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he could express ⇡L in terms of the entropy, ⇡L (%,&) = 2�
⇣
%+&
2

⌘
� � (%) � � (&). With that he was able to conceive

the more general notion of (skewed) Jensen–Shannon divergence between two distributions with U 2 (0, 1) as

⇡JS,U (%,&) = � ((1 � U)% + U&) � (1 � U)� (%) � U� (&)

Without loss of generality, the Jensen–Shannon divergence is de�ned as ⇡JS = ⇡JS, 12
.
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Not only has the ⇡JS the property of symmetry but, in contrast with ⇡KL and ⇡J, it is also upper bounded. When base
2 logarithm is used, the JS divergence bounds are 0  ⇡JS (%,&)  1. Additionally, the

p
⇡JS is a proper metric which

ful�lls the identity, symmetry and the triangle inequality properties [22][DO: Is this proven there? Then I would write:
Endres show that ...]. When we refer to ⇡JS below, we therefore implicitly refer to the square root of the JS formulation
with log base 2. [DO: Should we give this it’s own name? I see we use JSD in the results, maybe more clear?]

Further along the text, we will use a shorthand notation for KL and JS divergences. Liese and Vajda de�ned f-
Divergence [⇡ 5 ], a generic formulation of several divergence metrics, among which JS and KL [39] 3. Its discrete form
is

⇡ 5 (%,&) =
’
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& (G) 5
✓
% (G)
& (G)

◆

where 5KL (C) = C log C and 5JS (C) = 1
2

h
(C + 1) log

⇣
2

C+1
⌘
+ C log C

i
.

3.3 Rank-Aware f-Divergence Metrics

Our ranked recommendation setting (characteristic (iii) above) motivates a reformulation of our f-Divergence metric.
The concept that a user is a lot less likely to see items further down a recommended ranked list (i.e. diminishing
inspection probabilities) is well entrenched in Learning To Rank (LTR)[DO: I would say IR, also in the next paragraph.]
literature [58, 74], and by extension in conventional non-normative diversity metrics [13]. In LTR, the ranking oftentimes
re�ects relevance to the user, but it is not always the case in the news setup (e.g. editorial layout of a news homepage).

We extend our metrics with an optional discount factor for % and& to weigh down the importance of results lower in
the recommendation list4. The ranking metrics Mean Reciprocal Rank (MRR) and Normalized Discounted Cumulative
Gain (NDCG) are popular rank aware metrics for LTR [14, 31], in particular for news recommendation [70]. In line with
the LTR literature, we �rst de�ne the discrete probability distribution of the recommendation set & , given each item 8

in the recommendation list '.

& (G |') =
Õ
8 F'8 82GÕ

8 F'8
,

3f-Divergence accommodates for other divergence metrics which are out of scope of this research [39].
4The context % can also be discounted. For example, it stands to reason that a user’s reading history should be discounted on the amount of time that has
passed since the user has consumed that item.
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