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Abstract

This document contains additional details of using Alter-
nating Direction Method (ADM) to solve (i) the pose esti-
mation problem (Section 1), and (ii) the camera estimation
problem (Section 2).

1. 3D Pose Estimation
Given the camera parameters M and the 2D pose x, we

estimate the 3D pose by solving the followingL1 minimiza-
tion problem using ADM:

min
α

‖x−M (Bα+ µ)‖1 + θ ‖α‖1

s.t. ‖Ci (Bα+ µ)‖22 = Li, i = 1, · · · , t
(1)

We introduce two auxiliary variables β and γ and rewrite
Eq. (1) as:

min
α,β,γ

‖γ‖1 + θ ‖β‖1
s.t. γ = x−M (Bα+ µ) , α = β,

‖Ci (Bα+ µ)‖22 = Li, i = 1, · · · ,m.
(2)

The augmented Lagrangian function of Eq. (2) is:

L1(α, β, γ, λ1, λ2, η) = ‖γ‖1 + θ ‖β‖1 +
λT1 [γ − x+M(Bα+ µ)] + λT2 (α− β)+
η
2

[
‖γ − x+M(Bα+ µ)‖2 + ‖α− β‖2

]
where λ1 and λ2 are the Lagrange multipliers and η > 0 is
the penalty parameter. ADM is to update the variables by
minimizing the augmented Lagrangian function w.r.t. the
variables alternately. In the following, k and l are the in-
dices of iterations.

1.1. Update γ

We discard the terms in L1 which are independent of γ
and update γ by:

γk+1 = argmin
γ
‖γ‖1 +

ηk
2

∥∥∥∥γ − [x−M(Bαk + µ)− λk1
ηk

]∥∥∥∥2

which has a closed form solution [1].

1.2. Update β

We drop the terms in L1 which are independent of β and
update β by:

βk+1 = argmin
β
‖β‖1 +

ηk
2θ

∥∥∥∥β − (λk2ηk + αk
)∥∥∥∥2

which also has a closed form solution [1].

1.3. Update α

We dismiss the terms in L1 which are independent of α
and update α by:

αk+1 = arg min
α

zTWz

s.t. zTΩiz = 0, i = 1, · · · ,m
(3)

where z = [αT 1]T ,

W=

 BTMTMB + I 0

2

[(
γk+1 − x+Mµ+

λk
1

ηk

)T
MB − βk+1 +

λk
2

ηk

]
0


and Ωi =

(
BTCTi CiB BTCTi µ
µTCTi CiB µTCTi Ciµ− Li

)
.

Let Q = zzT . Then the objective function becomes
zTWz = tr(WQ) and Eq. (3) is transformed to:

min
Q

tr(WQ)

s.t. tr(ΩiQ) = 0, i = 1, · · · ,m,
Q � 0, rank(Q) ≤ 1.

(4)

We still solve problem (4) by the alternating direction
method [1]. We introduce an auxiliary variable P and
rewrite the problem as:

min
Q,P

tr(WQ)

s.t. tr(ΩiQ) = 0, i = 1, · · · ,m,
P = Q, rank(P ) ≤ 1, P � 0.

(5)

Its augmented Lagrangian function is:

L2(Q,P,G, δ) = tr(WQ)+tr(GT (Q−P ))+
δ

2
‖Q− P‖2F

1
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whereG is the Lagrange Multiplier and δ > 0 is the penalty
parameter. We update Q and P alternately.

• Update Q:

Ql+1 = argmin
tr(ΩiQ) = 0,
i = 1, · · · ,m

L2(Q,P l, Gl, δl). (6)

This is a constrained least square problem and has a
closed form solution.

• Update P : We discard the terms in L2 which are in-
dependent of P and update P by:

P l+1 = argmin
P � 0,

rank(P ) ≤ 1

∥∥∥P − Q̃∥∥∥2
F

(7)

where Q̃ = Ql+1 + 2
δl
Gl. Note that

∥∥∥P − Q̃∥∥∥2
F

is

equal to
∥∥∥P − Q̃T+Q̃

2

∥∥∥2
F

. Then (7) has a closed form
solution by the lemma 1.1.

• UpdateG: We update the Lagrangian multiplierG by:

Gl+1 = Gl + δl(Ql+1 − P l+1) (8)

• Update δ: We update the penaly parameter by:

δl+1 = min(δl · ρ, δmax), (9)

where ρ ≥ 1 and δmax are constant parameters.

Lemma 1.1 The solution to

min
P
‖P − S‖2F s.t. P � 0, rank(P ) ≤ 1 (10)

is P = max(ξ1, 0)ν1ν
T
1 , where S is a symmetric matrix and

ξ1 and ν1 are the largest eigenvalue and eigenvector of S,
respectively.

Proof Since P is a symmetric semi-positive definite matrix
and its rank is one, we can write P as: P = ξννT , where
ξ ≥ 0. Let the largest eigenvalue of S be ξ1, then we have
νTSν ≤ ξ1, ∀ν. Then we have:

‖P − S‖2F = ‖P‖2F + ‖S‖2F − 2tr(PTS)
≥ ξ2 +

∑n
i=1 ξ

2
i − 2ξξ1

= (ξ − ξ1)2 +
∑n
i=2 ξ

2
i

≥
∑n
i=2 ξ

2
i + min(ξ1, 0)2

(11)

The minimum value can be achieved when ξ = max(ξ1, 0)
and ν = ν1.

1.4. Update λ1
We update the Lagrangian multiplier λ1 by:

λk+1
1 = λk1 + ηk

(
γk+1 − x+M

(
Bαk+1 + µ

))
(12)

1.5. Update λ2
We update the Lagrangian multiplier λ2 by:

λk+1
2 = λk2 + ηk

(
αk+1 − βk+1

)
(13)

1.6. Update η

We update the penalty parameter η by:

ηk+1 = min(ηk · ρ, ηmax), (14)

where ρ ≥ 1 and ηmax are the constant parameters.

2. Camera Parameter Estimation
Given estimated 2D pose X and 3D pose Y , we estimate

camera parameters by solving the following optimization
problem:

min
m1,m2

∥∥∥∥X − ( mT
1

mT
2

)
Y

∥∥∥∥
1

, s.t. mT
1m2 = 0. (15)

We introduce an auxiliary variable R and rewrite
Eq. (15) as:

min
R,m1,m2

‖R‖1

s.t. R = X −
(
mT

1

mT
2

)
Y, mT

1m2 = 0.
(16)

We still use ADM to solve problem (16). Its augmented
Lagrangian function is:

L3(R,m1,m2, H, ζ, τ)

= ‖R‖1 + tr
(
HT

[(
mT

1

mT
2

)
Y +R−X

])
+ ζ(mT

1m2)

+ τ
2

[∥∥∥∥( mT
1

mT
2

)
Y +R−X

∥∥∥∥2
F

+
(
mT

1m2

)2]

where H and ζ are Lagrange multipliers and τ > 0 is the
penalty parameter.

2.1. Update R

We discard the terms in L3 which are independent of R
and update R by:

Rk+1 = argmin
R
‖R‖1 +

τk
2

∥∥∥∥∥R+

( (
mk

1

)T(
mk

2

)T
)
Y −X +

Hk

τk

∥∥∥∥∥
2

F

which has a closed form solution [1].

2



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

CVPR
#622

CVPR
#622

CVPR 2013 Submission #622. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

2.2. Update m1

We discard the terms in L3 which are independent ofm1

and update m1 by:

mk+1
1 = argmin

m1

∥∥∥∥( mT
1(

mk
2

)T )
Y +Rk+1 −X + Hk

τk

∥∥∥∥2
F

+
(
mT

1m
k
2 + ζk

τk

)2
This is a least square problem and has a closed form solu-
tion.

2.3. Update m2

We discard the terms in L3 which are independent ofm2

and update m2 by:

mk+1
2 = argmin

m2

∥∥∥∥∥
( (

mk+1
1

)T
mT

2

)
Y +Rk+1 −X + Hk

τk

∥∥∥∥∥
2

F

+
((
mk+1

1

)T
m2 + ζk

τk

)2
This is a least square problem and has a closed form solu-
tion.

2.4. Update H

We update Lagrange multiplier H by:

Hk+1 = Hk + τk

(( (
mk+1

1

)T(
mk+1

2

)T
)
Y +Rk+1 −X

)
(17)

2.5. Update ζ

We update the Lagrange multiplier ζ by:

ζk+1 = ζk + τk ·
(
mk+1

1

)T
mk+1

2 (18)

2.6. Update penalty parameter τ

We update the penaly parameter τ by:

τk+1 = min(τk · ρ, τmax, ) (19)

where ρ ≥ 1 and τmax are constant parameters.
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