop on Incomplete Networked Data 
•  Dates: Tuesday March 22 and Wednesday March 23, 2016 

•  Location: Open Campus, Sandia National Laboratories, Livermore, CA 

•  Organizers: Tina Eliassi-Rad (Rutgers & Northeastern), James Ferry 
(Metron, Inc.), Ali Pinar (Sandia Livermore), C. Seshadhri (UCSC) 

•  URL: http://eliassi.org/WIND16.htm  

•  Sponsor: Sandia National Laboratories 

•  Confirmed Speakers & Participants: Lada Adamic (Facebook), 
Deepak Agarwal (Linkedin), Ken Clarkson (IBM), Forrest Crawford 
(Yale), Lise Getoor (UCSC), Jiawei Han (UIUC), Tammy Kolda (Sandia), 
Ravi Kumar (Google), Jure Leskovec (Stanford), Mike Mahoney (ICSI & 
UC Berkeley), Jared Saia (UNM), Sucheta Soundarajan (Syracuse). 

•  Please let me know if you are interested in this event. 
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Thank You! 
• Funding from LLNL, NSF,  
DARPA, and DTRA 

•  tina@eliassi.org  
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