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Variables:

• Ri⌧ : rotation of robot i 2 R at time ⌧

• ti⌧ : translation of robot i 2 R at time ⌧

Measurements:

• eRi⌧
js
: noisy relative rotation from (i, ⌧) to (j, s)

• eti⌧js : noisy relative translation from (i, ⌧) to (j, s)

• wR, wt > 0: scalar measurement weights

Pose graph G = (V,E)

Problem 1 (Maximum Likelihood Estimation).

min

X

(i⌧ ,js)2E

wR

���Rjs �Ri⌧
eRi⌧
js

���
2

F
+ wt

��tjs � ti⌧ �Ri⌧
eti⌧js

��2
2
,

s.t. Ri⌧ 2 SO(d), ti⌧ 2 Rd, 8i 2 R, 8⌧.

Maximum Likelihood Estimation (MLE):

Distributed Pose Graph Optimization (PGO)
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Pose graph G = (V,E)

Problem 1 (Maximum Likelihood Estimation).

min

X

(i⌧ ,js)2E

wR

���Rjs �Ri⌧
eRi⌧
js

���
2

F
+ wt

��tjs � ti⌧ �Ri⌧
eti⌧js

��2
2
,

s.t. Ri⌧ 2 SO(d), ti⌧ 2 Rd, 8i 2 R, 8⌧.

Rank-  Relaxation ( ):r r ≥ d
Problem 1 (Rank-r Relaxation).

min

X

(i⌧ ,js)2E

wR

���Yjs � Yi⌧
eRi⌧
js

���
2

F
+ wt

��pjs � pi⌧ � Yi⌧
eti⌧js

��2
2
,

s.t. Yi⌧ 2 St(d, r), pi⌧ 2 Rr, 8i 2 R, 8⌧.

Hello

Useful for global optimization: Burer-Monteiro approach for SDP relaxation  
[Rosen et al. 2016, Briales et al. 2017, Tian et al. 2019] 

Distributed Pose Graph Optimization (PGO)

Maximum Likelihood Estimation (MLE):



• Communication is essential for distributed PGO 

• Existing methods operate by exchanging “public” poses 

• Riemannian gradient descent [Tron et al. 2009, Knuth and Barooah 2012] 

• Alternating direction method of multipliers (ADMM) [Choudhary et al.  2015] 

• Distributed Gauss-Seidel [Choudhary et al. 2017] 

• Block-coordinate descent on product manifold [Tian et al. 2019] 

• Generalized proximal method [Fan and Murphey 2019, 2020]

The role of communication
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• However, all existing methods are limited by synchronization: 

• Robots synchronize to use up-to-date public poses from each other 

• Induce penalty on communication and overall execution time 

• Increase complexity of implementation

Public poses



Contributions
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• Contributions: 

• ASAPP — asynchronous stochastic parallel pose graph optimization  

• The first asynchronous and provably convergent algorithm for distributed PGO and its rank-restricted relaxations 

• Sufficient conditions for convergence with respect to maximum delay and problem sparsity

• Inspired by asynchronous algorithms in distributed optimization 

• Asynchronous coordinate descent [Bertsekas and Tsitsilis 1989] 

• Asynchronous stochastic optimization [Niu et al. 2011, Liu et al. 2015] 

• Asynchronous non-convex optimization [Lian et al. 2015]



Forming the robot-level problem
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Pose graph G = (V,E)
Robot-level graph GR = (R, ER)

(factor graph form)

hi x1 hi x2

hi x3

hi h1 hi h2

hi h3

hi f12

hi f23hi f13

Problem 1 (Robot-level Optimization Problem).

min

X

(i,j)2ER

fij(xi, xj) +

X

i2R
hi(xi),

s.t. xi 2 Mi, 8i 2 R.

(P)

Robot-level Optimization Problem:



ASAPP: Global View
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• Each robot shares public poses with neighbors periodically 

• Each robot performs asynchronous local updates using Poisson clocks*

TimeRobot 1’s updates
T1 T2 T3 . . . ∼ Exponential(λ)

Robot 2’s updates Time

Robot 3’s updates Time

Global View Time

Key idea: Merging  independent Poisson processes leads to uniform sampling in the global view.n

S. Boyd, A. Ghosh, B. Prabhakar, and D. Shah, “Randomized gossip algorithms,” IEEE Transactions on Information Theory, 2006.
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• Forms local cost function using delayed information from other robots: 

ASAPP: Local Updates
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hi x1 hi x2
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hi f23hi f13

• Apply asynchronous Riemannian gradient descent* 

• Question: select stepsize  to guarantee convergence? γ

xi  Retrx̂i(��gradgi(x̂i)).

gi(xi) = hi(xi) +
X

j2N(i)

fij(xi, x̂j).
Delayed variables from neighbors

Robot 1’s updates
T1 T2 T3 . . . ∼ Exponential(λ)

Time

*Can be extended to use preconditioner. 



Match constant in synchronous case! 
e.g., BCD on product manifold [Tian et al. 2019]

Global convergence
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Theorem 1 (Global convergence of ASAPP). Let f? be the global minimum.
There exists an upper bound on the stepsize �̄ such that if 0 < �  �̄, ASAPP
converges to a first-order critical point with the following rate,

min
k2{0,...,K�1}

E
 ��grad f(xk)

��2
�
 2n(f(x0)� f?)

�K
.

In particular, a choice for �̄ > 0 is,

�̄ =

(p
1+8⇢↵2B2�1
4⇢↵2B2L , B > 0,

1/L, B = 0.

Maximum DelaySparsity

Lipschitz constant



ASAPP in action
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Experimental Results
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Experimental Results
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Experimental Results
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• We present ASAPP, the first asynchronous algorithm for distributed pose graph optimization 

• Sufficient conditions for convergence w.r.t. worst-case delay, sparsity, and problem smoothness 

• Resilience against a wide range of communication delay 

Conclusion
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