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Abstract 

This pilot study evaluates whether a compact student model can approximate VMAF well enough to support 

low-latency release guarding on edge-class CPU environments. The corpus comprises a 62.31-second Big 

Buck Bunny excerpt at 1280 × 720 and 25 fps, segmented into 13 shots. Twelve distorted variants were 

generated by crossing H.264/AVC and H.265/HEVC with 180p, 240p, and 360p delivery resolutions and 

two quality levels per codec-resolution pair, yielding 156 shot-level samples. Frame-level VMAF scores 

were aggregated into shot-level teacher labels, and a student proxy consumed 14 low-cost no-reference 

features derived from decoded frames and stream metadata. Shot-grouped five-fold cross-validation was 

used to prevent content leakage across train-test splits. On this corpus, a 50-tree gradient-boosted decision 

tree achieved MAE = 6.56 VMAF points, RMSE = 8.32, and Pearson r = 0.913. Relative to simple 

regressors, the student reduced MAE by approximately 21.5% versus bitrate-only regression and 10.7% 

versus metadata-only regression. In a single CPU-only benchmark, predictor latency was 0.484 ms per 

sample and the full decode-feature-predict chain averaged 42.61 ms versus 1117.41 ms for the teacher, 

corresponding to a 26.22× end-to-end speed-up. As a thresholded guard, the same student reached F1 = 

0.826, 0.893, and 0.900 at 60, 70, and 80 VMAF respectively. These findings support the feasibility of a 

practical edge proxy on this specific pilot corpus, but they should not be interpreted as broad generalization 

across content classes or production ladders. The paper also introduces an LLM-ready token interface 

intended for downstream reporting rather than for replacing the underlying quality measurement. 

 

Keywords: VMAF Distillation, Edge Video Quality Prediction, Quality Guard, Regression Detection, 

H.264/AVC, H.265/HEVC, LLM-Ready Quality Tokens.  

 

I. INTRODUCTION 

Perceptual video quality remains central to modern streaming systems because network operators, 

encoder teams, and product engineers all need a scalar that tracks what viewers actually notice 

(Benjamin et al., 2026; Malolo et al., 2025; Tan et al., 2026). Traditional fidelity measures such 

as PSNR are cheap to compute, but they do not consistently match perceived quality under 

practical compression and scaling conditions. SSIM, MS-SSIM, and information-theoretic 

measures improved that situation, yet operational streaming systems still benefit from a model 

that fuses multiple perceptual cues rather than relying on a single pixel-domain statistic (Wang et 

al., 2004; Wang et al., 2003; Sheikh & Bovik, 2006; Huynh-Thu & Ghanbari, 2008). 

VMAF changed the engineering landscape by combining multiple quality-aware features inside 

a supervised fusion model and by being released as openly usable software for large-scale 

streaming optimization (Li et al., 2016; Netflix, 2025a). Its strength, however, is also its 

deployment constraint. Full-reference scoring requires access to a pristine source as well as 

https://issn.brin.go.id/terbit/detail/20220817090639854
https://issn.brin.go.id/terbit/detail/20220817110629833
https://doi.org/10.51903/jtie.v4i2.522
mailto:hw65@rice.edu


 
 
 
 

   

Distilling VMAF into an Edge-Deployable Quality Predictor … 

 

448      Journal of Technology Informatics and Engineering (JTIE), Vol. 4 No. 2, August 2025 
 
  
 
 

nontrivial compute, which makes continuous client-side or edge-side monitoring expensive in the 

exact environments where instant release gates and regression alarms are valuable (Aaron et al., 

2015; Rassool, 2017). 

The research question addressed here is therefore not whether VMAF is useful, but whether 

enough of its signal can be transferred into a bounded, interpretable student model that runs 

quickly on modest hardware. Distillation offers the right conceptual template: a stronger teacher 

establishes the supervisory signal, while a smaller student absorbs the behavior that matters for 

deployment (Hinton et al., 2015). In this application, the relevant behavior is not class prediction 

but teacher-aligned quality ranking, calibration near operational thresholds, and robustness to 

codec and resolution changes. 

A second requirement is operational explainability. Large language models are increasingly used 

to summarize telemetry, generate release notes, and explain incident clusters, but they are not a 

substitute for deterministic signal measurement. The more defensible architecture is to let a 

compact edge model estimate perceptual quality and then expose a small set of semantically 

meaningful tokens—such as predicted VMAF, guard band, codec, resolution, and a heuristic issue 

label—to the language model for reporting and workflow assistance (Brown et al., 2020; Devlin 

et al., 2019). 

This paper contributes a tightly scoped pilot study rather than a universal benchmark. It evaluates 

a single-content, shot-level corpus derived from Big Buck Bunny, compares a compact student 

against stronger and weaker baselines, reports accuracy and latency trade-offs, and formalizes a 

token interface for downstream automation. The paper deliberately tempers its claims: the goal is 

to test feasibility on a controlled corpus, not to claim production-readiness across arbitrary 

content. 

II. LITERATURE REVIEW 

Research on objective video quality evolved from simple error visibility toward metrics that better 

reflect human judgment. SSIM and MS-SSIM replaced pure pixel-error thinking with structure-

aware comparison, while VIF framed quality in terms of information fidelity (Wang et al., 2004; 

Wang et al., 2003; Sheikh & Bovik, 2006). Later work on detail loss (Li, 2024) and additive 

impairment decomposition further clarified why compression artifacts and downscaling need 

multi-cue treatment rather than a single distortion score (Li et al., 2011). 

Fusion-based learning provided the next step for practical video quality estimation. VMAF 

follows this logic at industrial scale: it combines multiple elementary features inside a learned 

model and has been maintained as an open ecosystem that includes model documentation, 
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software tooling, and best-practice guidance (Li et al., 2016; Netflix, 2025a; Netflix, 2025b). 

Academic follow-up work has extended or validated the framework in recurrent, spatiotemporal, 

and other application settings (Rassool, 2017; Bampis et al., 2018; Bampis et al., 2019). 

At the same time, the edge-deployment gap remains clear. Full-reference VMAF is powerful 

precisely because it compares reference and distorted streams, yet that requirement is awkward 

for mobile telemetry, lightweight clients, and embedded systems (Chen et al., 2024). No-reference 

image quality models such as BRISQUE and NIQE demonstrate that lightweight quality 

prediction is possible without a reference, but their targets and assumptions are different from 

teacher-specific streaming proxies (Mittal et al., 2012; Mittal et al., 2013). The present study 

therefore focuses on distilling a specific teacher signal rather than on proposing a generic blind 

quality metric. 

Efficient deployment research also informs the choice of student architecture. Distillation reduces 

the serving cost of stronger teachers, while compact model design and compression techniques 

show that memory footprint matters alongside arithmetic cost in real systems (Hinton et al., 2015; 

Han et al., 2016; Howard et al., 2017; Tan & Le, 2019). Because this problem is already structured 

by domain knowledge, the question is whether low-cost handcrafted features plus a small non-

linear learner are sufficient. A boosted tree is a natural candidate because it captures non-linear 

interactions without the deployment overhead of frame-level neural inference. 

Finally, subjective-quality standards remain important even when the present study does not run 

a new human study. The meaning of poor, fair, good, and excellent quality still traces back to 

established subjective methodologies such as ITU-R BT.500 and ITU-T P.910 (ITU-R, 2019; 

ITU-T, 2023). For a proxy intended for alerting rather than for basic research only, preserving 

decisions near operational thresholds is therefore as important as minimizing regression error. 

III. RESEARCH METHOD 

A. Corpus and Distortion Ladder 

The experiment used a 62.31-second excerpt of Big Buck Bunny, an openly available animated 

short released by the Blender Foundation, as the reference corpus (Blender Foundation, 2008). 

The excerpt was kept at 1280 × 720 and 25 fps and segmented into 13 shots. Shot identity was 

treated as the atomic unit for training and validation because release-engineering triage is typically 

performed on short intervals rather than on isolated frames. 

The distortion ladder crossed two codecs, three delivery resolutions, and two quality levels per 

codec-resolution pair. Specifically, the study evaluated H.264/AVC and H.265/HEVC at 180p, 

240p, and 360p, with one low and one high quality rung at each codec-resolution combination. 
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Multiplying the 12 variants by 13 shots yielded 156 shot-level samples. The comprehensive 

dataset parameters are summarized in Table 1, while the detailed characteristics and inventory of 

each shot are provided in Table 2 and visualized in Figure 1. 

Table 1. Dataset Summary 
Item Value 

Reference content Big Buck Bunny excerpt 

Reference duration 62.31 s 

Reference resolution 1280 × 720 

Frame rate 25 fps 

Shot segments 13 

Distorted variants 12 

Total shot-level samples 156 

Teacher label Frame-level VMAF aggregated to shot-level weighted mean 

Student input budget 14 low-cost features + metadata 

Validation protocol GroupKFold (5), grouped by shot 

Deployment target Edge-class CPU proxy + server-side reporting layer 
 

Table 2. Shot Inventory of the Big Buck Bunny Excerpt 
Shot Start (s) End (s) Duration (s) Motion Texture Difficulty 

S01 0 4.86 4.86 Low Medium Low 

S02 4.86 10.28 5.42 Medium Medium Medium 

S03 10.28 14.46 4.18 Medium High Medium 

S04 14.46 18.43 3.97 Low Medium Low 

S05 18.43 24.34 5.91 Medium High Medium 

S06 24.34 28.78 4.44 High High High 

S07 28.78 34.04 5.26 Low Medium Medium 

S08 34.04 39.07 5.03 High High High 

S09 39.07 42.95 3.88 High High High 

S10 42.95 47.67 4.72 Medium Medium Medium 

S11 47.67 51.98 4.31 Low Medium Low 

S12 51.98 57.1 5.12 Low Low Low 

S13 57.1 62.31 5.21 Medium Medium Medium 
 

 
Figure 1. Shot Segmentation of the 62.31-Second Excerpt 

B. Teacher Scoring 

Teacher labels were produced with the open VMAF ecosystem while using the PyTorch re-

implementation described by (Aistov & Koroteev, 2023) for experimentation. That 

implementation reports discrepancies on the order of 10-2 VMAF units relative to libvmaf, which 

is negligible for the present shot-level task. Because the distorted encodes had lower native 

resolutions than the 720p reference, each distorted stream was rescaled back to the reference 

resolution before scoring. This clarification is essential: official VMAF documentation notes that 
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the default model is trained on distorted videos that are rescaled to the display resolution, and the 

FFmpeg/libvmaf examples likewise upsample lower-resolution distorted inputs before 

comparison (Netflix, 2025b; Netflix, 2025c). 

Table 3. Shot-Unweighted Variant Means for the Encoding Ladder 
Codec Resolution Quality level CRF Mean bitrate (kb/s) Mean VMAF 

H.264 180p Low 42 179 29.92 

H.265 180p Low 44 152 35.43 

H.264 180p High 38 312 50.8 

H.265 180p High 40 263 56.74 

H.264 240p Low 40 342 48.74 

H.265 240p Low 42 288 56.23 

H.264 240p High 36 608 66.1 

H.265 240p High 38 514 71.14 

H.264 360p Low 30 986 90.69 

H.265 360p Low 32 833 93.56 

H.264 360p High 26 1478 94.2 

H.265 360p High 28 1252 98.2 
Note. Table 3 reports simple means across the 13 shots. Later paired codec deltas use duration-weighted means, so the bitrate figures 

need not match exactly after rounding. 

Frame-level teacher scores were aggregated into shot-level labels using duration-weighted 

averaging. Table 3 reports shot-unweighted means across the 13 shots for each variant. By 

contrast, the matched codec-pair comparison later in the paper uses duration-weighted means at 

the pair level; small bitrate differences between those tables are therefore expected and are not 

errors. The deployment workflow for this system is illustrated in Figure 2, while the resulting 

bitrate-quality relationship across all variants is visualized in Figure 3. 

 
Figure 2. Teacher-Student-Quality-Token Deployment Workflow 

C. Student Representation 

The student model did not consume raw pixel patches directly. Instead, it used 14 low-cost 

features chosen for edge practicality and perceptual relevance. Three features came from 

metadata: log shot bitrate, reference-to-delivery scale ratio, and a binary H.265 flag. The 

remaining eleven features summarized luminance spread, contrast, gradient strength, spatial 

information, edge density, high-frequency variance, entropy, temporal change, and blockiness. 

The objective was not to reproduce VMAF’s internal feature set exactly, but to capture the 
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perceptual dimensions most affected by streaming-like distortions using features that can be 

computed cheaply from decoded frames. 

 
Figure 3. Mean Bitrate-Quality Ladder Across the 12 Variants; Markers Indicate Low (L) 

and High (H) Quality Rungs 

This representation deliberately bakes in domain structure. Bit allocation, downscaling severity, 

texture retention, motion stress, and blocking artifacts are all variables that strongly influence 

teacher behavior in codec ladders. If a small model can recover enough of that interaction 

structure, it can be useful even without access to the reference stream at deployment time. he 

specific set of lightweight features and their operational roles within the student proxy are detailed 

in Table 4. 

Table 4. Lightweight Feature Inventory Used by the Student Proxy 

Feature Family Compute cost Operational role 

log_shot_bitrate Metadata Very low Bit allocation proxy 

scale_ratio Metadata Very low Reference-to-delivery scale 

codec_h265 Metadata Very low Codec family flag 

mean_luma Spatial Low Average brightness 

std_luma Spatial Low Local luminance spread 

contrast_p95_p05 Spatial Low Contrast span 

sobel_mean Spatial Low Gradient strength 

spatial_info Spatial Low Scene detail density 

edge_density Spatial Low Edge occupancy 

laplacian_var Spatial Low High-frequency variance 

entropy Spatial Low Texture uncertainty 

temporal_diff Temporal Low Inter-frame motion energy 

temporal_std Temporal Low Temporal fluctuation 

blockiness Artifact Low Compression blocking severity 
 

D. Models, Validation, and Runtime Protocol 
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Seven predictive models were evaluated. The proposed deployment target was a compact 

gradient-boosted decision tree (GBDT) with 50 trees and roughly 350 nodes. A wider GBDT and 

a random forest were included as stronger non-linear baselines; a decision tree served as a 

minimalist baseline. Two linear baselines measured how much signal comes from bitrate alone 

or from bitrate plus scale and codec metadata. Finally, a tiny multilayer perceptron tested whether 

a small neural model justified its extra implementation complexity on this feature space. 

Validation used GroupKFold with five folds and shot identity as the grouping variable, so no shot 

appeared in both train and test partitions. This guard against content leakage is important because 

frame-derived statistics from adjacent frames or from the same shot are otherwise highly 

correlated. The primary metrics were mean absolute error (MAE), root mean squared error 

(RMSE), and Pearson correlation. MAE was emphasized because guardrail policies are usually 

discussed in absolute VMAF points. 

Runtime was benchmarked in a single CPU-only environment. The paper therefore treats absolute 

latency as machine-specific and uses it mainly to compare relative deployment cost across 

alternatives. Predictor-only latency and full-chain latency are reported separately because some 

production stacks already possess decode and feature-extraction stages for adjacent telemetry 

tasks. The comparative analysis of various model configurations, including their serialized sizes 

and predictor-only latencies, is presented in Table 5. 

Table 5. Model Configurations, Serialized Sizes, and Predictor-Only Latency 

Model Features Configuration 
Model size 

(KB) 

Predictor 

latency 

(ms/sample) 

Bitrate-only LR 1 Linear regression on log bitrate 0.25 0.017 

Metadata LR 3 
Linear regression on bitrate, 

scale, codec 
0.84 0.031 

Decision Tree 14 Depth 8, leaf size 2 5.42 0.081 

Student GBDT 14 50 trees, ~350 nodes 43.44 0.484 

Tiny MLP 14 2 hidden layers (24, 12) 97.91 0.612 

Reference GBDT 14 180 trees, wider ensemble 197.67 1.175 

Random Forest 14 400 trees 1785.76 15.520 
 

E. Guard Thresholds and Tokenization 

The proxy was also evaluated as an online guard at thresholds of 60, 70, and 80 VMAF. These 

cut points correspond to increasingly strict policies: reject clearly poor quality, gate borderline 

quality, and protect a higher quality target. Precision, recall, and F1 were computed on the same 

shot-level out-of-fold predictions used for regression scoring. To support AI-assisted operations, 

each shot prediction was serialized into a compact token containing shot identifier, codec, 

resolution, predicted VMAF, guard band, and a heuristic issue label. The issue label was assigned 

by deterministic rules over standardized features: high blockiness implied blockiness; low spatial-
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detail measures under aggressive scaling implied detail loss; elevated motion measures combined 

with low predicted quality implied motion stress; otherwise the shot was labeled none. These 

labels are explanatory heuristics, not ground-truth artifact annotations.  

IV. RESULT 

A. Teacher Landscape and Codec Effects 

The teacher labels spanned the intended operational range. Across the twelve variants, mean 

VMAF rose from 29.92 for H.264 at 180p-low to 98.20 for H.265 at 360p-high. This range is 

useful because it prevents the student from solving only a narrow, near-ceiling problem. At the 

same time, the corpus is small enough that the results should be read as a feasibility study rather 

than as a final benchmark. Within this excerpt and ladder, H.265 consistently improved quality at 

lower bitrate. The duration-weighted pairwise comparison shows an average bitrate saving of 

15.23% relative to H.264 together with a mean VMAF gain of 5.71 points. The gain is positive 

in every matched pair, although its magnitude varies by operating point. Because this result comes 

from one animated excerpt, it should be interpreted as evidence that codec identity matters to the 

student, not as a universal estimate of H.265 efficiency. 

Table 6. Duration-Weighted Matched Codec-Pair Comparison 
Matched 

Pair 

H.264 bitrate 

(kb/s) 

H.265 bitrate 

(kb/s) 

Bitrate saving 

(%) 

Weighted 

ΔVMAF 

180p-Low 179 152 15.08 5.51 

180p-High 312 263 15.71 5.94 

240p-Low 342 291 14.91 7.49 

240p-High 608 519 14.64 5.04 

360p-Low 986 832 15.62 2.87 

360p-High 1478 1251 15.36 7.41 

Average — — 15.23 5.71 
Note. Table 6 uses duration-weighted pairwise means. Small differences relative to Table 3 arise from weighting and rounding. 

 
Figure 4. H.265 Gains Relative to Matched H.264 Operating Points; Bars Show Weighted 

ΔVMAF and the Dashed Line Shows Bitrate Saving 
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The near-ceiling values in the 360p stratum deserve careful interpretation. They reflect this 

specific animated content, the chosen ladder, and the standard full-reference practice of 

comparing upscaled distorted streams to the reference. They should not be overgeneralized into a 

claim that 360p is generally visually transparent. The performance gains and bitrate savings 

achieved by H.265 over H.264 across these strata are summarized in Table 6 and further illustrated 

in Figure 4. 

B. Regression Performance 

Table 6 reports the main regression results. On this corpus, the random forest achieved the lowest 

MAE at 6.37, followed closely by the wider GBDT at 6.46. The proposed student GBDT reached 

MAE = 6.56, RMSE = 8.32, and Pearson r = 0.913. The absolute gap between the student and the 

best-performing baseline was only 0.19 MAE points, whereas the student remained dramatically 

smaller and faster than the heavier ensembles. 

Table 7. Overall Out-of-Fold Performance Across Model Families 
Model MAE RMSE Pearson r 

Random Forest 6.37 8.00 0.920 

Reference GBDT 6.46 8.14 0.917 

Student GBDT 6.56 8.32 0.913 

Metadata LR 7.35 9.02 0.896 

Decision Tree 7.70 9.89 0.872 

Bitrate-only LR 8.36 10.14 0.851 

Tiny MLP 9.44 12.38 0.807 
 

 
Figure 5. Overall Model MAE on the Shot-Grouped Evaluation. Lower is Better 

Relative to the simplest regressors, the compact student delivered a meaningful improvement. 

Based on the reported rounded values, MAE fell by approximately 10.7% versus metadata-only 
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regression and 21.5% versus bitrate-only regression. The tiny MLP did not justify its extra 

complexity on this feature set, which supports the choice of a compact tree ensemble as the default 

deployment artifact. No claim of statistical significance is made here. With only 13 content 

groups, fold-level variation can materially affect the exact ranking of closely performing models. 

The more defensible conclusion is operational: among the tested models, the student GBDT 

offered the most attractive accuracy-cost balance. The performance metrics for all evaluated 

model families are documented in Table 7, with their respective Mean Absolute Error (MAE) 

scores compared in Figure 5. 

C. Ablation and Stratified Behavior 

The ablation study clarifies what the student actually learned. Removing temporal features raised 

MAE from 6.56 to 7.01, while removing spatial-detail features raised it further to 7.22. Dropping 

blockiness or the codec flag also degraded performance. This pattern supports a multi-cue 

interpretation of the student: bitrate and scale matter, but motion, texture retention, blocking, and 

codec-aware interactions also contribute materially to teacher alignment. 

Table 8. Student Ablation Analysis 

Ablation setting MAE RMSE 

Student GBDT (full 14 features) 6.56 8.32 

Without temporal features 7.01 8.81 

Without spatial-detail features 7.22 9.03 

Without blockiness 6.88 8.61 

Without codec flag 6.91 8.76 

Metadata only 7.35 9.02 

Bitrate only 8.36 10.14 

 
Figure 6. Ablation Results for the Student Proxy. Parenthetical Values Indicate MAE 

Increase Relative to the Full 14-Feature Model 
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Stratified results tell a similar story. The student was slightly more accurate on H.265 than on 

H.264, and its error decreased as quality approached the ceiling in the 360p stratum. That trend is 

unsurprising, because the most heavily distorted rungs produce wider perceptual variation. The 

important point is that the student remained useful across the entire ladder rather than only at the 

top end. The contribution of individual feature families to this performance is analyzed via 

ablation in Table 8 and Figure 6, while the detailed accuracy metrics stratified by codec and 

resolution are provided in Table 9 and Table 10, respectively. 

Table 9. Student Accuracy Stratified by Codec 
Codec stratum Mean teacher VMAF Student MAE Student RMSE 

H.264/AVC 63.41 6.86 8.63 

H.265/HEVC 68.55 6.25 7.98 

D. Guarding and Deployment Trade-Offs 

The thresholded-guard results show that the proxy is useful for decision support, not merely for 

descriptive scoring. F1 ranged from 0.826 at 60 VMAF to 0.900 at 80 VMAF. The 70-VMAF 

threshold was a particularly balanced operating point, combining precision = 0.910 with F1 = 

0.893. For practical release engineering, this is often more important than squeezing a few tenths 

of a point from regression error. 

Table 10. Student Accuracy Stratified by Delivery Resolution 
Resolution stratum Mean teacher VMAF Student MAE Student RMSE 

180p 43.22 7.21 9.12 

240p 60.55 6.39 8.05 

360p 94.16 5.92 7.74 

Deployment measurements make the trade-off explicit. Predictor-only latency for the student 

GBDT was 0.484 ms per sample and the serialized model size was 43.44 KB. In the single-

machine CPU benchmark, the full decode-feature-predict chain averaged 42.61 ms compared 

with 1117.41 ms for the teacher, a 26.22× end-to-end speed-up. The bitrate-only and metadata-

only baselines were cheaper still, but their error was materially worse. The random forest was 

slightly more accurate yet much heavier in both model size and runtime. 

Table 11. Student GBDT Quality-Guard Performance 
Guard threshold Precision Recall F1 

60 0.818 0.833 0.826 

70 0.910 0.877 0.893 

80 0.873 0.928 0.900 

The token interface completed the intended workflow. A shot prediction could be converted into 

a compact record that an LLM (Sun et al., 2024) can summarize without re-running signal 

processing. That is the right division of labor for this paper: the proxy performs deterministic 

estimation, while the language model performs explanation. The present study does not evaluate 

the downstream LLM (Zhao et al., 2024) quantitatively; it validates only that the interface is 
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compact and semantically legible. he classification performance of the quality-guard is detailed 

in Table 11 and Figure 7, while the comparative deployment efficiency is analyzed in Table 12 

and Figure 8; finally, illustrative examples of the resulting LLM-ready tokens are presented in 

Table 13. 

 
Figure 7. Precision, Recall, and F1 Across the Three Guard Thresholds 

V. DISCUSSION 

Several limitations materially constrain the scope of the findings. First, the corpus contains only 

one animated source excerpt. Live action, camera noise, film grain, screen content, and device-

captured video could change both teacher behavior and feature usefulness. Second, the 

experiment uses only 13 shot groups. That is enough for a disciplined pilot with grouped 

validation, but it is too small for strong claims about statistical stability across content classes. 

Table 12. Deployment Latency and Footprint Comparison 

System 
Latency 

(ms/sample) 

Model size 

(KB) 

Speed-up vs 

teacher 

Teacher VMAF 1117.41 — 1.00× 

Bitrate-only proxy 31.82 0.25 35.12× 

Metadata proxy 34.60 0.84 32.30× 

Student GBDT (predictor only) 0.484 43.44 2308.70× 

Student GBDT full chain (decode + 

feature + predict) 
42.61 43.44 26.22× 

Reference GBDT full chain 43.31 197.67 25.80× 

Random Forest full chain 57.62 1785.76 19.39× 

Third, the distortion space is intentionally narrow: two codecs, three delivery resolutions, and two 

quality levels per pair. The paper therefore says little about AV1, VP9, rate-control modes beyond 

the chosen CRFs, rebuffering effects, display-adaptive models, or enhancement filters. Fourth, 



    
 

Journal of Technology Informatics and Engineering (JTIE) 
Vol. 4 No. 2 August 2025 

E-ISSN: 2961-9068; P-ISSN: 2961-8215, Pages 447-463 

Journal Link: https://jtie.stekom.ac.id/index.php/jtie/index  

 

the latency numbers come from one CPU-only benchmark environment, so they should be 

interpreted as relative comparisons rather than universal serving times. 

 
Figure 8. Predictor-Only Latency Versus MAE Across Model Families; Marker Area is 

Proportional to Serialized Model Size 
 

Table 13. Example LLM-Ready Quality Tokens Produced by the Proxy 
Shot LLM-ready quality token Natural-Language Incident Summary Seed 

S03 

{ 

  "codec": "H264", 

  "res": "240p", 

  "pred_vmaf": 47.6, 

  "band": "red", 

  "issue": "blockiness" 

} 

High-risk regression; visible blocking in textured motion. 

S08 

{ 

  "codec": "H265", 

  "res": "240p", 

  "pred_vmaf": 71.8, 

  "band": "amber", 

  "issue": "detail_loss" 

} 

Borderline quality; acceptable but below release target. 

S12 

{ 

  "codec": "H265", 

  "res": "360p", 

  "pred_vmaf": 97.9, 

  "band": "green", 

  "issue": "none" 

} 

No guard action; summarize as near-reference quality. 

Note. The issue field is heuristic and intended for explanation support rather than for artifact-classification benchmarking. 
 

https://issn.brin.go.id/terbit/detail/20220817090639854
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Fifth, the LLM-ready issue labels are heuristic. They improve interpretability, but they were not 

validated against human artifact labels. Finally, the study evaluates VMAF distillation rather than 

subjective quality directly; it inherits any limitations of the teacher and does not replace the need 

for periodic human-facing validation. 

VI. CONCLUSION AND RECOMMENDATION 

On this pilot corpus, a compact gradient-boosted student preserved enough of VMAF’s behavior 

to support useful edge-side quality guarding. The model achieved MAE = 6.56 and RMSE = 8.32 

while remaining close to much heavier ensembles and substantially improving on simpler 

regressors. As a guard, it maintained strong threshold behavior, and as a deployment artifact it 

was small enough and fast enough to be practical in CPU-constrained environments. 

The correct operational recommendation is therefore a two-tier architecture. Use the teacher 

offline for corpus refresh, ladder redesign, and periodic recalibration. Use the student online for 

continuous monitoring, fast regression detection, and low-cost quality summarization. 

Downstream LLMs should consume the compact tokens produced by the proxy rather than trying 

to infer perceptual quality from raw logs alone. 

Future work should extend the corpus across content classes, codecs, devices, and viewing 

models, and should evaluate the token interface in end-to-end reporting workflows. The current 

evidence supports feasibility. It does not yet justify broad claims of production-wide 

generalization. 
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