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Abstract. Real-time object detection on edge platforms is constrained
by inference latency due to limited resources. Existing runtime controllers
adapt detector configurations using coarse frame-level feedback, but fail
to account for object-level accuracy degradation caused by detection tem-
poral mismatch. This leads to suboptimal scheduling decisions under dy-
namic workloads. We propose a lightweight per-object IoU decay model
that predicts accuracy loss and derives closed-form deadline estimates
for each detected object. These deadline predictions provide fine-grained,
deadline-aware feedback that can be integrated into runtime control poli-
cies. We integrate the model into a new closed-loop detector selection
framework and evaluate it under streaming conditions on Argoverse-HD
and MOT17 across heterogeneous hardware platforms. Experiments on
real hardware testbeds show that our model and control algorithm im-
prove deadline prediction accuracy by 56% and streaming AP by 39% on
average across 71 video scenarios, while incurring acceptable overhead.
The code is available at https://github.com/3Eerfan/0LAP-ECCV2026.
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1 Introduction
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ing that real-time performance can degrade — 4k ) =

significantly due to temporal mismatch. This
degradation is more pronounced in resource-
constrained mobile and edge devices. When
detections are delayed, the resulting bounding
boxes correspond to earlier frames, creating a
temporal misalignment between the estimated
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Fig. 2: Effect of temporal mismatch on accuracy metrics. (a) A representative frame
of scenarios A and C, (b) sAP and (c) Average IoU versus temporal mismatch for three
representative scenarios (A-C). (d) Per-object IoU distributions for three temporal
mismatch values, showing large within-scenario variation that average metrics hide.

lag behind the moving objects. This degradation is minimal for static objects
but substantial for fast-moving ones, leading to rapid decay in Intersection-over-
Union (IoU) and unreliable perception. Thus, high offline accuracy alone does
not guarantee reliable streaming perception under strict resource constraints.

To reason about latency-induced degradation, we adopt the notion of tempo-
ral mismatch, introduced by . Temporal mismatch measures the elapsed time
between the frame used for inference and the frame where the resulting detection
output is applied. As temporal mismatch increases, bounding boxes become in-
creasingly outdated. Existing works mitigate this issue through: (i) faster detec-
tor architectures , (ii) tracking or forecasting methods that update boxes
between detections [1,[17], and (iii) runtime control schemes that adapt model
complexity or scheduling to balance accuracy and latency . Control-
based methods are particularly promising because, while they benefit from the
first two approaches, they also explicitly manage the accuracy-latency tradeoff.
However, current systems typically rely on frame-level averages, such as predicted
AP or average IoU , which obscure substantial per-object heterogeneity.

To illustrate this point, Figure [2] shows the effect of temporal mismatch
across scenarios from MOT17 and Argoverse-HD [2]17], using visual tracking
to propagate detections across skipped frames. Even when frame-level stream-
ing AP (sAP, following the terminology of [17]) and IoU remain relatively high
(Figures and, individual objects may suffer severe accuracy drops. For in-
stance, at a temporal mismatch of 0.2 seconds, Scenario B exhibits a 0.73 average
IoU, yet some objects fall to 0 IoU (e.g., the green-triangle case in Figures
and . In safety-critical contexts, understanding object-level accuracy dynam-
ics is essential. For example, maintaining high IoU for a pedestrian crossing in
front of a vehicle is far more critical than for distant or parked vehicles. This
motivates lightweight per-object accuracy estimation models suitable for integra-
tion into priority-aware feedback control systems. This object-level perspective
is also consistent with Tian et al. , who represent the surrounding scene as
object-level tokens for large language model reasoning.
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Building on the findings of Li et al. [17], our study shows that streaming
accuracy should be proactively controlled at the object level rather than at the
frame level. We model temporal IoU decay using object-specific properties to
predict per-object deadlines with a lightweight model, and present a control
algorithm capable of prioritizing the accuracy of critical objects based on user-
defined weights. Specifically, our main contributions are:

— Object-Level Accuracy Prediction (OLAP): We present a novel light-
weight model that predicts per-object temporal IoU decay and derives closed-
form deadline estimates to enable deadline-aware detection control.

— Closed-Loop Integration: We incorporate our OLAP model into a proof-
of-concept runtime controller (OLAP-C) that dynamically selects among
multiple detection models to optimize real-time accuracy.

— Experimental Results: Across MOT17 and Argoverse-HD scenarios on
three hardware platforms, our OLAP-based control system consistently out-
performs state-of-the-art baselines [13|[15], improving deadline prediction ac-
curacy by 56% and streaming AP (sAP) by 39% on average across 71 video
scenarios, particularly on the most resource-constrained device.

The remainder of this paper is organized as follows: Section [2] reviews related
work. Section 3] presents our approach and proof-of-concept framework. Section[d]
reports experimental results, and Section [5] concludes the paper.

2 Related Work

Existing methods for improving real-time detection accuracy can be categorized
into three groups:

Increasing Throughput: These methods focus on reducing the inference time
of detection models while maintaining offline accuracy [10L[21}23}[29|3234]. For
example, Jocher et al. [11] proposed YOLO11n, which achieves a 4.8x speedup
over EfficientDet-D1 [29] while maintaining similar offline detection accuracy of
0.4 AP on the COCO dataset. These methods are mainly effective when the
available computing resources allow the inference throughput to match the cam-
era frame rate, i.e., when the temporal mismatch is zero as in the offline setting.
Other methods focus on throughput maximization by adjusting the model com-
plexity based on the available resources [51/14,22}/25|, compromising the detection
accuracy to maintain a high throughput.

Compensating for Temporal Mismatch: These methods aim to compen-
sate for the detection accuracy decay caused by temporal mismatch. Some solu-
tions [17] employ a lightweight detection-free tracker to update detected bound-
ing boxes until the next detection output is available. Other solutions [6}/16]
train a custom architecture on real-time detections to adjust the box location
at the output frame based on the temporal mismatch. These strategies provide
meaningful improvements in real-time accuracy and can be directly leveraged
within practical systems. However, their effectiveness generally deteriorates at
larger temporal mismatches [20], as also highlighted in Figure [2| Moreover, they
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operate passively: once deployed, they do not adapt based on hardware capacity,
runtime load, or scene complexity. As a result, they lack an explicit mechanism
to manage accuracy /latency tradeoffs under dynamic conditions.
Context-Aware Control Mechanisms: These methods employ closed-loop
control algorithms to regulate real-time detection accuracy. FlexPatch |33|, for
instance, identifies regions with potentially degraded tracking accuracy and selec-
tively triggers detection on those patches. However, this strategy is largely reac-
tive. To enable proactive feedback control, runtime decision-making requires an
accuracy prediction model. Sela et al. |[27] propose a tree-based predictive model
that estimates detection accuracy from runtime features and exposes multiple
configurable parameters. While their data-driven model offers high precision, its
high memory usage (13GB) and overhead place it outside the scope of our work
targeting constrained devices. To reduce overhead, Lee et al. [15] introduce a
lightweight frame-level AP prediction model to guide detector switching for AP
maximization. Similarly, Kong et al. [13] develop a lightweight frame-level ToU
model to coordinate edge offloading decisions. Despite being efficient, these ap-
proaches rely on coarse frame-level accuracy estimates and do not account for
large variations across objects within the same frame (see Figure .

To address these limitations, we propose a lightweight per-object IoU decay
model that provides closed-form deadline estimates. This model is complemen-
tary to high-level controllers like Chanakya [7], e.g., in complex systems like
UniAD [9], the analytical deadline estimates produced by OLAP can serve as
high-fidelity input features for |7]. We then design a proof-of-concept closed-
loop controller that incorporates these estimates as runtime feedback to improve
priority-aware real-time accuracy under resource constraints.

3 Proposed Methodology

Building on the streaming detection timeline presented in [17], we revisit the
sequence of events using the example shown in Figure [3] to help define our no-
tation in the rest of the paper. In this scenario, the camera captures frames at
a constant rate, producing a sequence of frames {F;};>1, while the detection
algorithm processes the most recently captured frame as soon as computing re-
sources become available. Since the detector’s processing throughput is lower
than the camera’s frame rate, some frames are ignored during detection; we re-
fer to these as dropped frames. For dropped frames, the system can (i) use a
zero-order hold [17], i.e., simply reuse the most recent detection output without
tracking, or () use a lightweight tracking algorithm to adapt the bounding box
location until a new detection result is generated |13l/17]. For simplicity, Figure
illustrates case (i) using a single bounding box. This is solely for explanatory
purposes. In practice, each detection inference D), outputs bounding boxes for
multiple objects, and the proposed method handles this by applying the same
procedure independently to each object. In addition, the method is agnostic
to whether bounding boxes on dropped frames are reused directly or updated
through tracking, and therefore supports either approach without modification.
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Fig. 3: Timeline of streaming detection, and the proposed closed-loop control.

Figure [3] shows that, while the detection D, is busy processing frame Fg,
the most recent detection output (blue bounding box) from detection D; is
being reused for the dropped frames {Fg, F7, Fg, Fo}. As a result, at frame
Fy, the temporal mismatch is ag = 4 frames, corresponding to the number of
frames elapsed since the last processed frame. The updated bounding box (red)
becomes available at frame F'y. At this point, we seek to predict how the accu-
racy of this output evolves over future frames as temporal mismatch increases.
Based on this prediction, the control mechanism must ensure that a new de-
tection output Ds is available before the red bounding box becomes unreliable,
meaning before the IoU between the streaming detection and the ground truth
drops below the user-defined threshold. Conversely, if the control mechanism
over-provisions computational resources or selects a faster detector with lower
accuracy, it may trigger new detection outputs earlier than necessary, resulting
in avoidable accuracy degradation or wasted resources.

Defining deadline as the maximum temporal mismatch at which the IoU
between the streaming detection and the ground truth remains above the user-
defined threshold, this situation raises a critical question: how can we estimate
a per-object deadline at runtime, before the next detection cycle be-
gins? Such an algorithm must be lightweight and generalizable across various
scenarios. Furthermore, it must predict the deadline for each object in the scene,
enabling the control mechanism to make informed decisions about system-level
control knobs such as model selection or resource allocation. Next, we formalize
the problem and present the proposed methodology.

3.1 Runtime IoU & Deadline Prediction Models

Let the current frame index i denote the moment immediately following the
kth detection cycle, at which the control mechanism must determine its next
action (e.g., ¢ = 10 in the example presented in Figure [3]). Thus, every real-time
detection Dy, begins at frame F;_;, and completes at frame F;, where [, € N is
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the inference time of Dy, in number of frames. Let s be the prediction offset (in
number of frames). Then the temporal mismatch a at frame F 15 is a;15 = s+,
which is defined as the number of frames elapsed since the last processed frame.
In the example, at frame Fy3 (three frames from “Now” in Figure, the temporal
mismatch with prediction offset s = 3 is a13 = 3+4 = 7, since the last processed
frame is Fg. Similarly, at the source frame Fg in the example, the bounding box
Bg ; is used as the real-time detection and has accumulated a temporal mismatch
of ag = 5 frames. Using this notation, we now describe the runtime bounding
box features that enable reliable per-object accuracy prediction.

Feature Extraction. Referring to frame Fy, we denote ngj as the offline
bounding boz, i.e., the bounding box that would be produced by running the same
detector on frame Fg in an offline setting (equivalently, when the temporal mis-
match is zero). Note that B ; is not available at frame Fg in the real-time time-
line due to inference latency. Instead, it becomes available only after the detector
finishes processing, i.e., after [ time units in this example. In this case, the real-
time detection Dy completes at frame Fg, producing bounding box Big ;j, which
corresponds to the offline bounding box Bg,j for frame Fg. Thus, at frame Fg,
we can compare Bg ; (the object’s estimated bounding box at Fs) with Big ; (its
zero-mismatch /offline counterpart for Fg) to extract several features using the
function f(-). This function f(-) takes as input the bounding box used for object
Jj at frame F;_;, (e.g., Bg,j), its corresponding offline bounding box available at
frame F; (e.g., B1o,j), and the temporal mismatch [;_; experienced by the real-
time bounding box B;_;, ; (e.g., l1 in Figure [3). Each bounding box is defined
by four parameters. Specifically, B;_i, ; = [Z¢, Ye, w, h] and B; ; = [zL,y., w', '],
where (z.,y.) and (z,,y.) denote the centers of the two boxes in image co-
ordinates, while (w,h) and (w’,h’) denote their widths and heights in pixels,
respectively. The output of f(-) is a vector of ten features defined as follows:

g . 6°
0.8
£(Bij, Bi1,5, lk-1)=1[f1,..., fro] €RY, [ — 6!
£
flzg’ f6:vi7 E o
h w 2 02 ﬂ ﬂ
5—02
o=V wo Pt e woP fs= Rt S |
=
2-06
f4 = atanZ(yC — Y0, Tc — $0), f9 = atan2(vy, ,Um)’ é fi f f3 f4 fs fg f; fg fo f1o

Features

f5 = GIOU(BZ‘,j,Bi_lk,j), flO = lk—l:

&
i

. 4: Feature importance

where v, = (z.—2),)/lp—1 and v, = (y.—v.)/lk—1 are the horizontal and vertical
velocities of the object, respectively. Following the feature ordering, f; and fo
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capture object geometry (aspect ratio and size), while f3 and f; encode object
location in polar coordinates relative to the center of the image (xg, yo). Feature
f5 measures the real-time spatial dislocation using Generalized-IoU (GIoU |26]),
which is preferred over IoU because it captures distance even when boxes do not
overlap. Features fg and f; represent normalized velocities along the horizontal
and vertical axes, and fg and fg describe the velocity magnitude and direction.
Finally, f1p corresponds to the inference time of the previous detection Dy_;.
Figure [4] shows the impact of each feature on the model parameters 8° and 67,
which will be introduced in the next section. As we can see, while speed (fs)
and previous GIoU (f5) have the largest impacts on the model, all features con-
tribute to achieving high deadline prediction accuracy, which will be analyzed
in detail in Section

OLAP Model. Given the features for each object, the goal is to predict the
real-time IoU for bounding box j at frame F;;s for s € B, where B is the set of
prediction offsets required for control decisions. For a general index s, we seek a
prediction model G, ; such that:

10U, [ (Bitsjs Bivsj) = Gitsj (F(Bij, Bici, gy le-1), Gigs) + €is g (1)

where Bu is the offline bounding box for object j at frame F;, B ; is the real-
time estimated bounding box for object j at frame F;, f(-) : N — R0 is the
function that extracts features from the bounding boxes, €;, ; is the prediction
error, and a;; is the temporal mismatch that includes the prediction offset s.
In the remainder of this section, we propose a model to approximate IoUﬁ:{;j
by minimizing €; 4 ;. Then we show how to use it to predict the deadline for a
desired IoU threshold.

Our observations indicate that the IoU decays exponentially as the temporal
mismatch increases (Figure [2{c)). Therefore, we propose a Generalized Linear
Model (GLM) that takes the feature vector f(-) as input and predicts the inter-
cept 8 and decay factor «y of the following exponential function, which models
the ToU for upcoming frames Fj :

RT _ ~exp . L —YQits ) .
IOUi+s,j = Gi+s,j +€itsj =D-€ ot €its,j, (2)

where 8 and v are obtained through GLM link functions [4] defined as follows:

B8] _ [Sigmoid(f"(B; ;, Bi—i, j: lk-1) 8° + b°) )
7] [Softplus(fT (B; ;, Bi_i, j, lk-1) 0" + ')’

where 6°,0' € R and b°,b' € R are the model parameters to be learned
during training. Here, the link functions Sigmoid(-) and Softplus(-) ensure that
the predictions remain within the valid ranges. Equation provides per-object
IoU prediction for a given time offset a;4 s and is suitable for control algorithms
requiring explicit models as accuracy feedback [19].
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Deadline Prediction Model. By inverting Equation , we can now predict
the deadline for a desired IoU threshold 7 as follows:

8oy = G (r) = {W])J , (4)

where 5” is the predicted deadline, expressed in number of frames, for object
j in frame F;. The proposed prediction models provide per-object estimates of
real-time IoU decay and the corresponding detection deadlines, which can be
integrated in real-time feedback control algorithms. We provide the necessary
details about model training in Section [4.1]

3.2 OLAP-C: Control Algorithm

Algorithm [1| presents a closed-loop controller that integrates the proposed dead-
line prediction model in Equation [ to select the detector for the next detection
cycle (Appendix A provides an illustration of the algorithm’s operation). Algo-
rithm [I] serves as a proof of concept. The proposed OLAP model can support a
wide range of system-level decisions beyond model switching, including resource
allocation, task scheduling (e.g., |28]), and Dynamic Voltage and Frequency Scal-
ing (DVFS). For example, DVFS can be added as a hierarchical outer loop to se-
lect more energy-efficient frequencies that maintain feasible options for OLAP-C.

At the end of detection cycle k, the controller considers a set of available
detectors D = {di,...,dp}. Each detector d,, € D is characterized by a de-
tectability profile P,, € P (e.g., the probability of detecting objects of a given
size) and an estimated inference time I, € T. Specifically, inspired by prior
work |15, P, = [p3,, pM, pL], where p3 pM | and pL denote the probabilities
that model d,, detect small, medium, and large objects, respectively. To guide
the next detector selection, the controller uses the runtime state Ry, defined as
the tuple {(dg, lr,n”,n™ nl), where d is the detector used in cycle k, I, is the
measured inference time (in number of frames), and n°, n™ and n” denote the
number of small, medium, and large objects detected, respectively. The controller
also uses the pretrained model parameters 6 = (00, 0,0, b1y, and the bounding
boxes from the previous and current detection cycles, denoted by B,;_;, and B,,
respectively, where 7 is the frame index at which the current detection result be-
comes available. In addition, the controller takes as input the user-defined IoU
threshold 7 and object priority weights w to predict per-object deadlines. The
weights w encode relative object-level priority and remain user-defined because
object criticality depends on the scenario and application.

The algorithm first updates the estimated inference times 7"V of all candi-
date detectors using the measured inference time [; of the current detector dy.
The function UPDATE(+) proportionally rescales the offline estimated inference
times to reflect the observed runtime conditions (Line 1). This calibration en-
sures that the predicted drop window evaluations align with the observed system
latency. The algorithm then applies a MATCH(+) function to match objects from
the previous detection cycle B;_;, with those in the current cycle B; using the
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Algorithm 1 OLAP-based Real-Time Accuracy Control: OLAP-C

Input: D, P, Z: set of detectors and their properties

Ry Parameters of detection cycle k, 6: Pretrained parameters < 6°,0,5°, b >
B;_;, : Bounding box outputs from Dy_1, B;: Bounding box outputs from Dy
7: User-defined IoU threshold, w: User-defined object importance weights

1: Z%°Y < UPDATE(Z, di, li) 15: if a < C; then
2: My—1,x < MaTcH(B,;_;,, B;) 16: TPrm,q ¢ TP o + wq
3: 0 17: Prmq < TPma/ 31w,
ro lp+lm
4: for (p,q) € Mi—1,x do 18: AR5 < i ZAak:J;k_ Prm.a
5: x < f(Bi—iy,p, Bi,g, I) 19: for a < Iy, to iy + 1 do
6: B« Sigmoid(@ox + bO) 20: TP, < 0
7 7 + Softplus(6'x + b') 21: for C; € I' do
8: Cq « |In(B/7) /7] 22: if a < Cy then
9. T+« TU{C,} 23: TPoma ¢ TPm.a + wg
24: ﬁm,a — ﬁm,a/ le;ll Wq
10: 1+ ’V%‘ Zfil lm—‘ 25: Sy (Pm %) Pmk)[nS,TLM, TLL}T
future 1 L +1
11: for m < 1 to |D| do 26: AP (7 Za:im Prm"‘) Sm
12: for a <l to I, + fm do 27: RAP,, + AP?JOP + APf:i‘“re
13: TPrm,q <0 28: m* < argmax,,c(1, p;} RAPm

14: for Cy € I' do 29: Return d,,»

Hungarian assignment algorithm based on the GIoU cost. This function yields
a set of matched index pairs My_1 j, where each pair (p, ¢) links corresponding
objects across the two detection cycles (Line 2).

After initializing the deadline set I' (Line 3), the algorithm processes each
matched object pair (p,q) € My_1 k. For each pair, it extracts object-level fea-
tures x (Line 5), then applies the pretrained parameters 8 to estimate the IoU
decay parameters 8 and v (Lines 6-7). Given the target IoU threshold 7, the cor-
responding deadline C; is computed in closed form and added to I" (Lines 8-9).

The average estimated inference time [ (Line 10) defines a common future
evaluation horizon that captures the expected impact of the next detector. The
algorithm then computes the Relative Average Precision (RAP) for each detector
dpm € D (Lines 11-27) as the sum of two components: AP9°P and Apfture,
Upcoming Drop Window. The Drop component, denoted as AP%OP, esti-
mates the short-term accuracy loss while detector d,, is executing, i.e., during
the frames where no new detection output is available and previously generated
bounding boxes are reused and evaluated from temporal mismatch Iy to Iy + I,
(Lines 12—-18). During this window, for each temporal mismatch a, objects whose
predicted deadline satisfies a < C, contribute to a weighted true-positive score
using the user-defined object importance weight w,. The resulting importance-
weighted precision Pry, , reduces to standard precision when w, = 1 for all
objects (Line 17). Averaging Pry, , over the drop window yields APIP.
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Post-Inference Window. The Future component, denoted APfﬁt”m, estimates
the expected detection quality after the output of d,, becomes available. The
evaluation spans a future window of length [, corresponding to the average infer-
ence time across candidate detectors (Lines 19-26). For each future temporal mis-
match a, objects contribute to the weighted true-positive score when a < C,, and
the corresponding object importance-weighted precision is computed as above.
Averaging over the future window and incorporating a detector-specific scaling
factor S,, (Line 25) to reflect offline detection probabilities yields AP™M*"® which
captures the intrinsic detection capability of d,, while preserving object-level
importance (Line 26). Finally, the algorithm aggregates the Drop and Future
window estimates to compute a single Relative Average Precision (RAP) score
RAP,, for each detector d,,, € D (Line 27). The detector that maximizes the pre-
dicted real-time performance is then selected (Line 28). The algorithm returns
the selected detector d,,» for the next detection cycle Dy (Line 29).

4 Experimental Evaluation

In this section, we evaluate the effectiveness of our deadline-aware, priority-based
closed-loop control framework under realistic real-time streaming conditions.
Our goal is to compare (i) the deadline prediction accuracy based on the proposed
OLAP model against the deadlines predicted with state-of-the-art frame-level
baseline models |13}[15], and (ii) the closed-loop detector selection performance
of OLAP-C against the state-of-the-art baseline controller [15]. We explain the
baselines in more detail in each respective section.

4.1 Experimental Setup

Datasets. We evaluate our solutions on two standard benchmarks with diverse
scene dynamics: Argoverse-HD |[2,[17] and MOT17 [24]. We report results
for 71 video scenarios across the two datasets. For each dataset, we split each
training video temporally: the first 60% of frames are used for training-data
generation and the remaining 40% for testing.

Hardware platforms. We repeat all streaming experiments on three repre-
sentative edge devices with different compute budgets: (i) Intel Node (Intel
Core i7-10810U @ 1.10 GHz), (ii) Apple M3 (MacBook Air), and (iii) NVIDIA
Jetson Orin Nano.

Streaming protocol and metrics. We stream each video at its native frame
rate. While a detector is running, incoming frames are treated as dropped frames.
For each dropped frame we update the bounding boxes using a lightweight visual
tracker, producing a real-time stream of boxes for every frame. During streaming,
we save per-frame detections (YOLO format) and compute average precision
against dataset ground truth to measure end-to-end streaming detection quality.
We refer to streaming AP as sAP, following the terminology introduced by [17].
In addition, to assess example scenarios with objects of heterogeneous criticality,
we report the per-object IoU to directly capture object-level accuracy.
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Visual tracking on dropped frames. We use MOSSE |[1]| as the default
tracker for all streaming experiments. For the deadline prediction analysis in
Figure [5, we additionally test the sensitivity to the KCF 8] tracking backend.
Detector options. The controllers select among two

YOLO11 detectors [12] (fine-tuned on the training portion

of the datasets) and six input resolutions, yielding 12 op- Table 1: Detector
tions, as shown in Table [} We also include the YOLO11x Indices dm

model in the candidate set; however, due to its substantially s é
longer inference time on our devices, the controllers almost :: E
never select it during the experiments (see Appendix C for Input Size SEsS
frequency of detector selection on each hardware). Thus, we 288 0 6
omit it from the reported results, although it may become 416 17
practical on faster hardware. On Jetson, we enable half pre- 640 2 8
cision (float16) and exclude input size 1920 due to memory 1120 |3 9
constraints. For the detectability matrix P, we define three 1440 4 10
object-size bins (small, medium, and large) by bounding- 1920 |5 11

box area using a strategy similar to ROMA [15]: object size
thresholds are chosen so that each bin contains no less than
20% and no more than 40% of the training objects.
Training 6 for the deadline prediction model. We trained a single OLAP
model on the first 60% of all videos in the dataset (=6 hours including training-
data synthesis on a desktop CPU) providing robustness to unseen videos. We
train OLAP using ground truth labels, a tracker (see Figure [5]), and the induced
temporal mismatch to model the object-specific IoU decay by simulating real-
time detections using synthetic inference times I;, = {'™ and collecting feature-
target pairs for objects in F; ;. Thus, OLAP does not require re-training across
detectors, as it relies on geometric object features (e.g., scale, velocity) that
capture universal object dynamics independent of detector.

Specifically, for each object j detected at frame F;, we extract features from
B;;j and B;_jsm ; and compute targets y;4,; for s € B (Equation ) We set
B = {0,1,2,...,29} to cover a wide range of temporal mismatch, and repeat
this process for ™ € {1,3,5,...,19} to span diverse inference-time regimes.
To associate the same object j across frames, we use GloU as the cost matrix
in Hungarian assignment [3,|31]. After normalizing features to zero mean and
unit variance, we train @ = (8%,0",b°,b') (see Equation ) by minimizing the
regularized MSE: L = £ >~ €] ¢; j + A[|0]|* with A = 0.01.

4.2 Experimental Results

Deadline prediction accuracy and tracker sensitivity. This experiment
evaluates the accuracy of the proposed OLAP model in predicting per-object
deadlines across different tracking backends and IoU thresholds. We test whether
applying a state-of-the-art frame-level prediction strategy at the object level
improves deadline estimation, and whether richer object-level features further
improve accuracy. As a Frame-Level Accuracy Prediction (FLAP) baseline, we
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Fig. 5: Deadline prediction accuracy on the Argoverse-HD test splits across two IoU
thresholds (7) and two tracking backends (MOSSE vs. KCF).

adapt the runtime accuracy predictor from ARISE [13]. This predictor is con-
ceptually aligned with the ROMA [15] runtime accuracy model, but instead
of estimating the AP drop directly, it predicts the average per-frame IoU de-
cay. Because our evaluation requires IoU estimates to derive deadlines, ARISE
serves as a representative FLAP baseline. To isolate the effect of granularity,
we also implement OLAP-tiny, an object-level variant using the same two core
features as FLAP (l;_q and IoU(B; j, B;—, ;). The proposed OLAP model fur-
ther extends this formulation with additional object-specific features, including
dynamic properties such as object speed.

Figure 5] compares the predicted versus the actual per-object deadlines on the
test videos for two IoU thresholds (7 € {0.5,0.75}) and two trackers (MOSSE
and KCF). Across settings, FLAP performs competitively for short deadlines
(up to six frames or 0.2 s), where average accuracy remains stable. However, it
systematically underestimates longer deadlines, which are common in resource-
constrained deployments, reflecting the limitations of frame-level aggregation.
Using a similar approach at the object level, OLAP-tiny consistently improves
predictions over FLAP, achieving 32.3% average RMSE reduction across all set-
tings (ranging from 24.9% to 38.7% depending on the scenario). These gains
are consistent across both IoU thresholds, confirming that modeling per-object
variation alone yields substantial and robust improvements over frame-level ag-
gregation. Nevertheless, OLAP-tiny still lags behind OLAP, which leverages all
the features described in Section [3.1] Relative to OLAP-tiny, OLAP provides an
additional 34.5% average reduction in RMSE, showing that incorporating richer
object-dynamics features yields meaningful gains. By modeling these richer dy-
namics, OLAP maintains accurate predictions over substantially longer deadlines
(up to 15 frames or 0.5 s). Beyond this time, our model still improves estima-
tion accuracy over the state-of-the-art FLAP model (by up to 67% and 56% on
average), but conservatively estimates deadlines because object motion is more
likely to change over longer horizons. Overall, these experiments show that the
proposed OLAP model substantially improves object-level deadline prediction.

Closed-loop streaming performance. We next evaluate the end-to-end de-
tector selection under streaming on Argoverse-HD and MOT17 scenarios. We
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Fig. 6: Comparison of ROMA and our method on average sAP over MOT17 and
Argoverse-HD validation video scenarios on the Intel Node.

compare our deadline-aware controller OLAP-C against ROMA [15], the state-
of-the-art closed-loop model-selection controller for real-time detection. To en-
sure a fair comparison, because the source code is unavailable, we implement
ROMA and integrate the same tracking backend used in our pipeline to update
boxes across dropped frames. We also include a Best Static baseline that sim-
ply uses a single detector throughout each video (with the same tracker). Across
scenarios and devices, the best static choice on average is YOLO11lm_640 (i.e.,
dg in Table . After collecting real-time detections, we compute frame-level
sAP@0.5:0.95 (COCO mAP standard [18]) to quantify real-time accuracy.

Figure [f] summarizes the results on the Intel Node across the evaluated sce-
narios. Relative to Best Static, ROMA improves average sAP by 25%, with gains
of up to 0.157 sAP points. Our method improves average sAP by 75% over Best
Static, reaching improvements of up to 0.316 sAP points in some scenarios. Com-
pared to ROMA, our method yields an additional 39% on average, with gains
of up to 0.25 sAP points. Overall, the gains indicate that explicitly regulat-
ing detector choice using object-level deadline feedback leads to a considerably
stronger closed-loop performance.

Cross-device comparison and runtime overhead. Figure [7| compares (a)
the inference latency of candidate detectors (as indexed in Table [1) on various
devices and (b) the achieved sAP, as well as the control algorithm execution time
overhead compared to the detection inference latency during streaming across
all 71 videos. As shown in Figure [Ta] inference times differ substantially across
devices. The Intel Node is the slowest platform, with inference times ranging
from 49 ms to 3985 ms (average 816 ms). On the Apple M3, inference times range
from 21 ms to 562 ms (average 120 ms). The Jetson platform exhibits the tightest
latency distribution, with inference times between 54ms and 161 ms (average
74ms). The latency spread is most pronounced on the Intel Node, increasing the
importance of selecting an appropriate operating point in real time. Figure [7H]
shows that our method consistently achieves the highest average sAP across
all devices. On the Intel Node, OLAP-C achieves 0.287 sAP, representing a
39% improvement over ROMA and an 86.4% improvement over Best Static.
On the Apple M3, OLAP-C reaches 0.391 sAP, corresponding to a 24.6% gain
over ROMA and a 29.8% gain over Best Static. On Jetson, OLAP-C attains
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Fig. 8: Qualitative example: per-object priority in real-time detection. The controller
can trade average accuracy for more frequent and accurate updates of a critical object.

0.408 sAP, yielding a more modest but consistent 1.3% improvement over ROMA
and 2.2% over Best Static. The largest absolute gains appear on the Intel Node,
supporting the claim that deadline-aware control is most beneficial under limited
compute budgets, while remaining effective on faster hardware. Figure [7D] also
compares the control algorithms’ execution time with detections inference time
during streaming (log scale). Our controller incurs slightly higher overhead than
ROMA, but remains acceptable for real-time use, remaining below 10% of the
average detector inference time.

These experiments show that OLAP-C consistently improves streaming ac-
curacy across heterogeneous hardware, with the largest gains on the most con-
strained device. The gains are largest on Intel because suboptimal high-latency
detector choices increase temporal mismatch and sharply reduce streaming ac-
curacy. On faster devices, the performance gap narrows because detector la-
tencies are more balanced, but OLAP-C still maintains a consistent advantage
by adapting to device-specific latency and scene dynamics. More details about
control-signal and sAP timeline analysis are provided in Appendix B.2.
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Priority-aware control. Finally, we illustrate how the object-level priority
affects control decisions. Figure [§] focuses on an interval from the MOT17-13-
DPM scenario, where a pedestrian crosses the street while the ego-vehicle (bus)
approaches. We label the pedestrian as the critical object and treat other objects
as non-critical because they are farther and pose no immediate collision risk.
We run our controller in two modes: (i) Equal priority, assigning uniform
weights w = 1 in Algorithm [1} and (ii) Critical object priority, assigning
the pedestrian a higher weight weritical = 10. With equal priority (red), the con-
troller selects a higher-latency OLAP-C detector to improve the overall accuracy
for many objects, which increases average IoU across non-critical objects (red
solid line), but delays the important updates for the critical pedestrian, thus
reducing its IoU (red dashed line). With critical-object priority (green), the con-
troller selects lower-latency detectors to update the pedestrian more frequently.
This improves the pedestrian’s IoU (green dashed line) at the cost of reduced
accuracy on non-critical objects (green solid line); Appendix C provides the cor-
responding sAP comparison within each object category. Notably, several objects
missed under critical-object priority are distant and less relevant for immediate
safety; the key benefit is preserving accurate localization for the near-term risk
object. This example shows that object-level, priority-weighted feedback enables
scenario-appropriate control decisions not captured by aggregate metrics alone.

5 Conclusion

We presented a lightweight per-object IoU decay model that predicts accu-
racy degradation and derives closed-form deadline estimates for real-time ob-
ject detection. By providing object-level, deadline-aware feedback, the proposed
approach enables more informed runtime control decisions than conventional
frame-level metrics. We further designed a closed-loop, priority-aware detector
selection framework that leverages these predictions to guide runtime schedul-
ing. Across heterogeneous hardware platforms, integrating the proposed model
into the controller consistently improves sAP over state-of-the-art runtime con-
trol and best static baselines, while incurring acceptable overhead. Overall, our
results indicate that object-level deadline modeling effectively supports runtime
controller design for real-time perception under resource constraints.
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