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1 Proofs

1.1 Proof of Theorem 4

Proof. Let distribution P, () be both Gaussian:
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where « is a parameter which will be set later, and Dk, (Q|| P) = M We assume the following

claim is true and prove it later.

Claim 1. Lera = (1+p),/2In % then with probability at least 1 — Ul oyer the selection of

w', the following holds for any x;:
h-(ajiaw/) € {y|mpL (xivy;k7y7w) S MZ} lfh/(7’LU) eEH (])
h+(l‘i7w/) € {y|mPL (xiay:ava) > _MZ} lfh/(,’LU) EH. (2)

We consider underestimate inference (the proof is similar in the case of overestimate inference). For
simplicity, denote the set of w’ satisfying Equation (1) by A;(w’). We have
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Summing over ¢ and using Lemma 2, we get the conclusion:
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We are left to prove the claim. We will first focus on underestimation (Equation 1). From the

property of the Gaussian distribution, for any € > 0 we have
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where w,, is an element in w. For any y, using the union bound over all non-zero feature dimension
of ®(z;,y), we have |w;, — aw,| < e with probability at least 1 — 2)\g exp (—%) over the choice
of w’. For those w’, if some y implies m,, (z;,y;, y, w) > M;, then
Mp; (4, h(zs, w’), Y, wl)z Mp, (3,95, v, w/)
=mp, (23, Y]y, 0w) +myp, (i, 47y, w' — aw)
> aM; + (W' — aw)TA,, (i, y;,y)

> OéMi - €||Api (x%y;k? y)Hl
Taking o = e(14p), we get m,,, (x;, h(x;, w'), y,w") > 0, which means y # h’(x;,w’). Finally, the

2
value of « can be obtained by 2\ g exp (—%) < % We complete the proof for underestimate
approximation.

For overestimation (Equation 2), we have a similar argument. If some y implies m,, (z;, ¥}, y, w) <
—M;, then

M, (25, W@, w'), y, w )= my, (x;, h(z;, w'), y, aw) + my, (2, h(z;, w'), y, w — aw)
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Taking a = (1 + p), we get m,, (z;, h(z;, w'),y, w’) < 0, which means y # h'(z;, w’).

1.2 Proof of Theorem 6

Proof. Lety,* = h(x;,w'),y; = h(x;,w'),yit = h*(z;,w'), we first establish the following upper
bound for m, (z;, ¥,y , w').
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Similarly, for m,, (z;, y;*, y;*, w’), we have the following lower bound.
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To complete the proof, we are left to establish the following claim which is similar to Claim 1 in
Theorem 4.



Claim 2. Lera = (142p+71),/21In % then with probability at least 1 — 12l oyer the selection

of w', the following holds for any x;:
h—<xi7wl> S {y‘mpi(xi7yZ7y7w) < Ml}
h+(xi7w/) € {y‘mpi(xiaijyaw) > _Mi}'

First, for the case of underestimation, using the property of Gaussian distribution and the union
bound (like the proof of Theorem 4), we have |wj;, — aw,| < ¢ with probability at least

1—2X\gexp (7%) over the choice of w’. For those w’, if some y implies m,, (z;, y;,y, w) > M;,
then

M, (2, h(zi, w'),y,w') > my, (i, 97, y, w')
= my, (i, Y], y, aw) + m,, (z, ¥, y, w' — aw)
> aM; + (W' — aw)TA,, (i, y;, y)
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Taking a = (1 + 2p + 7)e, we get m,(x;, h(z;,w'),y,w’) > (p + 7)eM;, which means y #
h(z;,w"). Similarly, we can establish the claim for the case of overestimation.
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1.3 Mistake Bounds of Algorithm 3

The mistake bounds results (and their proofs) of structured percetron and PA are almost identical to
the results with exact inference algorithms. We only show the bounds of the structured perceptron
which is from Collins [2002]. For PA, we refer the readers to Crammer et al. [2006].

Theorem 3. Let h'(-,w) be a p-approximation of h(-,w) for all w. If there is a u such that
my(z,y,y,u) > 6 > 0and R = sup, , |®(x,y)l|2, then the number of mistakes made by the
2(1+p) R?
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structured prediction in Figure 3 is bounded by

Proof. Let Ny be the number of mistakes which have been made before round 7. Following the
standard argument,

uTwipr=uTw, +uT (p®(xe, ye) — (24, ;) > N1,

[wia = lwel|* + 20] (0@ (1, y:) — P21, 7)) + [0 (20, ye) — (4, 97) |12
< loel* +2(1 + p)R? < 2Np(1 4 p) R?.

The inequality is from w] ®(z¢,y;) > pw] (x4, y5). O

Remark. Note that the above mistake bound requires h (-, w) to be a p-approximation over all w.
We could relax the requirement that only for the u, h™[u] is p-approximation. In order to do so, we
need to modify to the update condition in Figure 3 from y; # y; to pw] ®(xy, yi) < w]®(xy, ;).
On the other sides, since the p is considered to be a tunable parameter in practice, we think that we
can use the original update condition without pain.

2 Additional Experiments on Sequential Labelling

Figure 1 describes the overall performances over different inference algorithms. Methods for com-
parison include: the exact inference (“Viterbi”), an algorithm which outputs the second best se-
quence using dynamic programming similar to the Viterbi (“2nd-bst”), a greedy search algorithm
(“greedy”), the proposed greedy iterative decoding algorithm (“‘gid”), and a mixed algorithm which
is a random selection between the Viterbi and greedy iterative decoding with v = 0.8 (“mix.8”).
We compare the tag accuracy and training time in bar plots, and append F1-values of chunking and
word segmentation in tables.

In general, the accuracy decreases as the approximation rate decreases, while the training time will
increase. For the greedy iterative decoding, it is faster than the Viterbi on all tasks, especially on



chunking and POS tagging which have large size tag sets (23 and 45). And its accuracy is higher
than the “2nd-bst” on chu, pos and msr. Hence, “gid” could be an effective inference algorithm for
sequential labelling. For the “mix.8” setting, it makes a clear trade-off between time and accuracy,
which shows that the random selection method could be utilized to search for a balanced algorithm.

0.97 chu 900 0.97 pos 2500
800
0.96 700 0.96 2000
600
0.95 500 0.95 1500
400
0.94 0.94 1000
300
0.93 200 0.93 500
100
0.92 Viterbi 2nd-bst greedy gid mix.8 0 0.92 Viterbi 2nd-bst greedy gid mix.8 0
Acc 0.958 0.934 0.951 0.953 0.955 Acc 0.945 0.938 0.940 0.945 0.945
F 0.934 0.893 0.925 0.928 0.931 F NA NA NA NA NA
Time(s) 868 882 57 120 604 Time(s) 2387 2352 65 136 1571
0.97 cws-pku 700 0.97 cws-msr 1400
— 600
0.96 0.96 1200
500 1000
0.95 400 0.95 800
0.94 300 0.04 600
200 400
0.93 0.93
100 200
0.92 - = = = 0 .
Viterbi 2nd-bst greedy gid mix.8 0.92 Viterbi 2nd-bst greedy gid mix.8
Acc 0.954 0.946 0.925 0.934 0.939 Acc 0.968 0.942 0.940 0.952 0.956
F 0.949 0.943 0.921 0.930 0.937 F 0.967 0.953 0.943 0.953 0.959
Time(s) 508 605 292 347 400 Time(s) 1063 1306 514 689 738

Figure 1: Overview of inference algorithms.

Finally, we give results of random selection experiments with p > 1 in Figure 2. We can see that the
performances are lower than that of p < 1.
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Figure 2: Results of the new learning algorithms with p > 1. The x-axis represents the random
selection parameters between “gid” and “Viterbi”. The y-axis is label accuracy.
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