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ABSTRACT

Real-time object classification on edge devices with constrained computing resources involves a trade-off
between computation workload and classification accuracy. Existing classifier models are typically developed
either for fast inference with compromised accuracy or for high accuracy with heavy computational cost. A
recently proposed concept, called IDK (“I don’t know”) classifiers, enables cascading multiple existing classifiers
to achieve high accuracy while reducing average inference time.

In this work, we compose IDK classifier cascades by fine-tuning existing models. We use the Tiny ImageNet
and CIFAR-100 datasets with modified final layers for 200- and 100-class classification, respectively. We select
a confidence threshold for each model to declare either a successful classification or an IDK decision. With a
cascade of IDK classifiers, each input can be examined by more than one classifier, ordered from faster, less
accurate ones to slower, more accurate ones. When an upstream classifier returns a class with high confidence,
downstream classifiers are not executed, improving inference time. More accurate downstream classifiers are

needed when upstream ones lack confidence.
Our experimental results demonstrate that IDK classifier cascades reduce average inference time while
maintaining high classification accuracy, making them suitable for real-time AI applications on edge devices.

1. Introduction

Advances in machine learning (ML), particularly deep learning,
have greatly impacted real-time object classification and data process-
ing. Meanwhile, these developments often result in greater computa-
tional costs and higher average latency, posing challenges for systems
that must satisfy real-time performance requirements [1].

In object recognition, classification is a vital task where ML or deep
neural network (DNN) based classifiers are widely applied. Research
on such classifiers has been mostly focused on achieving ever higher
classification accuracy. The resulting complex classifiers, which have
numerous layers and parameters designed to attain high accuracy, often
become bottlenecks in real-time applications, slowing down the system
and compromising its performance. A significant example is video
streaming at 60 frames per second (FPS), which requires each frame
to be processed within about 16 ms to compensate for any bottleneck.

Lightweight classifiers, on the other hand, are simpler models with
fewer parameters and faster inference times that can handle large
throughput but may fall short of the accuracy required for more com-
plicated jobs. This trade-off between computing efficiency and accuracy
is crucial for the system’s stable performance [2].

Furthermore, at the user level, these classifiers are commonly de-
ployed on edge devices, such as autonomous systems and robots. How-
ever, the resource constraints of edge devices exacerbate the challenge,
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requiring them to handle high computational demands with limited
processing power, energy, and memory. This underscores the need
for innovative techniques to balance execution time and accuracy in
real-time systems [3,4].

The limitations of current classification models highlight the impor-
tance of an efficient approach. Lightweight classifiers excel at speed,
making them ideal for simple cases with clear decision boundaries.
However, they lack the ability to handle complex data, resulting in
lower accuracy in difficult scenarios. However, high accuracy comes at
the cost of much higher processing times and computational resource
consumption from complex classifiers. This raises an important ques-
tion: should lightweight classifiers be completely replaced with more
accurate but slower models? Or is it possible to get a better solution by
strategically combining the two types? Similar to the aforementioned
video streaming system example, many frames could be accurately
classified by lightweight models. For the fewer complex frames, a
complex classifier may be required to ensure accuracy. This question
can be extended to medium-sized models with moderate/intermediate
classification accuracies — are they completely of no usage?

This insight motivates the development of an IDK (stands for “I
Don’t Know”) classifier cascade framework that combines complex and
lightweight classifiers to attain reasonable accuracy and computational
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efficiency. The IDK classifier cascade framework offers a systematic
method for addressing the trade-off between computational efficiency
and accuracy. In this framework, a classifier could normally produce
a predicted class or output an IDK decision if the confidence of its
prediction is low. An IDK cascade usually starts with a lightweight
classifier that can handle the majority of instances efficiently. If the
upstream classifier makes a high-confidence prediction, the result is
accepted without activating any following downstream classifier in the
cascade. However, if the confidence level falls below an acceptable
confidence threshold, the upstream classifier would return IDK and
the cascade would move forward to activate the next downstream
classifier, which is expected to provide more accurate prediction with
higher confidence as the cost of a high computation time. This process
continues until a confident prediction is made or the last classifier in
the cascade has been reached, which provides the highest accuracy but
has the highest computational cost.

The IDK classifier cascade framework was proposed in prior re-
search that emphasizes the trade-offs between model complexity, accu-
racy, and latency. In prior work, Baruah et al. [5] and Wang et al. [6]
investigated the feasibility of IDK classifiers, which enable models to
output an IDK decision when prediction confidence is low. This ap-
proach reduces unnecessary computations while increasing reliability
by escalating uncertain cases to more robust classifiers. Extensions of
this work, such as those by Abdelzaher et al. [7], concentrate on synthe-
sizing cascades with arbitrary dependencies between classifiers while
optimizing expected classification times under deadline constraints.
Similarly, Wang et al. [6] propose using augmenting classifiers to
measure uncertainty, emphasizing the utility of hybrid solutions that
combine lightweight and complex models.

The IDK cascade structure has numerous key advantages. By using
lightweight classifiers for simple inputs, the overall computational
cost is decreased, leaving resource-intensive models for more complex
scenarios. The architecture ensures that most inputs are processed
quickly, allowing for responsiveness in real-time applications like video
streaming and autonomous navigation. For complex inputs, the cas-
cade effortlessly progresses to more powerful classifiers, ensuring ac-
curacy without sacrificing efficiency. Furthermore, the framework can
be adapted to specific applications by modifying the cascade’s structure
and confidence threshold in response to task needs and resource restric-
tions. Finally, in resource-constrained situations such as edge devices,
the cascade makes optimal use of computational resources, allowing
for high-performance inference without relying on cloud-based process-
ing [5]. The IDK classifier cascade framework has significant implica-
tions for real-time systems in safety-critical and resource-constrained
environments. In autonomous vehicles, where instantaneous decisions
are crucial, the capacity to quickly process most inputs while allocating
extensive computations for infrequent, complex situations improves
both safety and efficiency. In video surveillance systems, lightweight
classifiers process routine frames, whereas advanced models evaluate
suspicious activity with higher accuracy. These applications illustrate
how IDK facilitates optimal utilization of resources, ensuring prompt
and reliable decisions.

Overall, the IDK classifier cascade framework brings a substan-
tial advancement in enhancing real-time object recognition and data
streaming. By strategically integrating lightweight and complex mod-
els, it achieves a balance between computational efficiency and accu-
racy, tackling significant challenges in contemporary real-time systems.
The increasing demand for intelligent, resource-efficient systems ne-
cessitates the development and enhancement of hybrid approaches,
which will be crucial in addressing the requirements of next-generation
machine learning applications.

Contribution. This study presents a novel IDK classifier cascade
framework designed to optimize accuracy and average inference time
in real-time systems. Utilizing pre-trained deep neural network (DNN)
models, we modify them such that they will output ‘IDK’ when the
prediction confidence is below a certain threshold. The performance
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and total execution time of each classifier are evaluated, allowing for
the development of a hierarchical cascade that favors lightweight classi-
fiers for simpler cases and escalates more complex inputs to advanced
classifiers. This design provides efficient utilization of computational
resources while preserving higher prediction accuracy.

We implement and evaluate the IDK cascade framework on the
NVIDIA Jetson AGX Orin platform to validate the practicality of our
approach [8]. We adopt the Tiny Imagent dataset for the experi-
ments [9]. The results of this evaluation demonstrate how well the
cascades worked to lower average inference time while maintaining
good accuracy. Our framework provides a scalable and effective solu-
tion for real-time applications by combining lightweight and complex
classifiers, particularly in environments with limited resources and
safety concerns. This contribution establishes the groundwork for fu-
ture developments in hybrid decision-making frameworks for real-time
machine learning systems.

Organization. The rest of this paper is organized as follows: Sec-
tion 2 gives a background overview of IDK cascade. Section 3 describes
the methodology of our research. Section 4 illustrates the results and
evaluation, while Section 5 concludes our work.

2. IDK cascade
2.1. Related work

The IDK cascade framework is based on the foundational research
of Baruah et al. [5,10,11], which emphasizes the necessity of en-
hancing efficiency and accuracy in real-time classification tasks for
safety-critical systems. Their research highlights the inefficiencies of
employing complex classifiers for all inputs, particularly in applications
such as autonomous systems, where prompt decision making is essen-
tial. Lightweight classifiers, despite their computational efficiency, are
inadequate for processing complex inputs, resulting in lower accuracy.
In contrast, complex classifiers, while precise, involve a significant
computational cost and are inappropriate for resource-limited settings,
as evidenced by previous research [6].

The IDK classifier concept, presented by Baruah et al. [5] and sub-
sequently improved by Abdelzaher et al. [7], incorporates a self-aware
mechanism by which classifiers produce an IDK decision for predictions
with low confidence. This facilitates cascading by postponing ambigu-
ous classifications to later, more proficient classifiers, thereby ensuring
computational efficiency for simpler instances while achieving high
accuracy for complex scenarios. This hierarchical framework optimizes
resource utilization and ensures adherence to deadlines in real-time
tasks, as demonstrated in previous research on deadline-constrained
cascade synthesis.

Preliminary results of this work were presented in [12], where
we introduced a practical implementation of IDK classifier cascades.
That study empirically demonstrated that cascading IDK-enabled deep
neural networks can significantly accelerate inference while preserving
accuracy.

Our work extends foundational research by implementing and eval-
uating a practical IDK cascade framework. Unlike prior studies that
focus on theoretical scheduling, we empirically assess multiple IDK cas-
cades, demonstrating significant inference speedup while maintaining
high accuracy.

2.2. What is an IDK cascade

An IDK cascade is a structured framework for real-time classification
that processes inputs sequentially using a series of classifiers. Each clas-
sifier either makes a confident prediction or returns an IDK result and
passes the input to the next classifier in the sequence. This framework
achieves a balance of computational efficiency and accuracy by using
lightweight classifiers for simple inputs and complex classifiers for more
difficult ones. Fig. 1 illustrates the working principle of an IDK cascade.
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Fig. 1. An IDK cascade with classifier, C1, C2, C3, ...,Cn.

2.3. Decision rule

Each classifier in the cascade operates based on a confidence thresh-
old. Let C; represent the ith classifier in the cascade, and x denote an
input. The confidence score P(C;(x)) indicates the classifier’s proba-
bility in predicting the correct class. If this confidence score exceeds
a predefined threshold z;, the classifier outputs the predicted class y;.
Otherwise, it outputs the IDK class and passes x to the next classifier
C;,1- This can be denoted as:

Yis if P(Ci(x)) 21,

. (€]
IDK, if P(C(x)) < t,.

Output of C;(x) = {

Here:

* P(C;(x)): Confidence score of C; for input x,
+ 7;: Confidence threshold for C;,
+ y;: Predicted class by C;.

This ensures that lightweight classifiers process most inputs quickly,
escalating only less confident cases to more complex classifiers [10].

2.4. Expected inference time

The efficiency of the cascade is measured by its expected inference
time T, which is the average time taken to classify an input. This
is calculated as the weighted sum of the execution times 7; of each
classifier C;, where the weights represent the probabilities that an input
reaches C;:

n

T= Z Ppgi-1 - > @
i=1

where:

< n: Total number of classifiers in the cascade,

* Pppg,-;: Probability that an input reaching C;, derived from the
cumulative IDK rates of preceding classifiers,

t;: Execution time of C;.

The probability Ppk;_; is recursively calculated as:
Ppg; = P -1 - P(Ci(x) = IDK), 3

with Pk = 1, as all inputs initially start at C; [6].
2.5. Optimization of confidence thresholds

Confidence thresholds r; play a important role in balancing false
positives (unnecessary escalation to IDK) and false negatives (misclassi-
fications). Optimizing these thresholds ensures that the cascade reduces
inference time while maintaining accuracy. The optimization problem
can be stated as follows:

min T
T15T250- Ty

subject to A > A, (C))

where A, ;, is the minimum acceptable accuracy for the cascade [7].
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2.6. Workflow of an IDK cascade

1. Input Processing: The input x is initially evaluated by the
lightweight classifier C,. If P(C,(x)) > 7, the output is the
predicted class y;. Otherwise, C; outputs IDK, and x is passed
to C,.

2. Escalation: Each subsequent classifier C; processes the input x,
and makes a decision based on the confidence threshold z;. This
process repeats until a confident prediction is made or x reaches
the final classifier.

3. Final Classification: The final classifier C, ensures that all
inputs are classified, even if all previous classifiers output IDK.

2.7. Advantages

Computational Efficiency: Lightweight classifiers handle sim-
pler cases, resulting in shorter average inference times.
Accuracy: Escalating uncertain inputs to complex classifiers en-
sures acceptable high accuracy.

Adaptability: Confidence thresholds can be adjusted for specific
applications to balance efficiency and accuracy.

Real-Time Applicability: The framework is suitable for resource-
constrained systems, such as NVIDIA Jetson platforms, to ensure
reliable real-time performance [5].

2.8. Our considerations

Our IDK cascade was designed to use state-of-the-art classifiers
for object recognition tasks, including convolutional neural networks
(CNNs) and transformer-based models. These architectures were chosen
for their proven performance to achieve high accuracy on a wide
range of object recognition benchmarks [13]. To ensure the cascade’s
reliability, we used a systematic threshold search technique to calculate
the confidence threshold for each classifier. This step was critical for
balancing false positives and false negatives while accepting confident
predictions and escalating uncertain inputs to the next stage in the
cascade.

We used a sequential classification approach to design the cascade,
processing inputs frame by frame, which is equivalent batch size of
one. This decision was influenced by the intended use of the cascade
on resource-constrained edge devices. Edge devices, such as those used
in self-driving cars, are frequently required to handle multiple real-
time tasks at once. For example, these systems process data from a
variety of sensors, including LiDAR and radar, which all require real-
time computational resources. By avoiding batch processing or parallel
execution, we ensure that system utilization remains efficient, allowing
enough capacity for other critical tasks [14].

3. Methodology

In this section we present the experimental setup, the fine-tuning
of the pre-trained models, and the selection of classifiers based on
accuracy and inference time. We also define confidence thresholds for
decision making and detail the cascade synthesis process.

3.1. Setup

Our IDK cascade framework was designed with the goal of improv-
ing real-time classification performance on edge platforms. We chose
the NVIDIA Jetson AGX Orin developer kit with 2048-core NVIDIA
Ampere GPU, 64 Tensor cores, and dual NVDLA accelerators, making it
ideal for real-time tasks that require high computational efficiency and
low power consumption [8].

PyTorch was part of our experimental software stack. For evalua-
tion, we used the Tiny ImageNet dataset, a benchmark for multi-class
object recognition tasks. This dataset consists of 200 classes, each with
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500 training images and 50 validation images. Additionally, a valida-
tion set of 10,000 images was available [9]. For a better comparison
of our result with the state of the art, we use the original validation
set as the test set and divide the training set into 90% and 10% to
obtain a new training and validation set. This ensured that our models
were evaluated on previously unseen data, ensuring no data leakage
in testing process. The primary goal of this study was to create a
system capable of providing low-average inference time, high-accuracy
classification.

In addition, we evaluated our approach on the CIFAR-100 dataset
to assess the generalizability of the IDK cascade concept. CIFAR-100
contains 100 classes with 600 images per class and provides a comple-
mentary evaluation setting with lower-resolution images and a different
class distribution.

3.2. Fine-tuning pretrained models

We fine-tuned a diverse set of widely used, state-of-the-art ob-
ject recognition models to construct an efficient IDK cascade frame-
work. For experiments on the Tiny ImageNet dataset, we evaluated
AlexNet [15], ResNetl8 [16], VGG16 [17], Inception V3 [18],
SqueezeNet [19], EfficientNet [20], and Swin Transformer [21]. All
models were pretrained on the ImageNet dataset, and their final clas-
sification layers were adapted to produce predictions for 200 classes
corresponding to Tiny ImageNet. This ensured architectural diversity
while maintaining a consistent training and evaluation pipeline.

For experiments on the CIFAR-100 dataset, we fine-tuned AlexNet,
ResNet18, VGG16, SqueezeNet, EfficientNet, and Inception V3, while
excluding the Swin Transformer. Instead, we incorporated ConvNeXt
[22], a modernized convolutional architecture that has demonstrated
competitive performance with vision transformers on large-scale image
classification benchmarks. ConvNeXt preserves convolutional inductive
biases while adopting contemporary design choices, making it a strong
and widely used baseline for evaluating generalization across datasets
with differing image resolutions and class distributions.

For fine tuning, we used the Distributed Data Parallel (DDP)
paradigm to enable parallel training on multiple GPUs. This setup en-
sured optimal utilization of computational resources and significantly
accelerated the training process. The training was carried out on a
high performance server equipped with dual NVIDIA RTX A4000 GPUs.
The loss function for training was the loss of cross-entropy, which was
implemented with nn.CrossEntropyLoss (). Stochastic Gradient
Descent (SGD) was used as the optimizer, with a learning rate of
0.001 and a momentum of 0.9, to ensure effective gradient updates
for model convergence. The models were trained for 15 epochs, with
early stopping to prevent overfitting and ensure peak performance.
Early stopping tracked validation loss and stopped training when no
significant improvement was seen over successive epochs.

To improve the models’ generalization ability, we used advanced
training strategies such as learning rate scheduling, data augmen-
tation (random cropping, flipping, and color jittering), and dropout
regularization.

3.3. Selecting classifiers for IDK cascade

We chose classifiers for the IDK cascade based on accuracy versus
inference time. The goal was to find a balance by prioritizing higher
accuracy models with shorter inference times. To achieve this, we
empirically evaluated a set of fine-tuned classifiers and selected dataset-
specific cascades based on the performance metrics reported in Tables 1
and 2.
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Table 1
Performance metrics of classifiers after fine tuning (Tiny ImageNet).

Classifier Top 1 Accuracy (%) Average inference time (mS)
Alexnet 59.57 1.798

VGG 16 66.43 3.800

Squeezenet 40.88 5.055

Resnet 18 71.98 5.467

Efficientnet 79.22 17.830

Inception v3 45.90 23.700

Swin Transformer 89.56 45.428

Table 2

Performance metrics of classifiers after fine tuning (CIFAR-100).

Classifier Top 1 Accuracy (%) Average inference time (mS)
Alexnet 72.85 2.907

VGG 16 77.96 6.265

Squeezenet 70.19 7.665

Resnet 18 77.66 7.920

ConvNeXt 85.46 17.100

Efficientnet 85.75 27.324

Inception v3 72.24 35.938

3.3.1. Tiny ImageNet

Based on the data form Table 1, we chose AlexNet, VGG16,
ResNet18, EfficientNet, and Swin Transformer for inclusion in the
cascade.

AlexNet (59.19% accuracy, 1.798 ms inference time) was chosen
because of its extremely low inference cost, making it an excellent
candidate for the cascade’s initial stage. VGG16 (66.43% accuracy,
3.800 ms inference time) performed moderately. ResNetl18 (72.41%
accuracy, 5.467 ms inference time) was chosen for its high accuracy
while remaining computationally efficient. EfficientNet (79.45% accu-
racy, 17.830 ms inference time) produced a higher accuracy model
with a reasonable inference latency, making it appropriate for later
stages of the cascade. Finally, Swin Transformer (89.56% accuracy,
45.428 ms inference time) was selected as the cascade’s final classifier
because it achieved the highest accuracy while incurring a significant
computational cost, making it a reliable fallback for difficult cases.

In contrast, Inception V3, and SqueezeNet were excluded from the
cascade. Inception V3 (45.90% accuracy, 23.700 ms inference time)
had a long inference time compared to its accuracy, making it unsuit-
able. SqueezeNet (40.88% accuracy, 5.055 ms inference time) was the
least accurate of the models tested and did not justify its computational
cost in the cascade structure.

3.3.2. CIFAR-100

Classifier selection for the CIFAR-100 dataset was guided by the
performance metrics in Table 2. Based on this data, AlexNet, VGG16,
and ConvNeXt were selected for inclusion in the CIFAR-100 cascade.

AlexNet achieved a top-1 accuracy of 72.85% with the lowest
average inference time among all evaluated models (2.907 ms), making
it an effective first-stage classifier for rapidly processing simpler inputs.
VGG16 improved classification accuracy to 77.96% while maintaining
a relatively low inference time of 6.265 ms, offering a favorable balance
between accuracy gain and computational cost as an intermediate
stage. ConvNeXt provided a substantial increase in accuracy, achieving
85.46% top-1 accuracy with an average inference time of 17.100 ms,
and was therefore selected as the final stage of the cascade to handle
the most difficult samples.

Other models were excluded from the CIFAR-100 cascade due to
less favorable trade-offs. Although EfficientNet achieved a comparable
accuracy of 85.75%, its significantly higher average inference time
(27.324 ms) made it less suitable for inclusion. Inception V3 exhibited
a high inference cost (35.938 ms) without a corresponding accuracy
improvement, while SqueezeNet and ResNet18 offered lower accuracy
(70.19% and 77.66%, respectively) without sufficient advantages to
justify their inclusion.
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3.4. Confidence threshold

A threshold selection strategy that maximized the trade-off between
accuracy and computational efficiency was used to calculate the confi-
dence threshold for each classifier in the IDK cascade. The goal was to
construct a threshold value 7 so that predictions with confidence scores
above this threshold would be considered acceptable, while predictions
with lower confidence would indicate IDK and escalated to the next
classifier in the cascade. This procedure ensured that each classifier
only contributed to the final choice when its confidence was high
enough, reducing misclassifications and computational cost.

We used histogram plots of confidence values and distinguish be-
tween correct and incorrect classifications which are shown (only for
Tiny ImageNet data, as we followed exactly the same approach for
CIFAR-100 data) in Figs. 2, 3, 4, 5 and 6. This visualization helped
to determine how well the confidence scores matched classification ac-
curacy and provided an optimal threshold. A larger difference between
the confidence distributions of the correct and incorrect classifications
indicated a well-trained model, where high confidence predictions are
more likely to be correct.

To determine the optimal confidence threshold, we used the vali-
dation data in our selected classifiers. The accuracy A(r) for a given
threshold r was computed as:

A(T) = zxecorrect I(C(x)>7)
Y xecorrect LHCE)>T)+Y  cincorrect 1(C(X)>T)

(5)
where:

« I(C(x) > 7) is an indicator function that takes the value 1 if
the confidence score of prediction C(x) is greater than z, and O
otherwise.

+ x € correct represents correctly classified samples.

+ x € incorrect represents incorrectly classified samples.

This algorithm iterated all samples that are sorted by confidence
values in decreasing order and evaluated the accuracy A(r) among
the subset of samples with confidence at or above a given confidence
threshold. We call this accuracy over the more confident subset of
samples only as the precision of this classifier to be consistent with
the terminology in prior work [7]. Please note that the samples with
confidence lower than the confidence threshold are to be classified as
IDK. Therefore, the precision of a classifier is indeed its accuracy over
the set of samples for which it does not classify as IDK. That is, for each
classifier and for each desired precision, a confidence threshold can be
determined accordingly.

This confidence-based thresholding mechanism ensured that each
classifier in the IDK cascade only accepted predictions it was confi-
dent about. By imposing a minimum confidence requirement, the cas-
cade effectively reduced misclassifications while efficiently escalating
uncertain cases to more complex classifiers.

3.5. Synthesis of IDK cascade

The IDK cascade was created by carefully selecting and sequenc-
ing classifiers according to their inference time. The chosen models
were arranged in a progressive cascade to prioritize computational
efficiency. The sequence was chosen so that the fastest models was at
the top, allowing for quick classification of simple inputs, while more
complex models were positioned further down the cascade to handle
more difficult cases.

Each classifier’s confidence threshold was predefined, so a model
would only accept a prediction if its confidence exceeded the threshold.
Otherwise, it produces an IDK result and the input was forwarded to the
next model in the cascade. This threshold-based approach optimized
the balance between computational efficiency and prediction accuracy.

During inference, each input frame was processed sequentially
through the cascade. Single frame inference which is equivalent to
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Fig. 2. Frequency distribution of output confidence in validation data by
Alexnet (Tiny ImageNet).

Output Confidence Distribution using VGG16
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Fig. 3. Frequency distribution of output confidence in validation data by
VGG16 (Tiny ImageNet).

Output Confidence Distribution using Resnetl8
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Fig. 4. Frequency distribution of output confidence in validation data by
Resnet18 (Tiny ImageNet).

batch size of 1 was used to keep total system utilization lower as
there might be some other tasks simultaneousy in a real-time-system.
We designed and evaluated four different cascade configurations for
the Tiny ImageNet data, as illustrated in Figs. 7(a), 7(b), 7(c), and
7(d). For the CIFAR-100 data we evaluated two cascade configurations,
illustrated in Figs. 8(a) and 8(b). In each cascade, lightweight classifiers
were positioned at the initial stages to handle simpler inputs efficiently,
while more complex models were placed progressively deeper in the
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Output Confidence Distribution using Efficientnet
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Fig. 5. Frequency distribution of output confidence in validation data by
Efficinetnet (Tiny ImageNet).

Output Confidence Distribution using Swin Transformer 100
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Fig. 6. Frequency distribution of output confidence in validation data by Swin
Transformer (Tiny ImageNet).

hierarchy to process more challenging cases. Notably, the last classifier
in each cascade did not require a confidence threshold, as all its
predictions should be considered as final output.

To ensure efficient model execution, each classifier was loaded with
pretrained weights, adjusted to match the dataset structure, and then
set to the evaluation mode. The cascade significantly reduced overall
inference costs because early-stage models confidently classified the
majority of images, reducing the need for computationally expensive
models.

We prioritized low-latency predictions by structuring the cascade
with a progressive complexity strategy, escalating uncertain cases to
more sophisticated models only when necessary. This design provided
an optimal balance of speed and accuracy, making the IDK cascade
ideal for real-time object recognition on edge devices.

4. Results and evaluation

This section we present the results analysis of our experiments. We
discuss the impact of IDK cascades on classification accuracy, inference
time, and overall efficiency.

Individual Classifier Performance. The individual classifier per-
formance reported in Tables 1 and 2 provides insight into the accuracy
versus inference time trade-offs across models and datasets. The results
reveal a clear trend of higher model complexity that generally leads
to improved classification accuracy, but at a significantly increased
inference time.
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On Tiny ImageNet (Table 1), AlexNet achieves 59.57% accuracy
with a very low inference time of 1.798 ms, making it suitable for
time-critical scenarios but limited in handling complex features. VGG16
improves accuracy to 66.43% at 3.800 ms, while ResNetl8 offers
a stronger balance with 71.98% accuracy at 5.467 ms. SqueezeNet
(40.88%, 5.055 ms) and Inception V3 (45.90%, 23.700 ms) show
less favorable accuracy-inference time trade-offs. More complex mod-
els provide higher accuracy at significantly higher cost: EfficientNet
reaches 79.22% at 17.830 ms, and Swin Transformer achieves the best
accuracy of 89.56% but with a much higher latency of 45.428 ms.

A similar trend appears on CIFAR-100 (Table 2). AlexNet provides
fast inference (72.85%, 2.907 ms), while VGG16 (77.96%, 6.265 ms)
and ResNet18 (77.66%, 7.920 ms) offer improved accuracy with mod-
erate inference time. SqueezeNet (70.19%, 7.665 ms) and Inception V3
(72.24%, 35.938 ms) are less efficient relative to their cost. Among
higher-capacity models, ConvNeXt achieves 85.46% accuracy at
17.100 ms, offering a strong balance, while EfficientNet slightly im-
proves accuracy to 85.75% but with a higher inference time of 27.324
ms.

Overall, these findings highlight the intrinsic trade-off between
accuracy and computational cost across both datasets. Lightweight
models such as AlexNet, VGG16, and ResNet18 are better suited for
faster inference where inference time is critical, while more complex
architectures such as EfficientNet, ConvNeXt, and Swin Transformer are
more appropriate for high-confidence decision stages where accuracy is
prioritized over speed.

Performance of IDK Cascades. In Tiny ImageNet data Fig. 10
shows that the cascades achieve accuracy close to that of the most
complex standalone model, while maintaining lower inference times,
as illustrated in Fig. 9. This demonstrates the effectiveness of the
cascade strategy in balancing predictive performance with inference
time constraints.

IDK Cascade 1 (precision = 91%), which predominantly relies on
lightweight models such as AlexNet and ResNet18, achieves an accu-
racy of 83.14% with an average inference time of 17.612 ms. This
indicates that a large proportion of inputs can be classified confidently
using low-cost models, significantly reducing computational overhead.
As the confidence threshold increases, IDK Cascade 2 (precision =
93%) improves accuracy to 85.09% with only a moderate increase
in inference time to 20.686 ms, showing that selectively forwarding
more uncertain inputs to EfficientNet refines predictions with limited
latency impact. A more pronounced shift is observed in IDK Cascade 3
(precision = 96%), which achieves 87.96% accuracy at 26.785 ms,
reflecting increased utilization of Swin Transformer for more ambigu-
ous cases. Finally, IDK Cascade 4 (precision = 98%) reaches 89.35%
accuracy, closely matching the standalone Swin Transformer accuracy
of 89.56%, but with an inference time of 33.126 ms, representing a
27% reduction compared to Swin Transformer’s standalone latency of
45.428 ms. This demonstrates that the cascade preserves high accuracy
while substantially lowering average inference time, making it well
suited for resource-constrained environments such as edge devices and
embedded AI systems.

The CIFAR-100 results also show that the IDK cascades achieve ac-
curacy close to high-complexity standalone models while significantly
reducing inference time (Figs. 12 and 11).

For Cascade 1, a lower confidence threshold (precision=92%) al-
lows most inputs to be processed by lightweight classifiers, achieving
83.98% accuracy with an average inference time of only 2.88 ms.
This indicates that a substantial portion of CIFAR-100 samples can be
classified without invoking deeper models, minimizing computational
cost. Increasing the precision to 95% improves accuracy to 84.77% with
a modest rise in latency to 4.06 ms, demonstrating that forwarding
uncertain inputs to deeper stages yields accuracy gains with limited
overhead. At a 98% precision, Cascade 1 reaches 85.33% accuracy but
requires 20.36 ms, reflecting heavier reliance on ConvNeXt for difficult
samples. Cascade 2 shows a similar pattern, where accuracy increases
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from 83.08% at 92% precision (3.30 ms) to 85.46% at 98% precision
(7.95 ms). Even at higher thresholds, both cascades maintain signifi-
cantly lower latency than running ConvNeXt (17.1 ms) or EfficientNet
(27.3 ms) independently, while achieving comparable accuracy.

An important observation is the adaptive behavior of cascades,
where deeper models are engaged only when necessary, resulting in
efficient use of complex classifiers. This is particularly beneficial for
applications that require low-latency inference with an acceptable ac-
curacy. The results also show that incremental accuracy gains come at
progressively higher latency costs, emphasizing the need for careful
threshold tuning to balance efficiency and accuracy. Moreover, the
inference time variation shown in Figs. 9 and 11 indicates that deeper
models introduce greater latency variability.

Inference Time Distribution. The distribution of inference times
across individual classifiers and IDK cascades, as shown in Figs. 9 and
11, demonstrates the clear computational efficiency benefits of the
cascading approach on both Tiny ImageNet and CIFAR-100. On Tiny
ImageNet, lightweight models such as AlexNet and ResNet18 exhibit
low variance in inference time with mean values of 1.798 ms and

5.467 ms, respectively, due to their relatively simple architectures and
consistent execution behavior across inputs. In contrast, EfficientNet
and Swin Transformer show greater variability in inference time, with
mean values of 17.830 ms and 45.428 ms, respectively, reflecting their
higher computational complexity and more extensive feature extraction
mechanisms.

The IDK cascades significantly reduce overall inference time vari-
ance by invoking complex models only when necessary, allowing most
inputs to be processed efficiently by lightweight classifiers.

A similar trend is observed on CIFAR-100. Lightweight models such
as AlexNet (2.907 ms) and VGG16 (6.265 ms) demonstrate stable
and low-latency behavior, while more complex models like ConvNeXt
(17.100 ms) and EfficientNet (27.324 ms) exhibit higher latency and
greater variability. The CIFAR-100 cascades maintain low average in-
ference times at moderate confidence thresholds by classifying most
samples in early stages.

Impact of Different Thresholds for a Cascade. The choice of
confidence thresholds in the IDK classifier cascade plays a critical
role in balancing inference speed and classification accuracy on both
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Tiny ImageNet and CIFAR-100. As shown in Table 3 and reflected
in the accuracy and latency trends in Figs. 9, 10, 11, and 12, lower
confidence thresholds allow lightweight classifiers to handle the ma-
jority of inputs with minimal inference time. However, this comes at
the cost of reduced accuracy, since fewer samples are escalated to
deeper models that can extract more discriminative features. Increasing
the confidence threshold pushes more uncertain inputs to later stages
of the cascade, improving overall accuracy but incurring additional
computational overhead.

On Tiny ImageNet, IDK Cascade 3 (precision = 95%) achieves a
strong balance, reaching 86.85% accuracy with an average inference
time of 8.681 ms. This makes it particularly suitable for scenarios
requiring both responsiveness and reliable classification performance.
A similar trade-off is observed on CIFAR-100. For example, Cascade 1
improves from 83.98% accuracy at a precision of 92% (2.88 ms) to
84.77% at precison 95% (4.06 ms), and further to 85.33% at 98% preci-
sion (20.36 ms). This demonstrates that moderate thresholds effectively
control computational cost while still achieving high classification
accuracy.

The findings suggest that dynamic confidence threshold tuning
could further enhance efficiency, allowing cascades to adapt in real
time based on input complexity or system resource constraints. An
adaptive thresholding mechanism would enable automatic regulation
of the accuracy-latency trade-off, optimizing performance under vary-
ing workload conditions.

It is also important to note that although individual classifiers
operate at high precision levels (typically in the 92%-95% range),

the overall cascade accuracy can remain below 90%. This may appear
to contradict the observations in Sec. 6.6 and Table 14 of [7]. The
reason is that easier samples are often resolved by earlier, less powerful
classifiers, while later-stage models are exposed primarily to harder,
more ambiguous inputs. As a result, the effective precision of deeper
classifiers within the cascade may be lower than their standalone
precision. This highlights that individual classifier precision alone is
insufficient to predict overall cascade accuracy, and further analysis is
needed to better model these interactions.

Comparison with State-of-the-Art. On Tiny ImageNet, IDK Cas-
cade 1, which primarily relies on lightweight classifiers, achieves
83.14% accuracy and is 2.57x faster than the standalone Swin Trans-
former, reducing inference time from 45.428 ms to 17.612 ms. As
deeper models are incorporated, IDK Cascade 2 achieves 85.09% ac-
curacy with a 2.2x speedup, while IDK Cascade 3 reaches 87.96%
accuracy at approximately 1.7x the speed of Swin Transformer. IDK
Cascade 4, the most powerful configuration, achieves 89.35% accuracy,
closely matching Swin Transformer’s 89.56% accuracy but with a 27%
reduction in inference time (33.126 ms versus 45.428 ms). These results
confirm that cascades can preserve near state-of-the-art accuracy while
substantially lowering computational cost.

A similar efficiency trend is observed on CIFAR-100. For example,
at moderate thresholds, the cascades reach accuracy levels above 84%
with inference times below 5 ms, compared to 17.100 ms for ConvNeXt
and 27.324 ms for EfficientNet. Even at higher thresholds where Con-
vNeXt is engaged more frequently, the cascades maintain competitive
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accuracy while still reducing average inference time compared to exe-
cuting the deepest models on every input. This demonstrates that the
cascading strategy generalizes well across datasets of different scales
and complexities.

One of the primary conclusions from these findings is that IDK
cascades achieve computational efficiency through hierarchical orga-
nization. Lightweight models handle the majority of inputs, while
deeper models are engaged only when necessary, substantially reducing
average inference time without sacrificing accuracy.

Additionally, the IDK Cascade framework is scalable across dif-
ferent accuracy requirements. By adjusting confidence thresholds, the
cascades dynamically adapt to varying classification difficulty levels,
making them well suited for deployment on edge computing platforms
such as the NVIDIA Jetson AGX Orin, where computational resources
are limited. The observed speedups relative to high-complexity models
highlight how cascades make advanced deep learning architectures
more practical for real-world, latency-sensitive scenarios.

We also observed that although the final classifier in the Tiny
ImageNet cascades is the Swin Transformer with a standalone accuracy
of 89.56%, none of the cascades fully reaches this value. This occurs
because earlier, faster classifiers with slightly lower precision handle
many inputs, including some borderline cases that could otherwise ben-
efit from deeper processing. As a result, incorporating high-precision
but lightweight classifiers slightly reduces the overall cascade accuracy.

The IDK cascades do not enforce a strict deadline for each individual
sample. Instead, they are designed to minimize the average inference
time across the entire test set. However, in real-world scenarios like
autonomous driving, inputs often come in sequences that are tem-
porally correlated, where similar or complex scenes can appear back
to back. When that happens, several images in a row may need to
go through the entire cascade, causing short bursts of higher latency
and reducing the efficiency gains seen under typical conditions. This
points to an important consideration for real-world deployment: while
cascades perform well for average workloads, system designers may



LJ. Ratul et al.

Table 3
Image distribution in IDK cascade 4 among 10000 test data (Tiny ImageNet).

Precision Alexnet Resnet 18 Efficientnet Swin Transformer
92% 3801 2694 1685 1820
95% 3120 2537 1678 2665
98% 2259 2037 1510 4194

need to use buffering, or adaptive thresholding to keep performance
consistent.

Overall, while IDK cascades offer a strong trade-off between com-
putational cost and accuracy, confidence threshold selection remains a
key factor in achieving optimal performance. The scalability of cascades
is not limited to only a few cascade configurations; we can easily
incorporate any other model into the cascade without hurting it. The
ability to dynamically route inputs based on model confidence opens
opportunities for intelligent, context-aware Al systems that efficiently
balance performance and resource usage.

5. Conclusion

In this work, we present the IDK Cascade and evaluate its per-
formance in real-time Al applications, where achieving both speed
and accuracy is challenging, faster models often lack reliability, while
more accurate models come with higher computational costs. Our
IDK cascade framework bridges this gap by intelligently deciding how
much computation each input actually needs. Instead of running every
input through a heavy deep learning model, our approach starts with
lightweight classifiers and only escalates to more complex models when
necessary. This way, we reduce average inference time while still
ensuring accurate predictions, making Al inference on edge devices
both efficient and reliable.

Unlike a single classifier, not every input requires the same amount
of computation to achieve a confident prediction. By leveraging a
confidence-based decision mechanism, the IDK cascade processes most
inputs quickly, keeping computational costs low while preserving accu-
racy for more challenging cases. The results show that our framework
provides a flexible trade-off to achieve higher accuracy at a greater
computational cost or opt for a moderate yet acceptable accuracy at a
significantly faster inference speed. Beyond just performance gains, our
framework is scalable and flexible, meaning it can easily be extended
to new models or tailored for different AI tasks. Whether it is for
autonomous systems, industrial automation, or real-time surveillance,
the IDK cascade provides a practical and efficient solution for Al
applications that demand both speed and accuracy.

6. Future work

Future work will focus on developing more efficient algorithms for
synthesizing IDK cascades. We intend to create an adaptive threshold
selection approach.

We will also broaden our experiments to video data, looking into
frame-wise decision propagation. Additionally, we want to include
more system performance metrics.
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