
BICEC: Attachable Classification-Based Intelligent Control for 
Sustainable Computer Vision Systems

Motivation AI Vision Systems

System Control via Intelligent Methods

Branched Binary Classification Network

• Backbone: Built on EfficientNetV2 [2] – lightweight design prevents bottlenecks; 
optimized for both width and depth scaling.

• Activation conditions: BICEC learns when model-specific conditions are present 
in the input.

• Branched architecture: Enables precise learning of individual model conditions 
and forms the basis for BICEC’s adaptive, expandable design.

• Binary threshold: Tunable after training to control model activation sensitivity.

Training

Main Results

Future Changes

Branch accuracy before and after branch adaption.

BICEC model size and GFLOPS after scaling: 

Increasing α enables lower BICEC size which can 

alleviate system bottlenecks. 

Branch addition results: Accuracy (A), Network (Net), Branch (Br), Branch after scaling (Br-S). We observed 

branch addition also improved the performance of BICEC’s prior branches. We note that accuracy, CMA, and scale 

(and thus overall network size), as with Br₁ to Br₄, are strongly influenced by the activation condition.

Adjusting binary threshold: Setting a lower binary 

threshold improves the chance that both correct and 

incorrect models will be activated.

Average energy and inference costs per model: This is the average cost per input, standard shows 

the IRT vision systems without BICEC. For our IRT we found a total model energy consumption 

reduction of 52.1% and total inference time reduction of 54.7%.

Individual branch attention plots: We see each branch focusing on different but activation condition 

relevant information within the image.

Phase 1 Base creation

Split EfficientNet-B0 blocks into 1–5 (shared base) and block 

6 (branch-specific). Load pre-trained EfficientNetV2-B0 

weights. During training: 

• Branches update their own layers independently

• Shared base updates via combined loss

Phase 2 Branch adaption

Set a tolerance threshold (α) for accuracy drop. For each 

branch:

• Find minimal width/depth maintaining accuracy ≥ (baseline 

– α)

• Initialize scaled branch with weights from Phase 1 (uniform 

element selection [3])

Branch addition

Integrate new branches for new system vision models:

• Step: Train new branch (shared base frozen)

• Pull: Freeze new branch, update shared base using 

combined loss of all branches

1. We may wish to use multiple domains

2. Available models may collaboratively 

be able to perform the AI system 

requirements

3. It may be difficult to create a single 

model that encapsulates all 

functionalities

4. Function-specific modulation may 

enhance system performance

• Intelligent control has proven effective in reducing resource 

usage in non-intelligent systems

• It is important to regulate multi-model AI systems, where 

redundant processing creates excessive consumption

• BICEC (Binary Image Classification Evaluative Controller) 

and its predecessor SICEC [1], initiates a line of research 

into intelligent redundancy reduction

• BICEC: An attachable controller which learns activation 

conditions → condition present → model receives input

Correct and Incorrect Model Activation (CMA / IMA): How often 
a BICEC branch correctly or incorrectly activates a model  

BICEC example activations.

IRT Functions and Activation Conditions

Task and Data

Input Relevance Task (IRT): Human-centric task with four 

base functions (IRT-B) and two extended functions (IRT-E)

We reuse datasets from the system pre-trained models. Since 

BICEC uses binary, independent classification, each branch 

only requires positive and negative examples.

Sustainable AI: Identifying irrelevant inputs enables input 

skipping, leading to reduced computational load and energy 

consumption

Rising inference costs: The accumulated and individual 

inference costs of AI is increasing

Modular systems: Fine-grained control over system 

components can improve efficiency, flexibility, and 

sustainability
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• Switching to vision transformer backbone

• Expanding the rule set

• Generalized model relevance

• Testing more multi-model systems
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