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Research-World Motivation

Both graphs minimize the segregation objective used in prior work (Fabbri et al. 2022)

We design an exposure objective that is minimized only by the left graph
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Fundamental matrix F = (I — P)_1

D jev Fi¢ = eZ.TFc: Expected exposure starting at 7 How can we reduce f (G)?

F(G) = X;cpr € Fc = 1! Fe: Expected total exposure
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Problem Statement

£(G) = 1! Fc: Expected total exposure Edit operation: Edge rewiring
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G,: G after 7 rewirings

V—Rewumg Exposure Minimization (REM)

minf(G,) © maxfa(G, G,) = £(G) - £(G,)

More realistic & involved variant: g-Relevant 7-Rewiring Exposure Minimization (QREM)
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Theoretical Analysis

REM objective: 17 Fc

Minimization problem: min /' (G,)

NDP-hard via reduction from Minimum Vertex Cover
...likely also hard to approximate (based on Unique Games Conjecture)

Equivalent maximization problem: max fa (G, G,) = f(G) — f(G,)
General knowledge: Submodularity of max objective — Greedy (1 — %)—approximation
Challenge: Rewiring problems not generally submodular

Idea: Conditional submodularity
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Greedy Algorithm: GAMINE

oo . . Input: Graph G = (V, E), transition matrix P, costs ¢, budget r
NalVe lmplementathnl O ( 7’7’22 (7’1 + M) ) Olftpllt: Selz of r rewirings X of shape (i, j, k) ;
o o o X0
Bottleneck: Matrix inversion 2 for i € Ne, do
3 Precompute 17 F and Fc > O(km)
. . . . 4 Precompute 17 Fu for (i, j) € E > O(m)
FOI'gOlIlg matI'IX 1nversion: O(VK” (7/1 + M)) 5 Precompute Fu for (i, j) € E > O(n?)
. . . . . 6: Precompute v! Fcfor j #k € V > O(kn?)
ApprOXImate INVErse via ¥ pOWGI' 1terations 7 1-REM()
8: return X

9: function 1-REM()
10: ALK 0,1, 1, L

11 for (i,j) € Edo > O0(m)
12: for k € V' \ (IT'*(i) U {i}) do > O(n)
13: u « P[i, jle;

14: Ve ej—eg

15: Aijk «— % > O(l)
16: if Aijk > A then

17: A, i,,j’, k’ — Aijk’ i, j, k

18 E« (E\{(/",j)) V{{F, K)}
19: P[i’,k’] « P[i’,j’]

20: P[i’,j’'] <0

21: X —XU{({,j,kK)}
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Naive implementation: O(rn*(n + m))
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Forgoing matrix inversion: O(rxn(n + m))
Approximate inverse via ¥ power iterations
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Still suffices to identify rewiring maximizing oz = (17 Fu) (v’ Fe)

Can no longer aftford to compute p =1 + v! Fu, but. . .
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: X« 0

: fori € N, do
Compute 17F and Fe > O(km)
Compute 17 Fu for all (i, j) € E > O (m)
K « {k | Fc[k] € {(A" +2) smallest Fc-values}} > O(n)
Compute v/ Fcfor j € Vand k € K > O(A*n)
1-REM()

return X

: function 1-REM()
ANV, jLK «—0,1,1,1

for (i,j) € E do > O(m)
for k;jj € K\ (T*i)u {i}) do > O(AY)

u — P[i, jle;

Ve e~ €y,
Aijk — (17Fu) (vTFc) > 0(1)

if Aijk > A then
ALK — Ay i Kij
E— (E\{(, ) V{({ k)}
P[i’,k'] < P[{’, ']
P[i’,j'] <0
X — X U{({T, 7.k}
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Greedy Algorithm: GAMINE

Naolove implementation: O ( 7‘7l2 (n + m) ) Input: Graph G = (V, E), transition matrix P, costs ¢, budget r

Output: Set of r rewirings X of shape (i, j, k)

Bottleneck: Matrix inversion  forre N, do
3: Compllte 1TF and Fe > O(km)
. . . . . 4 Compute 17 Fu for all (i, j) € E > O (m)
Forgoing matrix inversion: O(rxn(n + m)) e KTk Eel] & (& 1 2) smallest Fevalues}} ».000)
. . . . . : m T rj > +
Approximate inverse via k power iterations S S orj e Vandlee K oum
8: return X

New bottleneck: Number of candidate rewirings
9: function 1-REM()

Reducing candidate rewirings: O(rx(A™ % + m)) o MOk by o
Only consider AT + 2 most promising targets o R e e O
Still suffices to identify rewiring maximizing o7 = (17 Fu) (v Fe) . ,,} Zzgfgu) (vTFo) . 0(1)
Can no longer aftford to compute p =1 + v! Fu, but. .. . e /,Athen,-jk, i j,kij

Correlation between o7 and o7/ p almost perfect Rk e
or > or’ almost always implies o7/p > o7’ [ ¢’ ORI L
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Naolove implementation: O ( 7‘7l2 (n + m) ) Input: Graph G = (V, E), transition matrix P, costs ¢, budget r

Output: Set of r rewirings X of shape (i, j, k)

. . . : «— 0

Bottleneck: Matrix inversion S fori e e do
3: Compllte 1TF and Fe > O(km)
. . . . . 4 Compute 17 Fu for all (i, j) € E > O (m)
FOnglng matrIX lnverSIOn. O ( VK” (7/1 + M) ) 5 K « {k | Fc[k] € {(A" +2) smallest Fc-values}} > O(n)

. . . . . . Com TFcforj e Vandk € K > O(A*
Approximate inverse via k power iterations S rmma RS .
8: return X

New bottleneck: Number of candidate rewirings
9: function 1-REM()

1 1 1 ¢4 . + 10: A ik —0,1,1,1
Reducing candidate rewirings: O(rx(A*n + m)) o Mokl o
. o 12 for k;; € K \ (T*(i) U {i}) do > O(AY)
Only consider A™ + 2 most promising targets M u — P[i, jle
. m .d .f . e . . e o T T 14: Y(_ej_ekij
Still suffices to identify rewiring maximizing oz = (1° Fu) (v* Fc) 5 Ay (TFo) (4TF) . 0(1)
16: if Aijk > A then
Can no longer aftford to compute p =1 + v! Fu, but. .. 17 MK = Bk
; . Ee BE\{W, D) VLK)
Correlation between o7 and o7/ p almost perfect . i epig
. . : P[i’,j'] « 0
or > or’ almost always implies o7/p > o7’ [ ¢’ v X XU

O(rx(A"n + m)) = O(n) under realistic assumptions
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Experimental Evaluation

Dataset d n m f(G)/n
i i
SU, SH 10 SX10° 1 )01 15231)
(2-4-36 graphs) fori € {2,3,4,5}
YT100x 5 202075  [0.900, 8.475]
10 40415 404150  [0.938, 8.701]
(3 - 6 graphs)
20 808300  [0.989, 9.444]
Y106 5 752860  [0.806, 5.785]

3. 6 orach 10 150572 1505720  [0.883, 7.576]
(3-6graphs) 5 3011440  [0.949, 8.987]
NF_JANO 5 59655  [4.217, 9.533]

36 orach 10 11931 119310  [4.248, 9.567]
(3-6graphs) 238620  [4.217, 9.533]

5 287235 [4.609, 11.068]
NF-Cov19 ’

s ¢ orach 10 57447 574470 [4.392, 10.769]
(3-6graphs) 1148940 [4.329, 10.741]
NE-ALL 5 467275 [5.565, 11.896]
G.6gaphs) 10 93455 934550 [5.315, 11.660]

Brapis) g 1869100 [5.138, 11.517]
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Reducing Exposure to Harmful Content via Graph Rewiring

YouTube video data

Competition

Four baselines (ablations)

One competitor

(Fabbri et al.,, “MMS”) for QREM

Implementation
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YouTube video data
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Four baselines (ablations)

One competitor

(Fabbri et al.,, “MMS”) for QREM

Implementation

Python 3.10
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Implementation
Python 3.10
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Corinna Coupette - 8



Experimental Evaluation

Dataset d n m f(G)/n
SU, SH 10* 5%10°

’ , 1.291, 15.231
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Reducing Exposure to Harmful Content via Graph Rewiring

YouTube video data

Competition

Four baselines (ablations)

One competitor

(Fabbri et al.,, “MMS”) for QREM

Implementation

Python 3.10

Commodity hardware

Basic parallelization
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(GAMINE...
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(GAMINE...

?\/0.2. ==BL1 —:BL3 — GAMINE
- BL2 BL4

0O 20 40 60 80 100
r

...outperforms all baselines
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(GAMINE...

...Is robust to changes in the guality threshold

1.0
—00 -=-05 09
08 % 0.95  0.99
<060\
~
~ 204
BL1 BL3 G S
024" —BL3 — GAMINE 320.21
= - BL2 BL4 =
007 00—
0 20 40 60 80 100 0 20 40 60 80 100
r r

...outperforms all baselines
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(GAMINE...

...Is robust to changes in the guality threshold

1.0 .
gl L o0 s sl 50% exposure reduction
N—— v O o ° °
o6 5% drop in recommendation quality
”@0.4-

< 0.2/--BLl — BL3 —G =02

=02 ----g]ﬂz gb N =02

007020 40 60 80 100 007020 40 60 80 100
r r

...outperforms all baselines
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(GAMINE...

...Is robust to changes in the guality threshold
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o8 Y o ok 50% exposure reduction
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007020 40 60 80 100 007020 40 60 80 100
r r
...outperforms all baselines
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r

...is robust to changes in the cost funcz‘z’on
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(GAMINE...
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...outperforms all baselines
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...Is robust to changes in the guality threshold

7 0.8

O

<06
~

/N
~

&)

=

1.0

0.4/
0.21

0.0

—00 --05 09
0.95 0.99

0 20 40 60 80 100
r

50% exposure reduction
5% drop in recommendation quality

...is robust to changes in the user model
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...is robust to changes in the cost funcz‘z’on
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...is robust to changes in the cost funcz‘z’on
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x 103
1.8 + NF-Cov19 A
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1.294 yT-10K
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X
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0
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..and scales linearly

Corinna Coupette - 9



(GAMINE...

= MMS, Max. Segregation = -+-- GAMINE, Max. Segregation
S 0.21- - MMS, Total Segregation S 0.21-- GAMINE, Total Segregation
O 0.0 — MMS, Total Exposure O 0.0 — GAMINE, Total Exposure
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r r

...outperforms MMS on the video data and...
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(GAMINE...

NONE

= MMS, Max. Segregation = -+-- GAMINE, Max. Segregation
5 0.21- - MMS, Total Segregation S 0.21-- GAMINE, Total Segregation
O 0.0 — MMS, Total Exposure O 0.0 — GAMINE, Total Exposure
0 20 40 60 80 100 0 20 40 60 80 100
r

...outperforms MMS on the video data and...

Reducing Exposure to Harmful Content via Graph Rewiring

right-center

..generates interpretable rewirings, but...

It-lite
Alt-lite

t-lite

Alt-lite

"NONE
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Icenter
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right-center 'right-center

k
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(GAMINE...

...generates interpretable rewirings, but...

1t-lite ]'\lt-lite
I |

IDW IDW

Alt-lite

center

"NONE
I

= MMS, Max. Segregation = -+-- GAMINE, Max. Segregation |left ' |center
S 0.21- - MMS, Total Segregation =S 0.21-- GAMINE, Total Segregation cefiteftf (I;enter left
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r r i j k i ] k
...outperforms MMS on the video data and...
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...it doesn’t do nearly as well on the news data...
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(GAMINE...

...generates interpretable rewirings, but...
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Thank you!

Real-world problem + modeling assumptions — 7-rewiring exposure minimization (REM)
= Optimizing random walks via graph editing under budget constraints

NP-Hardness by reduction from Minimum Vertex Cover
(1-— %)—Approximability under conditional submodularity

Efficient GAMINE algorithm (O(7) under realistic assumptions)

Extensive evaluation on synthetic and real-world data : S( "\
I

Effective, efficient, and robust in practice T
) \ S
® \\ 7\ £

\i

Favorite future work: Data complexz’ty
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Partition E into four classes based on S and U
Eqp={(5j) €eE|i€dANje€B}
Only problematic class: Eypy = {(37) |7 € U Aj € U}

Define AT = max{d*(7) | 7 € U}

If |S| > AT, then max fA (G, G,) is equivalent to maximizing submodular function over Eyyy
“G has the safety property”

Intuition: Pick edges from E7y; to rewire into S
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Greedy Rewiring

Greedy step <> Rank-one update of transition matrix P

u=Pye;, v=e —¢
P'=P+u(-v)!

F=(I-P+uv!)'=F- lli‘i‘}TFl; |Sherman-Morrison-Formula]

F(G) =f(G) —1"BEc= £(G) - Z

e=1+v Fu>0 | Normalization factor, always positive
s=1"Fu>0 [Expected number of visits to 7, scaled by P, always positive

= v! Fc | Difference between exposure of j and exposure of £, can have any sign

— A rewiring (7, 7) — (7, k) is greedily permissible ift > 0 <> j is more exposed than 4
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NP-Hardness: Setup

Reduction from Minimum Vertex Cover
Even for 3-out-regular graphs and binary node costs @0@ S
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