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Abstract
Machine learning integration in computer systems is lim-
ited by computational overhead and lack of interpretability.
While system designers often turn to surrogate models like
decision trees for their speed and transparency, they suffer
from accuracy loss compared to base models. To bridge this
gap, we propose an uncertainty-governed model hierarchy
that uses model uncertainty to trigger fallbacks from a fast,
interpretable surrogate to a high-accuracy base model. We
evaluate this paradigm on a resource management case study
using a Bayesian Neural Network (BNN) and a surrogate de-
cision tree. Our results show that our hierarchy maintains
BNN-level accuracy while utilizing the surrogate for upto
96% of decisions. This reduces expected decision latency to
4.27ms from BNN’s 31ms and provides high interpretability
without settling for decreased system performance.

1 Problem and Proposed Solution
The increasing complexity of heterogeneous cloud environ-
ments and warehouse-scale computing has pushed tradi-
tional heuristic-based resource management to its limits [2].
Recent literature [3, 11] suggests a paradigm shift toward
“Machine Learning (ML) for Systems”, where neural networks
replace hand-tuned heuristics to manage tasks such as job
scheduling [10, 19], cache replacement [17, 18], and power
capping [9, 14]. While these ML-based controllers demon-
strate superior decision-making, their integration into pro-
duction environments remains stifled by two fundamental
challenges: computational overhead and poor interpretabil-
ity.
In cloud systems, ML models used for management deci-

sions are often on the critical path. The inference latency
of these ML models can exceed the scheduling quantum it-
self, and the black-box nature of these models makes them
difficult to debug or trust in critical infrastructure. To ad-
dress this, prior research has explored the use of surrogate
models, specifically interpretable models such as decision
trees [7, 8, 12] and concept-bottleneck models [13], which try
to mimic the predictions of the original base model. While
these surrogate decision trees offer low latency and human-
readable logic, they often fail to generalize as well as their
base models.
This creates a fundamental tradeoff, system designers

must choose between a fast, interpretable, but less accurate
surrogate, or a slow, opaque, but highly accurate base model.

∗Both authors contributed equally.

In computer architecture, such tradeoffs are traditionally
resolved through hierarchical design, such as the multi-level
memory hierarchy. However, applying a hierarchy toML pre-
dictors is non-trivial. Unlike a CPU cache, where a "miss" is
objectively determined by the absence of data, an ML "miss"
(an incorrect prediction) cannot be identified at inference
time because the ground truth is unavailable.
Prior work [6, 16] has demonstrated that a model’s un-

certainty can be a reliable proxy for its own accuracy. This
finding suggests that while a surrogate may be less accu-
rate on average, its mispredictions are proactively detectable.
Furthermore, this uncertainty can be estimated in a light-
weight manner parallel to model inference with negligible
computational overhead.
We propose using a hierarchy of fast, interpretable sur-

rogates and slow, opaque base models in decision making,
which uses uncertainty to decide when to fallback from one
level of the hierarchy to another. Using such a hierarchy of
predictors, our proposal achieves the benefits of both the
surrogate and base models by minimizing computational
overhead and maximizing interpretable decision-making.
Figure 1 shows one instantiation of our proposed hierarchy.

Figure 1. Control flow in the hierarchy of our case study.

2 Resource Management Case Study
As a case study, we use an ML-driven resource manager for
microservices presented by prior work [16, 19]. The original
work [16] uses a Bayesian Neural Network (BNN) to predict
the immediate tail latency and probability of delayed Quality-
of-Service (QoS) violations. The BNN runs as a centralized
scheduler and takes a proposed resource configuration, past
resource history, and latency as inputs, which it collects us-
ing distributed per-node agents. It runs in 1-second intervals
and uses Linux cgroups to enforce the predicted optimal re-
source configuration. The BNN utilizes Bayesian uncertainty
to predict when the model is highly uncertain and falls back
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(a) QoS violations of the workflows. (b) Resource allocation by the workflows.

Figure 2. QoS violations and CPU allocation of resource management workflows on increasing social network users.

to the AutoScalerOpt heuristic, which follows AWS’s recom-
mended autoscaling policy based on CPU utilization [1].

Importantly, the BNN has a high computational overhead.
It has a latency of 31ms per inference (Table 1). While the
latency might not seem high, given the 1-second decision-
making interval, it limits the number of resource configu-
rations that can be evaluated to less than 33 (≈ 1000/31).
Furthermore, it consumes a non-trivial amount of memory,
760MB.

To reduce the computational overhead, we learn a surro-
gate decision tree of the BNN following the approach sug-
gested by prior work [12]. We train the decision tree to
have 100 input features, the same as the BNN, and 2 output
features – the predicted tail latency and a predicted prob-
ability of QoS violation, again the same as the outputs of
the BNN. Our surrogate decision tree has a fidelity of 94%,
which means that the decision tree exactly mimics the pre-
dictions of the BNN for 94% of the training data. Crucially,
the surrogate decision tree is significantly faster than the
BNN and has an inference latency of 0.27 ms (Table 1), while
consuming only 95MB of memory.
We swap the BNN in the resource manager with the de-

cision tree. For a fair comparison, we include a fallback to
AutoScaleOpt using distance-based uncertainty when using
the surrogate decision tree. We compute the distance-based
uncertainty on the input vector and set the threshold for
uncertainty to the 90𝑡ℎ percentile of distances seen on train-
ing data, similar to prior work [16]. Figure 2 (Dec. Tree +
Thresh) shows that despite the high fidelity and low com-
putational cost of the decision tree, directly replacing the
BNN with the surrogate decision tree is not a good option,
since we would have higher QoS violations while also having
higher mean CPU allocation.
This is exactly where our proposal comes in, allowing

us to combine the speed and efficiency of the decision tree
with the high accuracy and robustness of the BNN. Figure 1
shows our model hierarchy, where the input initially goes

to the decision tree. If the decision tree is deemed uncertain,
the decision falls back to the BNN which, if in turn is also
deemed uncertain, will fall back to the heuristic approach of
AutoScaleOpt.

We evaluate the different resource management work-
flows by deploying the Social Network application from
DeathStarBench [5] on a 7-machine CloudLab cluster [4]. We
use thewrk2 load generator [15] to send ‘Read-HomeTimeline’
requests to the application. We also include two baselines,
AutoScaleOpt and AutoScaleCons. AutoScaleCons is a more
conservative variant of AutoScaleOpt, optimized for QoS
preservation. In our experiment, we incrementally increase
the SocialNetwork user load every 2 minutes. For the first 6
minutes (50-150 users), the users create in-distribution data,
while for the rest of the time (≥ 150 users), the load exceeds
the training data and is out-of-distribution (OOD).

Figure 2 shows the results of all the resource management
workflows. Our proposed model hierarchy has similar QoS
violations to the BNN workflow (0.5% difference) overall and
even has fewer QoS violations for lower loads. At the same
time, it allocates only 5% higher CPUs in the worst case.
More importantly, we find that the decision tree is used for
87%-96% of the decisions made, depending on the load, with
lower load resulting in higher usage. This shows that using
our proposed hierarchy, we can achieve similar results as
the BNN workflow, while having 87% interpretable decision-
making with a worst-case expected decision-making latency
of 4.27ms.

Table 1. Comparison between Bayesian Neural Network
(BNN) and Surrogate Decision Tree
Metric BNN Surrogate Decision Tree

Total parameters 1,483,251 11,903
Latency (ms/inference) 31 0.27
Throughput (inf/sec) 32.3 3705.67
Memory usage (MB) 760 95
CPU utilization (%) 98.3 94
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