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Fig. 2: Figure showing the impact of a newly added edge (i, j), shown in red dotted line [1].  

We use the following lemmas to find the subset of nodes for reevaluation:

Lemma 1: If 𝑖′ ∈ 𝐶𝑡−1 𝑖 then at time step 𝑡, a change to the community state of
𝑖′ is possible, only if 𝑖′ is also a neighbor of 𝑖.

Lemma 2: If 𝑗1 ∈ 𝐶𝑡−1(𝑗∗), then at time step 𝑡, a change to the community status
of any such 𝑗1 is possible.

Lemma 3: If 𝑘 ∈ 𝑉𝑡\{𝐶 𝑖 ∪ 𝐶 𝑗 } , then at time step 𝑡, unless 𝑘 is also in Γ(𝑖),
there is no need to include 𝑘 in 𝑅𝑡.

Experimental Results
To demonstrate and evaluate our incremental approach via ∆-screening, we
incorporated the technique into two well-known community detection methods:

❑ Louvain method [2]

❑ SLM method [3]

And compare it with the static and dynamic-baseline versions. The data that we
have used are summarized in the following table:

Evaluation of Runtime and Quality

(a) Average time per iteration for 5𝑀_𝑙𝑙 (b) Average time per iteration for sxstackoverflow

Fig. 4: The variation of average time per iteration by time step [1]

Effect of Varying the Temporal Resolution 

(a) The change in average modularity achieved (b) Percentage savings in total time for ∆-screening
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Problem Overview 
➢ Motivation:

❑ Community detection can be used to analyze the structure of real-world
networks that are dynamic in nature.

❑ With increasing availability of dynamic networks the problem of dynamic
community detection has become more demanding.

❑ The evolution of dynamic networks such as on-line social networks
generates huge real-time data streams. Therefore, there is a need for
efficient algorithms to update and monitor communities.

➢ Challenges:

The Cost of updating the graph should be proportional to the size of the
changes not the size of the graph

➢ Problem Statement:

Present an algorithmic technique and a corresponding incremental approach
that would complement the developments made in dynamic community
methods, and in particular those that use the modularity function as their
clustering objective.

Input: Synthetic data (5M_ll)
Method: Louvain 
Observation: dLouvain-Δs has up to 3X speed up 
compare to dLouvain-base and higher modularity

Fig. 3: Example of ∆-screening method for three-time steps [1]. 

Incremental Approach via 𝚫 −Screening Approach 𝚫 − 𝐒𝐜𝐫𝐞𝐞𝐧𝐢𝐧𝐠 Scheme
❑ Δ-screening examines the batch of changes and selects a subset of vertices

to reevaluate for potential community (re)assignment

❑ It can be efficiently implemented and incorporated as part of existing
dynamic community algorithms that use modularity.

Fig. 6: Plots showing the effect of varying the temporal resolution (input: sxstackoverflow) [1]

Fig. 1: Network snapshots for four time steps

Fig. 5: Run time and modularity comparison

Input: sxstackoverflow
Method: Louvain 
Observation: dLouvain-Δs has up to 6X speed up 
compare to dLouvain-base and preserves modularity

Input: Arxiv HEP-TH 
Method: SLM 
Observation: dSLM-Δs has up to 3X speed up 
compare to dSLM-base and preserve modularity

Input: Arxiv HEP-TH 
Method: Louvain 
Observation: dLouvain-Δs has up to 2X speed up 
compare to dLouvain-base and preserves modularity
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