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Abstract and Motivation

* Machine learning is increasingly being deployed in RMT switches to enable Partition
real-time, data-driven decision-making directly in the data plane Po < Pis P, Py
 We present BrachPipe: a framework for scalable Decision Tree (DT)
inference at line rate, designed to support 5x more features than SOTA and -
scale effectively across millions of flows B
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Figure 1: Comparison of in-network Decision Tree classification approaches shared resource that can dynamically store features and perform

inference only for the active subtree in each partition

Design of BranchPipe

Feature Collection and Engineering Subtree Model Prediction

Objective
max (F1 score) & max (#Flows)

Parameter Space
d € [1 — D]: Tree Depth,

Constraints — k € [1 — K]: Features/subtree,
e.g., Tofino1 lil,,i € [1—D],p € [1 — P] where X[i], < D:
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Figure 3: A high-level view of BranchPipe’s inference architecture . Figure 4: BranchPipe’s model design search workflow
BranchPipe framework first uses the subtree ID as match key to collect the top-k features for BranchPipe uses Bayesian Optimization to efficiently train
each subtree, dynamically updating them at runtime as the active subtree changes. It uses the DTs, tuning feature count, tree depth, and partitioning
subtree inference to select the next subtree until a label is found, using recirculation to reset strategy to find Pareto-optimal models balancing accuracy
state and activate the next subtree in the switch. and flow count.
Evaluation and Results
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(a) Pareto frontier of BranchPipe vs. baselines, indicating the best F1 score for a given number of flows in the data plane
BrPipe:1 = BrPipe:2 + BrPipe:3 # BrPipe:4 ® NB/Leo 1.00- o 1.00- I dwidth
1600 - - Recirculation Bandwidt
0.75- -L 0.75-
0 1504 - . / a5 -BrPipe Dataset (Mbps)

= S 0.50 —
. 288- LL
S 192- 0.25- 0.25-
o _ gl 0.00- 0.00
%0 160 162 164 166 160 162 164 166
0- D2 6.01 +4.01 12.32 +5.76

(b) Register size (bits) vs number of features
supported by each model. BranchPipe:k is a
partitioned tree with k features per subtree.
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(d) Maximum recirculation bandwidth (Mbps)
when processing the datasets (D1-3) for
two datacenter environments (E1-2)

(c) Flow-level time-to-detection (TTD) of D3 for two
datacenter environments (E1-E2)
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