
•  Tailor physics-based problems to unveil Quantum Enhancement  
q  How to show the effect and use of tunneling, entanglement, localization, etc. in quantum 

annealing testbeds? 

•  Design and benchmark QA on application-derived problems, 
establish baseline performance  
q  What optimization problems make sense to target, against which methods, with what 

parameters? 

•  Develop novel programming approaches to optimize QA approaches 
q  Best techniques for mapping and embedding application problems onto testbed chips, 

and for determining annealing protocol parameters? 

•  Evaluate and mitigate the imperfections/noise in real QA devices 
q  How to model and overcome limits of physical implementations including environmental 

noise and control errors resulting in problem misspecification? 
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Role	
  of	
  degeneracy	
  and	
  entropy	
  in	
  quantum	
  enhancement	
  

•  Problem	
  design:	
  Fully	
  connected	
  cluster	
  of	
  spins	
  
with	
  uniform	
  3-­‐spin	
  interac;ons	
  

•  Analysis	
  technique:	
  quasiclassical	
  mapping	
  onto	
  
par;cle	
  in	
  a	
  2D	
  poten;al	
  

•  Model	
  incorporates	
  incoherent,	
  mul;-­‐spin	
  
tunneling	
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  Analy;c	
  calcula;on	
  of	
  annealing	
  ;me	
  possible	
  in	
  a	
  
mean-­‐field	
  model:	
  poten;al	
  +	
  entropy	
  barriers	
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TAILORED PROBLEMS 

arXiv:1505.05878 Kechedzhi et al. 

First example of quantum enhancement in a  
tailored problem in the presence of noise, via 
3-spin interactions – candidate for testbed  as 

an enhancement witness 



Hardness	
  Metric:	
  Density	
  of	
  QA	
  bo=lenecks	
  

•  Scaling	
  of	
  gap	
  and	
  density	
  of	
  
boElenecks	
  can	
  tell	
  us	
  the	
  largest	
  
tractable	
  problem	
  size	
  -­‐	
  	
  

•  Predict	
  tractability	
  of	
  applica;on	
  
problems	
  by	
  es;ma;ng	
  correla;on	
  
proper;es	
  of	
  energy	
  levels	
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“Uncharted territory” for ordinary  thermodynamics, 
which does not capture hard bottlenecks. 

Study small gaps in the spin glass phase  

Rather than specific instances, 
quantify hardness of ensembles 
deep in spin-glass phase where 
universal behavior is expected 

TAILORED PROBLEMS 

arXiv:1506.08608   Knysh  
 



Theory	
  of	
  dissipa@ve	
  QA	
  on	
  linear	
  chains	
  

Dissipation turns extended eigenstates into localized 
wavepackets (superposition of domain walls) which are 

diffusing in the chain 

Treat quantum annealing as  
physics of domain-wall wavepackets in 1D: 

Scalable to large systems 
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Similar	
  phenomena	
  on	
  highly	
  connected	
  graphs	
  so	
  
insights	
  gained	
  likely	
  to	
  apply	
  to	
  more	
  general	
  

systems	
  

Linear	
  chains	
  or	
  trees	
  are	
  fundamental	
  primi;ves	
  and	
  
basis	
  for	
  all	
  problem	
  embedding	
  

TAILORED PROBLEMS 

to appear on arXiv  
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Established speedup of realistic open system 
QA against fully coherent annealing up to a 

maximum concentration of excitations 



DESIGN AND BENCHMARK APPLICATIONS 

D-­‐Wave	
  2	
  run	
  results:	
  establishing	
  baseline	
  
performance	
  for	
  QA	
  on	
  these	
  applica@ons	
  

Scheduling	
  Applica@ons	
  

Job-Shop scheduling: Complete quantum-
classical solver framework with pre-

processing, compilation/run strategies, 
decomposition methods 

Solved	
  problems	
  with	
  6	
  machines	
  and	
  6	
  jobs:	
  
analyzed	
  scaling	
  of	
  tractability	
  in	
  quantum	
  annealers	
  

arXiv:1506.08479 Venturelli et al.               
 AAAI-14 Rieffel et al. 
Q.I.P. 14, 1-36 Rieffel et al. 

Benchmarks	
  sets	
  with	
  
hard	
  small	
  problems	
  
enabling	
  QA-­‐QA	
  
comparisons,	
  and	
  QA-­‐
CC	
  comparisons,	
  scaling	
  
analysis	
  

Comparison	
  with	
  state-­‐
of-­‐the-­‐art	
  applica@on-­‐
specific	
  algorithms:	
  
current	
  best	
  planners	
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Planner Comparison: All Scheduling Problems

FF:α=1.11 ± 0.061
LPG: α=0.69 ± 0.139
M: α=0.1 ± 0.007
Mp: α=0.54 ± 0.035

Structures	
  common	
  to	
  applica@on	
  
problems:	
  intersec@ng-­‐clique	
  
graphs	
  for	
  cross-­‐cuKng	
  
constraints.	
  Provides	
  good	
  
embedding	
  benchmarks	
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DESIGN AND BENCHMARK APPLICATIONS 

•  Code	
  takes	
  any	
  digital	
  circuit	
  and	
  a	
  fault-­‐model	
  for	
  
each	
  component	
  

•  Determined	
  well-­‐defined	
  smaller	
  benchmarks	
  to	
  
test	
  implementa@ons	
  	
  

Fault	
  diagnosis	
  applica@ons	
  

Developed	
  a	
  general	
  mapping	
  for	
  any	
  circuit	
  
of	
  the	
  ISCAS85	
  benchmark	
  dataset.	
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                                    EPJ Spec. Top., Perdomo-Ortiz et al. 

To appear on arXiv 

Case study: Multiple-fault diagnosis with Uncertainty in the 
Sensors 

Developed	
  new	
  
techniques	
  for	
  
efficiently	
  mapping	
  
problems	
  in	
  the	
  
domain	
  of	
  advanced	
  
diagnos;cs	
  	
  



NOVEL PROGRAMMING 

•  Considering	
  the	
  dynamics	
  of	
  the	
  chains	
  for	
  the	
  
embedding	
  

•  Pre-­‐characteriza@on	
  of	
  	
  instance	
  ensembles	
  
•  General	
  mappings	
  had	
  similar	
  

numbers	
  of	
  qubits,	
  mean	
  and	
  
worst	
  case	
  size	
  of	
  embedded	
  
components,	
  etc.	
  

•  Time-­‐slice	
  proved	
  be=er	
  of	
  the	
  
two	
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CNF: α=1.77 ± 0.09
TS: α=1.26 ± 0.055
dirMap: α=1.01 ± 0.045

Comparison	
  of	
  different	
  mappings,	
  two	
  general	
  
purpose,	
  one	
  problem	
  specific,	
  	
  on	
  D-­‐Wave	
  2	
  machine	
  

Best	
  parameter	
  seUng	
  quantum	
  theory	
  for	
  
embedding	
  fully-­‐connected	
  graphs	
  

General strategy to quickly predict 
the best gauge and improve 

performance 5x or more 

Fine-­‐Tuning	
  by	
  Extensive	
  Empirical	
  analysis	
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 arXiv:1503.01083 Perdomo-Ortiz et al. 

 Q.I.P. 14, 1-36 Rieffel et al. PRX 5, 031040 Venturelli et al. 



Spin-­‐Glass	
  Transi@on	
  for	
  Embedded	
  Problems	
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Logical 
spin/chain Cluster 

boundaries 

Hybrid Cluster 
method: 

The	
  hybrid	
  cluster	
  method	
  exponen;ally	
  reduces	
  
thermaliza;on	
  ;me	
  for	
  doing	
  simulated	
  annealing/QMC	
  for	
  

embedded	
  problems,	
  for	
  any	
  architecture/embedding.	
  

fully-connected cluster 
embedding for chimera 

Spin Glass 
phase 

Logical problem limit 
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Embedding parameter strength 

Extremely demanding simulation: 
(200k computational hours ~ 22 years!) 

Hard problems can be 
embedded even on 

architectures for which 
random native problems are 
easy – enables finding hard 
problems in which quantum 

enhancement could be 
found 

NOVEL PROGRAMMING 

PRX 5, 031040 Venturelli et al. 



EVALUATE AND MITIGATE IMPERFECTIONS/NOISE 

Robustness:	
  device	
  characteriza@on,	
  misspecifica@on	
  

•  DWave	
  II	
  noise	
  values	
  
•  0.035	
  couplers,	
  0.05	
  local	
  fields	
  

•  Es@mate	
  of	
  precision	
  needed	
  for	
  quantum	
  enhancement	
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•  Enhanced	
  quantum	
  annealer	
  
performance	
  by	
  over	
  an	
  order	
  
of	
  magnitude	
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Optimal choices of embedding parameters: optimize solution 
probability = embedding fidelity x ground state probability 

Quan;fied	
  sensi;vity	
  of	
  quantum	
  annealing	
  to	
  
problem	
  misspecifica;on	
  

Developed	
  user	
  recalibra;on	
  procedure	
  capable	
  of	
  
detec;ng	
  offsets	
  in	
  QA	
  programmable	
  parameters	
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arXiv:1503.05679 Perdomo-Ortiz et al. 

Offset spread 



	
  
Analysis	
  of	
  effec@veness	
  of	
  error	
  suppression	
  in	
  QA	
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errors: full quantum error suppression 

Total transition with error suppression
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Basis of design for 
QEO logical coupling primitives. 

Developed general analytic techniques for 
estimating transition and dephasing rates 

due to noise at small gaps 

EVALUATE AND MITIGATE IMPERFECTIONS/NOISE 

Rieffel et al., to appear on arXiv  
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