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Abstract: Transformer encoders deployed on edge devices must answer each query within a latency deadline while the energy 

budget, temperature, and memory bandwidth of the device change over time. Hand -designed runtime managers switch among 

pre-compiled precision modes with feedback rules, but they react to the device rather than to the input and do not plan how a 

session budget is spent. We cast adaptive inference as a constrained Markov decision process and propose a probe -then-commit 

controller trained with proximal policy optimization and PID-Lagrangian multipliers. For every query the policy first selects the 

precision of a three-layer probe, reads the normalized entropy of the probe’s exit classifier, and then either answers immediately 

or commits a suffix precision and an exit threshold. A feasibility shield masks actions that would violate the response deadline 

or an energy reserve, and a behavior-cloning warm start from a myopic pacing heuristic stabilizes learning. The controller is 

trained in a trace-driven environment built from real per-utterance outputs of a RoBERTa-base intent classifier on SLURP and 

from a batch-1 latency table measured on a CPU core (8.9% MAPE against end-to-end timing). The measurements show that 

natively supported INT8 and BF16 kernels run 7–15× faster than software-unpacked 4-bit weights and that the layer-9 exit is 

more accurate than the full network. Across five held-out device scenarios the controller attains 87.00% mean accuracy with no 

budget depletion, compared with 86.75% for a tuned greedy pacing controller, 86.46% for a tuned re -implementation of a PID 

runtime manager, and 85.35% for the best static rule. 

Keywords: Adaptive inference, constrained reinforcement learning, early exit, edge AI, mixed precision, intent classification. 

 

1. Introduction 

Intent classification is the entry point of voice assistants, 

in-vehicle agents, and smart-home hubs, and running it on the 

device avoids network round trips and keeps utterances 

private [1]. Transformer encoders deliver the required 

accuracy, but their cost is fixed by the depth and precision of 

the network, whereas the resources of an edge device are not: 

the energy available for a session shrinks as the battery drains, 

sustained load raises the temperature until dynamic voltage 

and frequency scaling throttles the processor, and co-running 

applications compete for memory bandwidth. A deployment 

that is comfortable at 25 °C with a full battery can miss 

deadlines or exhaust its energy share in a hot car or late in the 

day. 

Dynamic neural networks address the mismatch between 

fixed cost and variable demand [2]. Early-exit models attach 

classifiers to intermediate layers and stop when a prediction 

is confident [3–6], and quantization lowers the cost of every 

layer [7, 8]. Mixed-precision search fixes a per-layer bit-

width assignment offline [9]. These techniques expose knobs, 

yet they do not say how to turn them as conditions change. 

Recent hardware-aware frameworks add a runtime manager 

for this purpose. Neuro-Elastic [10], for instance, combines 

entropy-driven early exits with pre-compiled 

Eco/Balanced/Boost precision variants and a PID loop that 

switches variants from thermal and battery telemetry, with an 

exit threshold that grows linearly as the device state degrades. 

Such managers are reactive: the precision mode is a function 

of the current device state alone, the input does not influence 

the precision decision, and nothing plans the spending of the 

remaining session budget. 

This paper treats runtime adaptation as a sequential 

decision problem. We formulate it as a constrained Markov 

decision process (CMDP) whose reward is prediction 

correctness and whose constraints bound the deadline-miss 

rate and the energy consumed relative to a session budget. The 

controller acts per query in two phases. It first chooses the 

precision of a probe that runs the first quarter of the encoder; 

the probe’s exit classifier yields a normalized entropy that 

measures input difficulty at almost no extra cost. The 

controller then exits immediately or commits the precision of 

the remaining layers and an exit threshold. A feasibility shield 

removes actions that would violate the deadline or eat into an 

energy reserve, a PID-Lagrangian proximal policy 

optimization (PPO) learner balances accuracy against the 

constraints, and a behavior-cloning warm start from a myopic 

pacing heuristic removes the instability we observed when 

learning from scratch. Fig. 1 summarizes the design. The 

contributions are as follows. 

1) A measurement study of an elastic RoBERTa-base intent 

classifier on a single CPU core, including a latency look-up 

table validated against end-to-end timing, evidence that 

software-unpacked 4-bit weights are slower than native INT8 

and BF16 kernels, and an overthinking effect in which the 

layer-9 exit beats the full network. 

2) A CMDP formulation of device-aware adaptive 

inference with a probe-then-commit action space that lets 

precision depend on input difficulty as well as on device state. 

3) A constrained reinforcement learning controller that 

combines PPO, PID-Lagrangian multipliers, a deadline and 

energy-reserve shield, a variance-reduced reward, and a 

behavior-cloning warm start. 

4) An evaluation over five held-out scenarios against static 
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policies, a tuned greedy pacing controller, and a re-

implemented PID runtime manager, with paired significance 

tests and seven ablations. 

On held-out SLURP utterances the controller reaches 87.00% 

mean accuracy across the scenarios with zero budget 

depletion and at most 0.13% deadline misses. It is 

significantly more accurate than the greedy pacing controller 

in three scenarios and statistically indistinguishable in the 

other two, and it is the only controller within 0.16 percentage 

points of the best method in every scenario. 

 

Figure 1. Probe-then-commit adaptive inference. In phase A the constrained policy selects the probe precision for layers 1–3; in phase B it 

reads the probe entropy h1 and either answers at layer 3 or commits the suffix precision and the layer-6 threshold τ2. A feasibility shield 
masks actions that would violate the deadline or the energy reserve. The policy is trained in a trace-driven environment built from real exit 

outputs and measured latencies. 

2. Related Work 

2.1. Early Exit and Dynamic Inference 

BranchyNet introduced entropy-based exits for 

convolutional networks [3], and DeeBERT, FastBERT, and 

PABEE transferred the idea to BERT with entropy, self-

distillation, and patience criteria [4–6]. Shallow-deep 

networks showed that intermediate classifiers are sometimes 

right where the final layer is wrong, a phenomenon called 

overthinking [11]. Reinforcement learning has been used to 

select computation per input: BlockDrop trains a policy that 

drops residual blocks for each image [12]. The survey in [2] 

organizes these methods by sample-, spatial-, and temporal-

wise adaptivity. Their decisions depend on the input only; 

device budgets, thermal state, and queueing do not enter the 

policy. 

2.2. Quantization and Hardware-Native 

Precision 

Integer-only inference [7] and 8-bit BERT [8] showed that 

INT8 arithmetic preserves accuracy for most layers. HAQ 

uses reinforcement learning with hardware feedback to search 

layer-wise bit-widths offline [9]. Bit-operation counts are a 

poor proxy for speed when a precision lacks native kernels: 

sub-byte weights must then be unpacked in software. We 

measure this effect on our target and restrict the action space 

to precisions with native support. Shen et al. evaluate graph-

level inference optimization across heterogeneous 

accelerators, demonstrating why measured hardware 

behavior is an important part of performance-oriented model 

design [31]. 

2.3. Runtime Resource Management and 

Constrained Reinforcement Learning 

Edgent adapts early-exit and partition points of a DNN to 

the available bandwidth between device and edge server [13], 

and zTT learns CPU/GPU frequency scaling with deep Q-

learning to avoid thermal throttling [14]. Our controller 

instead acts on model-level knobs (precision and depth) of a 

single on-device model. Constraint handling follows the 

CMDP literature [15]: constrained policy optimization [16], 

reward-constrained policy optimization [17], and PID-

Lagrangian methods that damp oscillating multipliers [18]. 

Shielding enforces safety by filtering actions at run time [19], 

and invalid-action masking is the policy-gradient mechanism 

through which we apply the shield [20]. Learning from 

demonstrations is a standard way to speed up policy learning 

[21]; we use a myopic heuristic as the demonstrator. Zhang et 

al. show how hierarchical reinforcement learning and 

objective-aware reward shaping can organize complex 

resource-constrained optimization decisions [32]. 

3. System Model and Problem 
Formulation 

3.1. Elastic Multi-Exit, Multi-Precision 

Backbone 

The backbone is RoBERTa-base [22] with L = 12 encoder 

layers, grouped into four segments S1, …, S4 of three layers. 

Each segment can execute with FP32 weights, BF16 weights, 

or INT8 dynamic quantization (INT8 linear-layer weights and 

per-tensor dynamic INT8 activations), so an execution path is 

a tuple of segment precisions. We adopt the exit design of the 

Dynamic Sparsity Induction mechanism of Neuro-Elastic 

[10]: intermediate intent classifiers at depths L/4, L/2, and 

3L/4 are trained on the frozen backbone with the distillation 

objective (1−η)CE(Pd, y) + ηT2KL(PL
T‖Pd

T) with η = 0.5 and 

T = 2 [23], and an exit is taken when the Shannon entropy 

normalized by ln C falls below a threshold. Reusing this 

design gives our controller a difficulty signal whose scale 

does not depend on the number of intents C, and it lets us 

compare our learned controller with the framework’s own 

runtime manager on identical exits. Each head maps the 

concatenation of the <s> state and the masked mean of the 

hidden states (1536 values) through layer normalization, a 

512-unit GELU layer, and a linear classifier; the heads are 

distilled on features from both the INT8 and the BF16 
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execution so that they remain calibrated under either prefix 

precision. With Pk(c|x) the softmax output of exit k, the 

difficulty signal is 

hk(x) = −(ln C)−1 Σc Pk(c|x) ln Pk(c|x)  ∈ [0, 1]     (1) 

3.2. Device, Workload, and Cost Model 

The service latency of a path p that stops at exit k is 

composed from a measured batch-1 look-up table (LUT): t(x, 

p, k) = temb(n) + Σs≤k[tseg(ps, s, n) + thead(s)], where n is the 

number of tokens. The device modulates this base latency. 

When the device is throttled, latency is multiplied by ρthr = 1.6 

and dynamic power by 0.5; when a co-running workload 

leaves a fraction Mt ∈ {1, 0.75, 0.5} of the memory bandwidth, 

latency scales by Mt
−β with β = 0.8 because batch-1 encoder 

inference is dominated by weight traffic. Energy is the time 

integral of a precision-dependent active power PINT8 or PFP. 

Temperature follows the lumped RC model C th dT/dt = P(t) − 

(T − Tamb)/Rth [24], and the device throttles when T reaches 

Tthr until it cools by a 2 K hysteresis. Utterances arrive from a 

three-state Markov-modulated Poisson process (low, medium, 

and burst load), are served first-in first-out, and each must be 

answered within D = 50 ms of its arrival, including queueing 

delay. 

3.3. Constrained Markov Decision Process 

A session serves N queries with an inference-energy budget 

Nē, where ē is the per-query allowance; if the budget is 

exhausted, the remaining queries go unanswered. Let rt = 1[ŷt 

= yt], cD
t = 1[response time > D], and cE

t = Et/ē. The controller 

seeks 

maxπ E[(1/N) Σt rt]  s.t.  JD(π) ≤ dD,  JE(π) ≤ dE    (2) 

Where JD(π) = E[(1/N)ΣtcD
t] and JE(π) = E[(1/N)ΣtcEt], with 

dD = 0.02 and dE = 0.97, together with the hard requirement 

that the budget is never exhausted. The state is only partially 

observed: correctness depends on the utterance, which the 

controller sees only through the probe. 

4. Probe-Then-Commit Constrained 
Policy Learning 

4.1. Action Space 

Each query triggers two decisions made by one policy 

network with phase-dependent action masks. In phase A the 

policy selects the probe precision p1 ∈ {INT8, BF16}; the 

device runs embeddings, S1, and exit head 1, which returns h1 

and the maximum class probability. In phase B the policy 

either exits at layer 3 or commits a suffix precision for S2 and 

S3 (INT8 or BF16) together with a threshold τ2 ∈ {0, 0.1, 0.2, 

0.35} for the layer-6 exit; a query that does not exit at layer 6 

stops at layer 9. The two phases share eleven discrete actions. 

FP32 and the layer-12 exit are excluded because both are 

dominated on this hardware: FP32 matches BF16 accuracy at 

three times the latency, and the layer-9 exit is more accurate 

than the full network (Section VI). The probe is not overhead: 

S1 is part of every path, and only the 0.2 ms exit head is extra. 

4.2. Observation 

The 18-dimensional observation contains the remaining 

budget fraction Bt, the pace Bt minus the remaining-query 

fraction, session progress, the per-query budget ē, the per-

query allowance (remaining energy divided by remaining 

queries), the normalized thermal headroom (Tthr−T)/Θref, the 

temperature, the throttle flag, the bandwidth share M t, the 

current energy-price multiplier, the waiting time of the query 

relative to D, the queue length, the recent arrival rate, and the 

token count. In phase B it additionally contains h1, the probe 

confidence, and the probe precision, together with a phase 

flag. 

4.3. Feasibility Shield 

Before each decision the shield computes, from the LUT 

and the current throttle and bandwidth factors, the worst-case 

latency t̂(a) and energy Ê(a) of every action, assuming the 

deepest exit the action allows. An action is admissible if 

wt + t̂(a) ≤ D  and  Ê(a) + κr(N − j − 1) emin ≤ Erem   (3) 

Where wt is the waiting time, j the index of the current 

query, Erem the remaining budget, and emin = 8.9 mJ the 

nominal energy of the cheapest action (INT8 probe with exit 

at layer 3). The second condition keeps enough energy to 

answer every remaining query at minimum cost. If no action 

is admissible, only the cheapest one is allowed. The shield 

acts through invalid-action masking of the policy logits [20], 

so masked actions receive zero probability during both 

sampling and the policy-gradient update. We train with κr = 

1.2. For deployment, κr is chosen on validation sessions as the 

smallest value in {1.2, 1.4, 1.6, 1.8, 2.0} that produces no 

budget depletion, which yields κr = 1.8; this exceeds the 

worst-case contention multiplier 0.5−0.8 ≈ 1.74. 

4.4. PPO with PID-Lagrangian Multipliers 

The policy and a critic with three value heads (reward , 

deadline cost, energy cost) are two-layer tanh networks with 

128 units. Generalized advantage estimates [25] of the three 

signals are combined into the Lagrangian advantage  

Â = (Âr − λDÂD − λEÂE) / (1 + λD + λE)       (4) 

Which drives the clipped PPO objective [26]. After each 

iteration the multipliers follow the PID law of [18], λ = [KPe 

+ KIΣe + KD(ΔJ)+]+ with e = J − d, using (KP, KI, KD) = (4, 1, 

0) for the deadline and (2, 0.5, 0) for energy. Compared with 

plain dual ascent, the proportional term reacts to violations 

before the integral accumulates, which limits overshoot. 

4.5. Variance Reduction and Warm Start 

Accuracy differences between actions are small (about one 

point between INT8 and BF16 paths), so a 0/1 correctness 

reward is noisy. During training we therefore replace rt by the 

empirical correctness of the chosen action on validation 

utterances whose probe entropy falls into the same of 16 

quantile bins, a direct-method estimate in the sense of [27]; 

all reported results use true correctness on test utterances. 

Learning from scratch converged to an over-frugal policy, so 

the policy network is first trained by behavior cloning on 

25 600 state–action pairs produced by the greedy pacing 

controller of Section V-D, in the spirit of learning from 

demonstrations [21], and then fine-tuned with PPO. Each run 

uses 32 parallel sessions, 128 queries per environment per 

iteration, and 250 iterations (about 1.0 million queries) and 

takes 77 s on one CPU core. 

5. Experimental Setup 

5.1. Data and Backbone 

We use the text of SLURP [28], which has 91 intents in its 

training split. Its train/validation/test partitions of 
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11 514/2 033/2 974 utterances coincide in size with the 

English partition of MASSIVE [29], which was created by 

localizing SLURP and uses a reduced set of 60 intents. One 

validation and one test utterance whose intent never occurs in 

training are removed, leaving 2032 and 2973 utterances (9.4 

tokens on average). CLINC150 [30] (150 in-scope intents, 

15 000/3 000/4 500 utterances) serves as a second dataset. 

The encoder weights are the RoBERTa-base weights 

distributed with the spaCy en_core_web_trf 3.6.1 pipeline. 

We fine-tune them with AdamW (learning rate 5×10−5, batch 

32, 6% warm-up, frozen embedding matrix, BF16 autocast) 

for three epochs on SLURP and two on CLINC150, reaching 

86.52% and 96.13% validation accuracy. The controllers are 

trained on validation-split utterances and evaluated on test-

split utterances. 

5.2. Measurement Platform and Latency Table 

All timings come from one core of an Intel Xeon CPU 

(AVX-512 VNNI and AMX units, 4 GB of memory) running 

PyTorch 2.14 with a single thread and batch size 1, which 

reproduces the weight-traffic-bound regime of on-device 

inference. INT8 uses dynamic quantization of all linear layers, 

and BF16 uses natively stored BF16 weights. The LUT stores 

medians of 25 runs for token counts from 4 to 64 for each 

segment and precision, the embedding layer, the exit heads, 

and token-pruning overhead. Against 200 directly timed end-

to-end executions of random (utterance, path, depth) triples, 

LUT-composed latencies have a mean absolute percentage 

error of 8.9%, a median absolute error of 0.50  ms, and a 

Pearson correlation of 0.991. 

5.3. Device and Workload Parameters 

The simulated device uses Rth = 8 K/W and Cth = 0.5 J/K (a 

4 s thermal time constant), Tthr = 48 °C, Θref = 23 K, and 

1.5 W idle power. Active power is calibrated to the on-device 

INA3221 measurements reported for Neuro-Elastic on a 

Jetson Orin Nano [10]: 62.4 mJ over 18.2 ms for INT8 

inference gives PINT8 = 3.43 W, and 185.0 mJ over 42.5 ms 

for floating-point inference gives PFP = 4.35 W. Because 

these power levels come from the Neuro-Elastic 

measurements while latencies are measured on our host, the 

resulting energies are calibrated estimates rather than 

measurements of a single device. Arrival rates are 5, 20, and 

50 queries/s in the three load states, with mean dwell times of 

8, 8, and 4 s. Bandwidth contention changes state on average 

every 6 s. A session contains N = 500 queries. Training 

sessions draw the ambient temperature from U[20, 32] °C, the 

per-query budget ē from U[14, 45] mJ, and a load multiplier 

from U[0.7, 1.3]. The five test scenarios are Nominal (25  °C, 

25 mJ, ×1.0), Tight (25 °C, 15 mJ), Loose (25 °C, 40 mJ), Hot 

(35 °C, 25 mJ), and Heavy (25 °C, 25 mJ, ×1.6). Hot and 

Heavy lie outside the training ranges. 

5.4. Baselines 

Static policies run a fixed path to a fixed depth (FP32 or 

INT8 to layer 12); the static BF16 path to layer 9 is 

characterized in Fig. 3. Tuned static rule is the best fixed 

probe-then-commit rule (probe precision, suffix precision, τ1, 

and τ2 from an 80-point grid). NE-RM re-implements the 

Neuro-Elastic runtime manager. It keeps the 10  Hz PID loop 

on the thermal error e = 1 − Θt/Θref with gains (0.8, 0.05, 0.1) 

and anti-windup clamping, and its mode logic: Eco when the 

control signal exceeds θhi or Bt < 0.3, and Boost when it is 

below θlo, Bt > 0.7, and the headroom exceeds 15  K. It also 

keeps the exit threshold τ(Dt) = τbase[1 + 0.4(1−Bt) + 

0.35 max(0, 1−Θt/Θref) + 0.25 max(0, 1−Mt)] with 

τbase = 0.7/0.5/0.3 for Eco/Balanced/Boost. The mode 

precision ladders follow the framework’s own construction 

rule on our native precisions: the lowest native width (INT8) 

for Eco, mixed INT8/BF16 for Balanced, and the highest 

(FP32) for Boost. Eco and Balanced prune 40% and 25% of 

the tokens by first-layer attention magnitude before the first 

block. Because the PID mode thresholds are not given 

numerically, they are grid-searched on validation sessions; we 

still call this variant "as specified" because all other settings 

follow the original manager. A second variant additionally 

tunes a τbase scale, token pruning on/off, Boost precision, and 

the final exit depth (tuned: scale 0.6, pruning off, FP32 Boost, 

final exit at layer 9). Greedy pacer is a strong myopic 

controller on our action space and shield. It selects the probe 

precision by comparing a paced allowance (remaining budget 

over remaining queries) with the expected BF16 cost, and  

then takes the most accurate admissible phase-B action whose 

expected energy fits the allowance, using correctness and 

energy statistics per probe-entropy bin from validation data. 

All baselines are tuned on 24 validation sessions drawn from 

the training distribution, maximizing accuracy subject to at 

most 2% deadline misses and 5% depleted sessions. 

5.5. Protocol and Metrics 

Each scenario is evaluated on 20 test sessions whose arrival 

and contention traces are shared by all controllers, which 

enables paired comparisons. Accuracy counts unanswered 

queries as errors, and the deadline-miss rate includes them. 

We also report energy per answered query, the share of 

sessions that deplete the budget, and the throttled share of 

session time. The full controller is trained with five seeds and 

each ablation with two. Differences are tested with paired t-

tests over the 20 sessions, using seed-averaged accuracy for 

learned controllers. 

6. Results 

6.1. Hardware Profile and Exit Accuracy 

Table I. Measured Batch-1 Latency per Encoder Layer (ms), Full-

Model Latency at 12 Tokens, and Encoder Weight Footprint 

Precision 8 tok. 16 tok. 32 tok. 12 layers MB 

INT8 (VNNI) 0.64 0.83 1.23 9.9 81 

BF16 (AMX) 1.29 1.34 1.52 16.9 162 

FP32 3.30 3.16 4.07 51.6 324 

INT4 (software) 9.74 10.05 11.33 – 41 

 

Table I and Fig. 2(a) show the precision ladder of the target. 

Native INT8 and BF16 kernels make a layer 2.4–5.2× cheaper 

than FP32, and because batch-1 inference is dominated by 

weight traffic, BF16 and FP32 latencies barely change 

between 8 and 32 tokens. Packing weights into 4 bits cuts the 

footprint to 41 MB, but without a native kernel the weights 

must be unpacked on every call, and the layer becomes 7–15× 

slower than INT8 or BF16. Fewer bits therefore do not 

translate into speed unless the hardware executes them 

natively, which is why the action space contains only INT8 

and BF16. 
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Figure 2. (a) Measured latency of one encoder layer at batch size 1 
on one CPU thread (log scale). (b) Test accuracy of the exits on 

SLURP for different execution paths; 40% token pruning lowers 
accuracy by about 11 points on these short utterances. 

 

Table II. SLURP Test Accuracy (%) of Each Exit for Different 
Execution Paths 

Path (S1–S4) L3 L6 L9 L12 

BF16 86.48 86.98 87.86 87.42 

FP32 86.51 86.92 87.86 87.45 

INT8 85.94 86.61 86.88 86.41 

INT8 probe, BF16 rest 85.94 86.55 86.95 86.61 

BF16 probe, INT8 rest 86.48 86.78 87.05 86.81 

INT8, 40% pruning 76.15 75.11 75.48 75.45 

INT8/BF16, 25% pruning 81.47 81.30 81.47 81.37 

 

Table II reveals four regularities. First, without token 

pruning the layer-9 exit is the most accurate on every path, 

and BF16 reaches 87.86% there against 87.42% at layer 12, 

an instance of overthinking [11]. Second, BF16 and FP32 are 

indistinguishable, while INT8 costs about one point at deep 

exits. Third, executing the probe in INT8 lowers deep-exit 

accuracy by almost a point even when the remaining layers 

run in BF16, so the probe precision matters and is part of the 

decision. Fourth, the token pruning used in the reference 

modes is costly on short utterances (9.4 tokens on average): 

40% pruning drops accuracy to about 75%. On CLINC150 

the picture is different. The layer-3 exit already reaches 96.43% 

validation accuracy against 96.13% at layer 12, so the 

cheapest action is also the most accurate and the control 

problem collapses. We therefore focus the control 

experiments on SLURP. 

 

Figure 3. Accuracy versus mean energy per query on the SLURP 

test split under nominal device conditions. Gray points are fixed 
probe-then-commit rules; dashed curves are entropy-threshold exits 

that fall back to layer 12; black markers are static paths. 

Fig. 3 places fixed rules on the accuracy–energy plane. 

Probe-then-commit rules that stop at layer 9 dominate both 

static paths and conventional threshold exits. The BF16 rule 

with τ1 = τ2 = 0.2 reaches 87.99% at 30.3 mJ, whereas the 

static BF16 path to layer 9 reaches 87.86% at 57.5  mJ. 

Confident probes that exit at layer 3 save energy and also 

avoid the occasional overthinking error of deeper exits. The 

frontier spans 13–30 mJ for an accuracy range of about 1.3 

points, and the right operating point depends on the budget 

and on the device state, which is what the controller has to 

track at run time. 

6.2. Main Results 

Table III. Test Accuracy (%) over 20 Sessions per Scenario; RL Results are Means over Five Seeds 

Controller Nom. Tight Loose Hot Heavy Avg. 

Static FP32, L12 10.86† 6.62† 16.57† 10.21† 10.92† 11.04 

Static INT8, L12 54.09† 33.35† 81.54† 48.01† 56.08† 54.61 

Tuned static rule 87.06 79.02† 87.06 87.06 86.54 85.35 

NE-RM (as specified) 81.56 81.03 81.49 76.12 80.45 80.13 

NE-RM (tuned) 86.87 86.00† 86.76 86.64 86.02 86.46 

Greedy pacer 86.77 86.11 87.36 86.81 86.71 86.75 

Proposed (RL) 87.19 86.67 87.34 87.17 86.64 87.00 

† Constraint violated: more than 5% of sessions deplete the 

budget or more than 2% of deadlines are missed. Seed 

standard deviations of the proposed controller are 0.16, 0.10, 

0.19, 0.08, 0.13 points for the five scenarios. 

Table III summarizes the comparison. Static paths that 

ignore the budget exhaust it early and leave most queries 

unanswered. The tuned static rule is competitive whenever its 

frugal operating point fits the budget, but in Tight it depletes 

the budget in 75% of the sessions and falls to 79.02%. NE-

RM as specified stays within its constraints but loses 6.9 

points on average. Its 40% and 25% token pruning removes 

informative tokens from short commands, and in Hot its PID 

loop moves it to Eco mode for most of the session (its share 

of BF16 computation falls from 100% in Nominal to 5%), 

where the larger device-state threshold forces early exits on 

pruned inputs. Tuning removes most of this gap. The learned 

controller has the highest average accuracy and is the only one 

within 0.16 points of the best controller in every scenario. 

Compared with the greedy pacer, the paired differences are 

+0.42 (p=0.028), +0.56 (p<0.001), and +0.36 (p=0.025) 
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points in Nominal, Tight, and Hot, and they are not significant 

in Loose (-0.02, p=0.880) and Heavy (-0.07, p=0.542). 

Against tuned NE-RM the controller gains between 0.32 and 

0.67 points, significant at the 5% level in 4 of the five 

scenarios. 

 

Table IV. Energy per Answered Query (mJ), Worst-Case Deadline-Miss Rate (%), and Worst-Case Depletion Rate (%) across Scenarios 

Controller Nom. Tight Loose Hot Heavy Miss Depl. 

Tuned static rule 16.4 16.5 16.4 18.4 15.7 9.09 75 

NE-RM (tuned) 14.8 13.9 15.1 12.7 14.3 0.76 25 

Greedy pacer 22.9 14.4 32.5 19.5 23.1 0.05 0 

Proposed (RL) 21.1 14.6 32.5 22.2 20.7 0.13 0 

Table IV shows how the budget is used. The learned 

controller spends 14.6 mJ per query under the 15 mJ budget 

and 32.5 mJ under the 40 mJ budget. Its accuracy in Nominal 

exceeds that of the greedy pacer while spending 1.8  mJ less 

per query. No learned session depletes its budget, and its 

worst-case deadline-miss rate is 0.13%. In Hot the 

competitive controllers spend 61–77% of the session throttled, 

because the 35 °C ambient leaves almost no thermal 

headroom even at idle; the gain there comes from more 

accurate use of the slower device, not from avoiding throttling. 

6.3. Ablation Study 

Table V. Ablations: Mean Accuracy over Scenarios, Worst-Case 
Gap to the Best Controller, Nominal Energy, and Worst-Case 

Constraint Metrics 

Variant Avg. Gap E (mJ) Miss Depl. 

Proposed (full) 87.00 0.16 21.1 0.13 0 

w/o BC warm start 86.09 1.16 15.5 0.12 0 

w/o probe features 86.28 0.94 15.4 0.08 0 

Single stage (scratch) 85.92 1.44 11.1 0.00 0 

w/o reward model 86.90 0.23 19.2 0.17 0 

w/o shield 86.85 0.48 20.4 2.39 25 

Fixed penalties 85.93 1.42 11.1 0.00 0 

w/o device state 86.72 0.56 19.9 0.31 8 

 

Table V isolates the design choices. Without the warm start, 

PPO from scratch spends a similar share of the budget during 

training but reaches lower training accuracy (Fig. 4), and its 

arg-max policy settles on a frugal operating point (15.5 mJ in 

Nominal) that loses 0.92 points. Hiding the probe entropy and 

confidence while keeping the two-stage structure costs 0.73 

points, which confirms that the input-difficulty signal drives 

part of the gain. Fixed penalty weights (λD, λE) = (1, 0.2) over-

price energy, and the agent settles at 11.1 mJ with 85.93% 

accuracy; the PID multipliers instead remain small because 

the shield already enforces feasibility. Removing the shield 

keeps accuracy close to the full model but causes violations: 

up to 2.39% deadline misses and 25% depleted sessions. An 

agent blind to the device state reaches 86.72% and depletes 8% 

of Hot sessions. Replacing the reward model by the 0/1 

reward changes the average by only 0.10 points once the 

warm start is used, so its benefit lies mainly in smoother 

training curves. 

 

Figure 4. Training on validation-split sessions (mean and standard 
deviation over seeds, 10-iteration moving average): accuracy on 

training traces, energy relative to the paced budget (dotted line: 
limit 0.97), and energy multiplier λE. 

6.4. What the Controller Learned 

 

Figure 5. Behavior of the learned controller on validation sessions 
(five seeds; Tight, Nominal, and Loose budgets). (a) Probability of 
answering at layer 3 versus probe entropy. (b) Share of queries that 

use BF16 versus the paced per-query allowance. 
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Fig. 5 opens the policy. The probability of answering at 

layer 3 falls monotonically with the probe entropy, from 

above 80% for confident INT8 probes to near 10% for the 

most uncertain ones. The policy exits more readily after an 

INT8 probe than after a BF16 probe, consistent with the 

higher cost of continuing in BF16. BF16 use rises steeply 

once the paced allowance exceeds about 35 mJ per query, 

which shows that precision is spent where the budget permits 

it. Fig. 6 shows single sessions. In Nominal the learned 

controller keeps its remaining budget above the uniform 

pacing line while the load is high and spends the reserve on 

BF16 in the final part of the session, whereas the greedy pacer 

switches to BF16 earlier. In Hot all controllers are throttled 

for most of the session, and the learned controller runs INT8 

with input-dependent exits until the energy reserve is released 

near the end. 

 

Figure 6. One test session per scenario: temperature (dotted line: throttling threshold), remaining budget (dotted line: uniform pacing), and 
moving share of BF16 computation for the learned controller, the greedy pacer, and tuned NE-RM. 

7. Discussion and Limitations 

The gains over the strongest heuristic are modest in 

absolute terms, at most 0.56 points, because the accuracy span 

of the available operating points is itself only about 1.3 points 

on SLURP. The value of the learned controller lies in being 

close to the best method in every condition without retuning, 

whereas each heuristic has a weak scenario: the static rule 

fails under tight budgets, the greedy pacer is outperformed in 

Nominal, Tight, and Hot, and the PID manager loses accuracy 

everywhere. Several limitations bound these conclusions. 

Latencies are measured on one CPU core that emulates the 

batch-1, bandwidth-bound regime of edge inference, but 

energy, temperature, contention, and arrivals are simulated 

with first-order models whose power levels are calibrated to 

published measurements rather than measured on our host. 

The deployment shield margin differs from the training 

margin, which is safe because tightening a shield only 

removes actions, but it means the policy acts under a slightly 

different constraint set than it was trained with. The behavior-

cloning warm start borrows the structure of the greedy 

heuristic, and the control experiments use one dataset, 

because on CLINC150 the cheapest exit is already the most 

accurate. Validation on a physical mobile SoC with power 

instrumentation, multi-tenant workloads, and autoregressive 

decoders are natural next steps. 

8. Conclusion 

We presented a probe-then-commit controller that chooses, 

for every query, the precision of a cheap probe and then 

commits the precision and depth of the rest of a Transformer 

encoder, trading accuracy against a session energy budget, a 

response deadline, and thermal throttling. Measurements on a 

CPU core showed why the decision space must be hardware-

aware and input-aware: native INT8 and BF16 kernels 

dominate software-unpacked 4-bit weights, the layer-9 exit 

beats the full network, and the probe precision itself 

influences deep-exit accuracy. A PPO learner with PID-

Lagrangian multipliers, a deadline and energy-reserve shield, 

and a behavior-cloning warm start reached 87.00% mean 

accuracy over five held-out scenarios with zero budget 

depletion. It outperformed a re-implemented PID runtime 

manager and was significantly better than a strong greedy 

pacer in three of five scenarios. 
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