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A. Problem Space: Carbon-Aware Microservices (MS)
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its carbon emissions and infrastructure cost? 9 lower the Cl (better). sized (SM E) taxi reservation
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‘ g /\ Harder Problem
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(latency critical Epg: not app\ic%g@ SME reduce both
Spatia?: ove to a greener region. A__“ carbon and cost?

(StriCt bUdgetS: can be app|ieo| but CarerHY) Fig. 1: Carbon intensity (Cl) across different countries.

B. Insight: Move Early-Activated MS to Greener Regions
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Fig. 2: MS Architecture of Hotel Reservation App.

C. System Design & Evaluation

Continent of Base Region
: . O w EU Asia - Africa
User Traffic Prcdlctclerajrﬁc O L -
L ( Frankfurt == Paris Stockholm 2 America 4p Oceania
/  Workload Profiler }— < 1.004 .
)< Per MS (Energy, | 2% - 821 - .l TN F AN\ & % s 4 5
::_) ( \'. Latency, Size) ;‘1% 5 u‘:\ .g 55 4 ® 098 4© |
- 282 T4 | - - — x 38.5% less carbon
.f\/fb\ [ Placement Optimizer ]*—g §§ o . A \_ *}: 0064  (Frankfurt)
b 2 Best Placement | > @5 & 4 ¥ A Ay e
° - “¢  Scheduler | oF 0 o 0.84
L‘I croservices .r.?, r T T T T T T . - -
! SEIVIC 4 LIIS 0 12 24 36 48 60 72 <>( O) Q 6.8% less cost (ZUFICh)—'
Size , . Y T .
Time (Hours) - 06 07 08 09 10
Fig. 3: System Components of Aceso. Fig. 4: MS Geo-distribution over time. Base region: Frankfurt. &23 Norm. AVG Carbon (x Base Region)
Aceso solves an optimization problem  Aceso offloads 54% of MS to Paris and Stockholm Fig. 5: Geographic Generalizability of Aceso.
to determine the map MS - regions, and places them back to Frankfurt EU-based SMEs achieve the largest
ettectively pruning the search space.  when traffic spikes to meet the latency goals. sedsen crdl eesk meueiene

D. Comparison with Related Works

Full Paper to appear at Middleware26

Related Work Method

Aceso: Latency-Aware Geo-Distribution
Caribou Spatial Shifting for Serverless

Nautilus MS Load Balancing (Single Region) Takeaway: Aceso of Microservices tor Cost-Etfective
Genetic Alg. (GA) Aceso w/o search space pruning matches LP-level Carbon Reduction
Linear Progr. (LP) Exact optimization solver but very slow carbon savings while
0 4.41 h 0 converging in seconds, Aceso dynamically
= 12mind  *42M g o 1.0 e far tfaster than other places MS across
% 8 min - E '4_(33 approaches, due to geo-constrained To be open
§ ) "I”; ;25.'8 S limm0s _g < 0.5 the use of GA and its settings to reduce sourced...
= D SF 3 insight-based search carbon emissions and
v Co*\ w\o‘} space pruning. cost while meeting

latency constraints.

Fig. 6: Optimization solve time.  Fig. 7: Carbon Reduction (norm. Nautilus).
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