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NTT Group Overview

* Fiscal year ended March 2019. Operating revenue and operating income of each segment include inter-segment transactions. 

Other group 
Companies

NTT Urban Development
NTT FACILITIES, etc.

54.2％*1

*1 Voting rights to major subsidiaries  (As of March 31, 2019)
*2 NTT, Inc.(global holding company), was established with the goal of 
enhancing NTT Group's overall competitiveness and profit-ability
in the global market. The transference of control of NTT
COMMUNICATIONS CORPORATION, Dimension Data Holdings,

NTT DATA CORPORATION, and NTT Security Corporation 
was completed in November 2018.

NTT COMMUNICATIONS CORPORATION, Dimension Data Holdings,
NTT DATA CORPORATION, and NTT Security Corporation are 
scheduled to be reorganized into companies based around 
global operations and domestic operations in July 2019.

Data 
communications 

business

Other businesses
real estate, finance, 

construction 
and power business

• Operating revenues
(consolidated) ：¥11,879.8 billion

• Operating income
(consolidated) ：¥1,693.8 billion

• No. of employees ：303,350
• No. of subsidiaries ：919

Operating Revenue:

Operating Income:

No. of Employees:

No. of Subsidiaries:

¥2,163.6 billion

¥147.7 billion

123,900
306

¥1,240.3 billion

¥85.6 billion

25,250
95

64.1％*1

Mobile 
communications 

business

¥4,840.8 billion

¥1,013.6 billion

26,650
103

100％*1

Long distance and 
international 

communications   
business

¥2,278.7 billion

¥100.1 billion

48,000
370

100％*1

Regional
communications

business

¥3,152.3 billion

¥360.7 billion

79,550
45

*2

Structured prediction

Target loss

I Goal: Learn a mapping f : X → Y
I Target loss L : Y × Y → R+

I Minimize target expected risk

L(f ) := E(X,Y )∼ρ L(f (X), Y )

Surrogate loss

I Vector space Θ ⊆ Rp

I Label encoding (embedding) ϕ : Y → Θ
I Model g : X → Θ, θ = g(x)
I Surrogate loss S : Θ× Θ→ R
I Minimize surrogate expected risk

S(g) := E(X,Y )∼ρ S(g(X), ϕ(Y ))

I Pull-back: decoder d : Θ→ Y
I Example: Maximum A-Posteriori decoder

MAP(θ) := argmax
y∈Y

〈θ, ϕ(y)〉

Why projections?
Rp

conv(ϕ(Y))

C′

θ = g(x)

I Euclidean projection onto
a closed convex set C

PC(θ) := argmin
u∈C

‖u− θ‖
I As long as ϕ(y) ∈ C, we have

‖ϕ(y)− PC(θ)‖2 ≤ ‖ϕ(y)− θ‖2

→ projection achieves smaller squared loss!
I Projections as an output layer

x ∈ X g−−−→
model

θ ∈ Θ
PC−−−−−→

projection
u ∈ C

Loss functions

Composite loss

I `C(θ, y) := 1
2‖PC(θ)− ϕ(y)‖2 Non-convex!

Fenchel-Young losses

I Conjugate Ω∗(θ) := maxµ∈dom(Ω)〈µ, θ〉 − Ω(µ)
I Fenchel-Young loss generated by Ω

SΩ(θ, y) := Ω∗(θ) + Ω(ϕ(y))− 〈θ, ϕ(y)〉
I Convex, smooth if Ω strongly convex, non-negative

Projection loss

I Choose Ω = 1
2‖ · ‖2 + IC and define shorthand

SC(θ, y) := S1
2‖·‖2+IC(θ, y)

I Zero loss: SC(θ, y) = 0⇔ PC(θ) = ϕ(y)
I Convex upper-bound: `C(θ, y) ≤ SC(θ, y)
I Smaller sets enjoy smaller loss

SC(θ, y) ≤ SC′(θ, y) ∀C ⊆ C ′
I Smallest convex set: the convex hull of ϕ(Y)

ϕ(1) = [1, 0, 0]

ϕ(2) = [0, 1, 0]

ϕ(3) = [0, 0, 1]
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Calibration analysis

I Affine decomposition

L(ŷ, y) = 〈ϕ(ŷ), V ϕ(y) + b〉 + c(y)

I Decoding calibrated for loss L

ŷL(u) := argmin
y′∈Y

〈ϕ(y′), V u+ b〉 = MAP(−V u− b)

I Analyzed prediction pipeline

x ∈ X g−−−→
model

θ ∈ Θ
PC−−−−−→

projection
u ∈ C ŷL−−−−→

decoding
ŷ ∈ Y

I Excess of risks

δL(f ) := L(f )−L(f ?), δSC(g) := SC(g)−SC(g?)

I Theorem

∀g : X → Θ :
δL(ŷL ◦ PC ◦ g)2

8βσ2
≤ δSC(g)

1/β: strong-convexity constant of Ω w.r.t. ‖ · ‖
σ := supŷ∈Y ‖V >ϕ(ŷ)‖∗

Experiment: label ranking
Table 1: Hamming loss (lower is better) for label ranking with Euclidean projections. The first line
indicates the projection set C used in (5). The second line indicates the decoding set used in (11).
Using the Birkhoff polytope for both projections and decoding achieves the best accuracy.

Projection [0, 1]k⇥k 4k⇥k Rk⇥k [0, 1]k⇥k 4k⇥k M
Decoding [0, 1]k⇥k 4k⇥k M M M M

Authorship 12.83 5.62 5.70 5.18 5.70 5.10
Glass 24.35 5.43 7.11 5.68 5.04 4.65
Iris 27.78 10.37 19.26 4.44 1.48 2.96

Vehicle 26.36 7.43 9.04 7.57 6.99 5.88
Vowel 43.71 9.65 10.57 9.56 9.18 8.76
Wine 10.19 1.85 1.23 1.85 1.85 1.85

M: Birkhoff polytope

Projection 4k⇥k Rk⇥k
+ [0, 1]k⇥k 4k⇥k M

Decoding 4k⇥k M M M M
Authorship 5.84 5.10 5.62 5.84 5.10

Glass 5.43 5.81 5.94 5.68 4.65
Iris 11.11 18.52 4.44 1.48 2.96

Vehicle 7.57 8.46 7.43 7.21 6.25
Vowel 9.50 9.40 9.42 9.28 9.17
Wine 4.32 1.85 1.85 1.85 1.85

Table 2: Same as Table 1 but with KL projections instead. Figure 3: Example of soft
permutation matrix.

• The losses derived from Euclidean and KL projections perform similarly. This is informative, as
algorithms for Euclidean projections onto various sets are more widely available.

Beyond accuracy improvements, the projection µ = P M(Wx) is useful to visualize soft permutation
matrices predicted by the model, an advantage lost when using supersets of the Birkhoff polytope.

Ordinal regression. We compared classical ridge regression to our order simplex based loss on
sixteen publicly-available datasets [22]. For evaluation, we use mean absolute error (MAE), for which
our loss is consistent when suitably setting V and b (cf. §A). We find that ridge regression performs
the worst with an average MAE of 0.72. Combining a squared loss 1

2k'(y) � ✓k2 (no projection)
with order simplex decoding at prediction time improves the MAE to 0.47. Using a projection on
the unit cube, a superset of the order simplex, further improves the MAE to 0.45. Finally, using the
Euclidean projection onto the order simplex achieves the best MAE of 0.43, confirming that using the
order simplex for both projections and decoding works better. Detailed results are reported in Table 3.

Multilabel classification. We compared losses derived from the unit cube and the knapsack poly-
tope on the same seven datasets as in [31, 10]. We set the lower bound l to 0 and the upper-bound u

to dE[|Y |] +
p

V[|Y |]e, where E and V are computed over the training set. Although the unit cube is
a strong baseline, we find that the knapsack polytope improves F1 score on some datasets, especially
with few labels per sample (“birds”, “emotions”, “scene”). Results are reported in Tables 5 and 6.

7 Conclusion

We proposed in this paper a general framework for deriving a smooth and convex loss function
from the projection onto a convex set, bringing a computational geometry perspective to structured
prediction. We discussed several examples of polytopes with tractable Euclidean or KL projection,
making our losses useful for a variety of structured tasks. Our theoretical and empirical results
suggest that the marginal polytope is the convex set of choice when the projection onto it is affordable.
When not, our framework allows to use any superset with cheaper-to-compute projection.
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experiments in the paper!

github.com/mblondel/projection-losses


