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Extreme Classification
– Extreme multi-label classification (XMLC) is a problem of labeling an

item with a small set of labels out of an extremely large number of potential
labels, often encounter in modern machine learning applications:

- Document tagging

article⇒ features x categories⇒ labels y
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- Topic prediction for multimedia search

post⇒ features x tags⇒ labels y
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- Tagging ads with relevant queries [1]

ad⇒ features x queries⇒ labels y
"geico car insurance"
"geico auto insurance"
"geico insurance"
"need cheep auto insurance"
"www geico com"
"auto insurence coupon code"
"wisconsin car insurence"
"auto insurence florida"
...

- Recommendation systems [2]

user’s history + queries⇒ features

clicked/bought items⇒ labels y

– When the number of labels reaches the order of hundreds of thousands or
millions, using a naive approach that scale linear with a number of labels
(i.e., One-vs-All) may not be feasible.

Multi-label classification

x = (x1, x2, . . . , xd) ∈ Rd h(x)−−−−→ y = (y1, y2, . . . , ym) ∈ {0, 1}m

– An instance x ∈ X is associated with a subset of labels Lx ⊆ L (positive
labels). Set Lx is identified with the binary vector y = (y1, y2, . . . , ym) ∈ Y ,
in which yj = 1⇔ `j ∈ Lx.

– Multi-class classification as a special case in which ‖y‖1 = 1.
– Goal: find a classifier h(x) : X → Rm with small expected loss:

R`(h) = E(x,y)∼P(x,y)(`(y,h(x))

– The regret of a classifier h with respect to `

reg`(h) = R`(h)−R`(h
∗
`) = R`(h)−R∗` ,

quantifies the suboptimality of h compared to the optimal (Bayes) classifier:

h∗` = argmin
h

R`(h)

Conditional marginal probability
– Conditional marginal probability of a label:

ηj(x) = P(yj = 1|x) =
∑
y:yj=1

P(y|x)

– Bayes classifiers for popular MLC losses are directly expressed via
conditional label probabilities:

– Hamming loss: `H(y,h(x)) = 1
m

∑m
j=1Jyj 6= hj(x)K,

the optimal strategy [3]: h∗j(x) = Jηj(x) > 0.5K.

η̂1(x) η̂2(x) η̂3(x) η̂4(x) η̂5(x) η̂6(x) η̂7(x)

τ = 0.5

– Precision at k: p@k(y,h,x) = 1
k

∑
j∈ŶkJyj = 1K ,

the optimal strategy [4]:
select top k labels according to ηj(x).

η̂6(x) η̂2(x) η̂1(x) η̂5(x) η̂7(x) η̂3(x) η̂4(x)

– macro F-measure: FM(Y , Ŷ ) = 1
m

∑m
j=1F (y·j, ŷ·j) ,

the optimal solution satisfies the condition [5]:
F (τ ∗) = 2τ ∗.
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– and others like micro F-measure, DCG@k.

– Hence accurate estimation of ηj(x) is crucial for solving XMLC problems.

Probabilistic Label Trees (PLTs) [6]
– PLTs follows the learning reductions framework: the original problem is

decomposed to a set of binary problems organized in a tree structure.
– Path from the root to a leaf corresponds to one and only one label and

factorizes conditional probabilities of label:

ηlj(x) = P(yj = 1|x) =
∏

v∈Path(lj)

η(x, v)

– Efficient learning, requires updating at most ||y||1 paths per example.
– Different tree-search algorithms can by applied for prediction:

– beam search (approx. top-k prediction, O(logm) for balanced trees)
– uniform-cost search (exact top-k prediction, O(logm) under additional

assumptions)
– threshold-based search ( O(logm) under additional assumptions)

– PLTs has been recently implemented in several state-of-the-art algorithms:
Parabel [7], extremeText [4], Bonsai [8], AttentionXML [9].

Theoretical guarantees of PLTs
– Theorem [6]: For any distribution P and internal node classifiers fzi the

following holds:

|ηj(x)− η̂j(x)| ≤
l∑
i=0

√
2

λ

√
reg`(fzi |x) ,

where reg`(fzi |x) is binary classification regret for a strongly proper
composite loss ` (e.g., logistic loss) and λ is a constant specific for loss `.

– This theorem leads to guarantees for such metrics as Hamming loss,
generalized performance metrics, and precision@k [6].

napkinXC
– Other state-of-the-art methods for XMLC:

– It is hard to implement most of the XC algorithms efficiently in high-
level languages like Python.

– Lack of easy to use XC software/libraries.
– napkinXC:

– Simple and fast library for extreme multi-class and multi-label classifica-
tion for Python with C++ back-end.

– Implements SOTA version of PLTs and few other algorithms.
– Allows training a classifier for very large datasets in few lines of code

with minimal resources.
– Easy to use, follows Scikit-Learn API and supports NumPy and SciPy

data types.
– Implements various prediction algorithms for optimal prediction for

different measures (i.e., hamming loss, precision at k, micro and macro
F-measure).

ArXiv paper [8]: https://arxiv.org/abs/2009.11218
Source code: https://github.com/mwydmuch/napkinXC

pip: https://pypi.org/project/napkinxc/

Results: Recommendation
Table 1: napkinXC compared to baselines on user-to-item recommendation datasets.

p@10 [%] p@50 [%] p@100 [%] p@200 [%] r@10 [%] r@50 [%] r@100 [%] r@200 [%]

Movie-Lens-20M

Item-CF 15.61 - - - 8.86 - - -
YouTube-DNN 16.51 - - - 10.70 - - -
LightFM (WARP loss) 21.00 14.99 11.87 8.70 9.60 30.69 44.88 59.94

napkinXC-T=1 25.40 15.95 12.05 8.57 12.22 32.87 45.33 58.71

Amazon Books

Item-CF 2.02 1.04 0.74 0.52 2.14 4.71 6.29 8.18
YouTube-DNN 1.26 0.84 0.67 0.53 1.12 3.52 5.41 8.26
LightFM (WARP loss) 1.21 0.90 0.75 0.61 0.97 3.45 5.62 8.83

napkinXC-T=1 3.77 1.83 1.27 0.86 3.25 7.11 9.48 12.43

Results: Extreme Classification
Table 2: napkinXC compared to state-of-the-art algorithms on XMLC repository datasets.

p@1 [%] p@3 [%] p@5 [%] Ttrain [h] T/Ntest [ms] Msize [GB]

DeliciousLarge-200K

FastXML 43.17±0.03 38.70±0.01 36.22±0.02 3.86±0.09 12.27±0.36 6.95±0.00
PfastreXML 17.44±0.02 17.28±0.01 17.19±0.01 3.71±0.02 19.64±0.35 15.34±0.00
PPD-Sparse 45.05 38.34 34.90 ≈ 17.00 ≈ 64.00 3.40
DiSMEC 45.50 38.70 35.50 ≈ 24000.00 ≈ 68.20 160.10

Parabel-T=3 46.62±0.02 39.78±0.04 36.37±0.04 9.01±0.20 2.61±0.03 6.36±0.00
napkinXC-T=3 49.65±0.03 43.18±0.02 39.97±0.01 7.90±0.48 31.10±2.87 2.86±0.00

WikiLSHTC-325K

FastXML 49.85±0.00 33.16±0.01 24.49±0.01 6.41±0.13 4.10±0.04 12.93±0.00
PfastreXML 58.50±0.02 37.69±0.01 27.57±0.01 6.25±0.13 4.00±0.20 14.20±0.00
PPD-Sparse 64.13 42.10 31.14 ≈ 16.00 ≈ 51.00 5.10
DiSMEC 64.94 42.71 31.50 ≈ 2320.00 ≈ 340.00 3.80

Parabel-T=3 64.95±0.02 43.21±0.02 32.01±0.01 0.81±0.02 1.27±0.03 3.10±0.00
napkinXC-T=3 65.57±0.10 43.64±0.11 32.33±0.11 7.10±0.13 1.70±0.13 2.68±0.00

WikipediaLarge-500K

FastXML 49.32±0.03 33.48±0.03 25.84±0.01 51.48±0.65 15.35±0.56 59.69±0.01
PfastreXML 59.58±0.02 40.26±0.01 30.73±0.01 51.07±0.92 15.24±0.24 69.33±0.01
PPD-Sparse 70.16 50.57 39.66 ≈ 26.00 ≈ 130.00 4.00
DiSMEC 70.20 50.60 39.70 ≈ 26800.00 ≈ 1200.00 14.80

Parabel-T=3 68.66±0.06 49.48±0.05 38.60±0.04 7.33±0.12 3.44±0.13 5.69±0.00
napkinXC-T=3 69.24±0.20 49.82±0.16 38.81±0.14 41.11±1.34 5.53±0.10 4.68±0.01

Amazon-670K

FastXML 36.90±0.02 33.22±0.01 30.44±0.01 2.80±0.03 8.57±0.20 9.54±0.00
PfastreXML 36.97±0.02 34.18±0.01 32.05±0.01 3.01±0.03 9.96±0.14 10.98±0.00
PPD-Sparse 45.32 40.37 36.92 ≈ 2.00 ≈ 90.00 6.00
DiSMEC 45.37 40.40 36.96 ≈ 1830.00 ≈ 380.00 3.80

Parabel-T=3 44.70±0.04 39.66±0.04 35.85±0.04 0.39±0.00 1.57±0.05 1.95±0.00
napkinXC-T=3 45.10±0.11 40.00±0.12 36.22±0.13 2.17±0.10 1.84±0.42 1.66±0.00

Amazon-3M

FastXML 45.26±0.01 41.96±0.00 39.80±0.01 18.19±1.01 68.77±4.16 30.70±0.00
PfastreXML 32.62±0.01 32.67±0.01 32.35±0.01 19.07±0.92 78.83±3.93 41.88±0.00
PPD-Sparse - - - - - -
DiSMEC 47.77 44.96 42.80 ≈ 18800.00 ≈ 2050.00 39.70

Parabel-T=3 47.52±0.01 44.69±0.01 42.57±0.00 5.20±0.01 1.53±0.02 31.43±0.00
napkinXC-T=3 47.83±0.09 45.08±0.09 42.98±0.09 25.43±1.02 4.93±0.60 28.08±0.00
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