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Systems like IISY and Mousika using only per-
packet features — but that loses flow context.

D1 ; 04 * Preserves flow-level time-to-detection.
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NEXT STEPS

Other systems, like Leo and NetBeacon, added
flow features. But with limited switch state, they
can only store a few — the so-called top-k
features, chosen by hardware, not by the model.

Adaptive Window Sizing: Currently, SpliDT
uses fixed per-flow window sizes, which may not

That restricts both features and accuracy. i ! always align with real-world traffic dynamics
— }1—7 l Y — Future work will explore adaptive window sizing
wil w2 w3 w4 across partitions, allowing SpliDT to optimize

feature extraction using real flow characteristics.

AR Y Given the trained partitioned DT, we generate the

TCAM rules required to represent this model in the Security & Robustness: SpliDT relies on flow

data plane. We use the Range Marking size me’Fadata storec.l in packet headers, making it
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dynamically assigns each subtree—resulting from tables to output range marks as the match key for demal—of—semcg (DoS) at.tacks. Futqre work will
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model itself and installed into the model table that anorpaly d.etectlon, to protect against header
We demonstrate that SpliDT supports an order of matches on these feature range marks to determine manipulation.
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well-suited for high-stakes decision-making.
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more richer in-network inference. each subtree in the partitioned DT and installed broad(?r. trade-ott Space, optimizing nojc JU.S.t for.
into the tables in the data plane inference pipeline scalability and eff1.01ency, but also for fidelity with
and include an exact match on the subtree ID respect to a domain expert-approved and trusted
(SID) to select the correct subtree for each DT model.
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