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ABSTRACT
Standard video-quality metrics quantify how much a compressed
frame degrades — not why. Blocking, texture blur, ringing: the arti-
fact type dictates the remedy, but every metric collapses them into
a single number and remains silent about the cause. The problem
deepens with neural codecs, which fail differently from traditional
ones — smearing fine texture rather than introducing blocking —
but no metric distinguishes the two. We asked whether off-the-shelf
vision–language models, with no quality-specific training, can act
as perceptual judges that name the artifact and justify their ver-
dict. Querying Claude Opus 4.8, GPT-5.5, and Gemini 3.5 Flash
zero-shot on 216 compressed sequences (traditional AV1/VVC and
neural DCVC-FM/RT), we found they outperform every classi-
cal frame-level metric — PSNR (0.63), SSIM (0.59), LPIPS (0.62)
— tracking human opinion at SROCC 0.71–0.74 on identical per-
frame inputs, without any training. Beyond the score, they name the
artifact: every blocking label was assigned to a traditional codec;
not one was wrongly attributed to a neural one. Three indepen-
dent AI vendors agreed on this, with inter-model correlation above
0.88. The one metric they do not surpass is VMAF — which, unlike
the judges, integrates the entire video sequence. That gap is real,
and we report it explicitly. Within the per-frame regime, however,
these zero-shot judges surpass every classical frame-level metric
and return something none of them can: a reason for the score.

KEYWORDS
video quality assessment, neural video codecs, vision–language
models, LLM-as-judge, compression artifacts, perceptual metrics,
VMAF

1 INTRODUCTION
Learning-based (neural) video codecs have closed, and on sev-
eral operating points surpassed [11, 12, 19], the rate–distortion
performance of standardized codecs. On the benchmark of
Tavares et al. [19], the neural codec DCVC-FM saves up to 37.82% bi-
trate over HEVC (High Efficiency Video Coding) under a traditional
BD-rate (Bjontegaard Delta rate) measurement (and 45.55% under a
neural-codec measurement), and at a fixed bitrate improves quality
by +1.86 dB PSNR (Peak Signal-to-Noise Ratio) and +10.3 VMAF
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(Video Multi-Method Assessment Fusion). That same study shows
the two families fail differently: traditional HEVC/VVC (Versatile
Video Coding) [2] codecs introduce blocking and ringing, while
neural codecs (DCVC-FM, DCVC-RT) preserve structure but blur
fine texture. The type of degradation, not just its magnitude, now
varies with the codec family.

These metrics, however, collapse quality into a single scalar.
PSNR and SSIM (Structural Similarity Index) are signal-fidelity
measures; VMAF [13] and LPIPS (Learned Perceptual Image Patch
Similarity) [25] track perception better but are still agnostic to the
kind of artifact: they report a number, not whether a frame was
blocked, blurred, or color-shifted, norwhere. More critically, fidelity-
oriented metrics maymisrank neural reconstructions whose texture
blur is perceptually mild but numerically large [19]. Compounding
this, codec comparisons (including [19]) often draw perceptual
conclusions from objective metrics without validating them against
human opinion, and no objective metric explains its own verdict.

When two codecs score the same VMAF but one blocks and the
other blurs, an engineer choosing a deployment, debugging a rate-
control decision, or triaging a quality regression cannot act on the
scalar alone: the kind of failure dictates the fix (deblocking strength,
texture synthesis, bit allocation), but it is precisely what the metric
hides. Two developments, however, make a different approach prac-
tical. First, codec evaluation has itself become family-dependent
(Sec. 2), so a distortion-type-aware tool is newly valuable. Second,
using a strong model as an automatic “judge” has become a reliable,
widely studied protocol in natural-language evaluation [26], and
frontier vision–language models have demonstrated sensitivity to
low-level visual detail [22], raising the question of whether they can
serve as interpretable perceptual judges without any task-specific
training.

We ask whether a multimodal vision–language model (VLM),
used off the shelf and without any task-specific training, can serve
as a perceptual judge that is interpretable: given a reference and a
reconstructed crop, it emits a quality score, names the dominant
artifact from a fixed taxonomy, and justifies the verdict in one sen-
tence. We study three frontier commercial VLMs (Claude Opus 4.8,
GPT-5.5, and Gemini 3.5 Flash) as zero-shot judges and validate
every output against human MOS (Mean Opinion Score) from a
public dataset covering both traditional and neural codecs, on all
216 sequences with no example selection. The specific findings and
their scope are summarized in the contributions below; we report
where the method works and, explicitly, where it fails.

1

141



WebMedia’2026, Brazil Vasconcelos and Ferraz

Research questions.

• RQ1. How closely does a zero-shot VLM judge track MOS,
relative to PSNR/SSIM/LPIPS and VMAF, on both traditional
and neural codecs?

• RQ2. Does the judge’s dominant-artifact label discriminate
codec families (blocking vs. texture-blur), a distinction no
objective metric provides?

• RQ3. What does the judge add beyond the score (inter-
pretability, cross-vendor agreement), and where does it sys-
tematically fail?

Contributions.

(1) A training-free, full-reference VLM judge that, beyond
a quality score, emits an interpretable categorical artifact
label and a one-sentence justification — a capability ab-
sent from PSNR/SSIM/VMAF/LPIPS and from trained neural
video quality assessment (VQA) models (e.g., CAMP-VQA,
LMM-VQA). The differentiator is interpretability and zero
task-specific training.

(2) A full, unbiased evaluation on all 216 PVS (Processed
Video Sequences) of AVT-VQDB-UHD-1-NVC, covering neu-
ral (DCVC-FM/RT) and traditional (AV1/VVC) codecs (no
example selection), across three judges (Claude Opus 4.8, GPT-
5.5, Gemini 3.5 Flash). On matched frame crops the judges
significantly outperform PSNR, SSIM, and LPIPS (Williams’s
test, 𝑝 < 0.01) and trail only full-video VMAF; the blocking
label is flagged exclusively for traditional codecs — a family-
discriminative signal absent from any scalar metric.

(3) An open evaluation suite: the verbatim prompt text
(system prompt, score pass, and artifact pass), JSON schema,
scoring scripts, and per-PVS results, released at https://
github.com/breno-sh/vlm-vqa-judge-artifact, together
with the methodological choices that make them replica-
ble — native-resolution crops, ITU-R BT.500-anchored scor-
ing, VQEG/ITU-T P.1401 nonlinear fit before PLCC (Pear-
son linear correlation coefficient), Shapiro–Wilk normality
checks, per-content bootstrap CIs (SROCC) and Fisher-𝑧
CIs (PLCC), Williams’s test for dependent correlations, and
paired 𝑡/Wilcoxon error tests.

2 RELATEDWORK
2.1 Objective full-reference quality metrics
Full-reference (FR) quality assessment spans a spectrum of model-
ing assumptions. Signal-fidelity measures (PSNR and the Structural
Similarity index SSIM [21]) are simple, fast, and routinely reported
in codec comparisons, but they correlate only loosely with percep-
tion, especially for distortions that preserve structure while altering
texture. Perceptual metrics close part of this gap: LPIPS [25] mea-
sures distance in the feature space of a pre-trained network, as
validated against human similarity judgments, while DISTS (Deep
Image Structure and Texture Similarity) [4] explicitly unifies struc-
ture and texture similarity and is, by design, tolerant of texture
resampling — a property directly relevant to neural codecs that
re-synthesize rather than copy texture (we discuss DISTS here
for context but do not use it as a baseline, as it is not provided
by the dataset for all PVS). VMAF [13] fuses elementary features

through a model trained on subjective data and is widely used for
streaming-quality monitoring; its reproducibility has been indepen-
dently studied [17]. Subjective ground truth itself is governed by
ITU standards: BT.500 [8] and P.910 [10] for test methodology, and
P.1401 [9] for the statistical evaluation of objective predictors (the
logistic mapping, RMSE (root mean square error), and correlation
analysis we adopt). Every one of these metrics emits a single scalar
and is agnostic to the type of distortion: none can state whether
quality dropped because of blocking, ringing, or texture blur, nor
where in the frame — exactly the information a codec engineer
needs when, as below, the failure mode now depends on the codec
family.

2.2 Neural video codecs and their artifacts
Conditional-coding neural codecs such as DCVC-FM [12] and the
real-time DCVC-RT [11] have matched or surpassed standardized
codecs (AV1, VVC) on rate–distortion, and the comparative study
of Tavares et al. [19] documents that the two families fail differ-
ently: traditional transform coding produces blocking and ringing,
whereas neural codecs preserve global structure but blur or syn-
thesize non-reference fine texture. This shift makes distortion-type-
aware evaluation genuinely useful: a scalar calibrated on blocking-
dominated content may misjudge texture-blur-dominated neural
output. Several recent datasets address this gap: LEHA-CVQAD [6]
and the AIM-2024 challenge [18] provide large compressed-VQA col-
lections, and AVT-VQDB-UHD-1-NVC [15, 16] adds per-PVS MOS
for neural and traditional codecs at UHD (ultra-high-definition),
which is what enables the family-contrastive validation we per-
form. Recognizing these artifact differences, several trained neural
and multimodal models have recently targeted compressed video
quality directly.

2.3 Trained neural / LMM-based VQA
An active line of research adapts large multimodal models (LMMs)
to quality assessment. Q-Bench [22] benchmarks the low-level vi-
sual perception of LMMs, and Q-Align [23] shows that teaching
an LMM to emit discrete text-defined levels (rather than raw num-
bers) markedly improves scoring — a finding we operationalize
in our ITU-anchored prompt. Q-Align is, however, a fine-tuned
model (task-specific training on quality data), operates in a no-
reference regime, and does not output artifact labels; it is therefore
not a zero-shot baseline for our setting, though it represents a
natural upper-bound comparison for future fine-tuned extensions
of the approach. LMM-VQA [5] and VideoScore [7] train multi-
modal models for no-reference video and generated-video quality.
CAMP-VQA [20] is similarly fine-tuned and, notably, attributes
part of its difficulty with compressed content to “the absence of
fine-grained perceptual annotations of artifact types” — the very
capability our judge provides without additional annotation. Some
trained multimodal systems likewise pair a quality score with a
textual description (e.g., VideoScore [7], LMM-VQA [5]), but as task-
specific rather than zero-shot commercial APIs, typically without a
discrete artifact label and without an explicit traditional-vs-neural
comparison that includes DCVC codecs. All require task-specific
training; none provides a training-free, API-only judge that also
classifies artifacts and contrasts traditional against neural codecs.
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An alternative path is to skip fine-tuning entirely and use a strong
frontier model as an evaluator directly: the LMM-as-judge paradigm
now well established in natural-language evaluation.

2.4 LMM-as-judge and absolute vs. relative
scoring

Using a strong model as an evaluator (“LLM/LMM-as-judge”) is
now standard in NLP (Natural Language Processing) [26] and has
been extended to visual quality assessment [22]. A consistent and
well-documented finding is that such judges rank candidates far
more reliably than they assign calibrated absolute scores, and that
they exhibit biases (position, verbosity) that pairwise protocols miti-
gate [24, 26]. Wu et al. [24] systematically benchmark GPT-4V, Gem-
ini, and other frontier models on IQA (Image Quality Assessment)
tasks, finding that GPT-4V tracks human perception reasonably
well but struggles with fine-grained discrimination — a limitation
our ITU-anchored prompt and multi-model ensemble are designed
to address. Accordingly, rank correlation (SROCC/KROCC) is our
primary evidence; PLCC is reported only after the ITU-T P.1401
logistic mapping. Two-alternative forced-choice (2AFC) prompting
[27] can further mitigate absolute-score calibration issues; we adopt
absolute scoring here (216 PVS × 3 judges makes pairwise compar-
ison impractical at scale) and note a Bradley–Terry formulation as
future work.
Research gap. To our knowledge, no prior work combines all of:
zero-shot use of commercial VLMs through an API (no training),
full-reference operation, an explicit traditional-vs-neural compar-
ison including DCVC-FM/RT, a categorical artifact output with
justification, and validation against human MOS on every sequence.
Wu et al. [24] is the closest antecedent (a systematic zero-shot
IQA benchmark with human validation), but covers general distor-
tions without full-reference codec comparison or artifact taxonomy.
Trained VQA models miss the zero-shot/API and discrete-artifact
axes; objective metrics miss interpretability; codec studies miss sub-
jective validation. The combination is not merely additive: it is the
artifact label validated against a controlled family comparison that
reveals blocking as a one-sided, precision-1 signal for traditional
codecs — a finding invisible to any single-axis prior work. This
work occupies that intersection and reports its limits as clearly as
its strengths.

3 METHOD
Our judge is a thin, training-free wrapper around a commercial
VLM. The pipeline (Figure 1) has three stages.

(1) Aligned crop sampling. For each PVS we sample 2 frames
and extract 1 spatially aligned reference/reconstruction crop
(512×512) per frame, yielding 2 crop pairs per PVS (1 pair in 12 of
216 PVS where only one frame was extractable at the target posi-
tions), at the display resolution (the reconstruction upscaled to the
UHD source). Crop positions are deterministic, seeded by sequence
name and frame index, so the choice of region is reproducible and
not hand-picked. We send native-resolution crops rather than a
downscaled full frame, because providers may downsample large
images internally, which would risk erasing the fine texture blur
we aim to detect; we treat this as a design choice rather than an
ablated variable.

(2) Structured judging (anchored, two passes). Each judge
receives the reference and reconstructed crop under a system
prompt priming it as a perceptual assessor, and is queried in two
passes returning JSON. The score pass asks for an integer 0–100
anchored to the five-grade ITU-R BT.500 impairment scale
(imperceptible=100, perceptible-but-not-annoying=80, . . . , very-
annoying=20). The artifact pass asks for the dominant label from
the taxonomy (blocking, texture-blur, color-shift, ringing, none)
with explicit per-label definitions, an instruction not to default
to texture-blur, and a one-sentence justification. We adopted this
design after a qualitative pilot on a subset of sequences: a single un-
anchored prompt collapsed nearly every label to texture-blur and
visibly degraded rank agreement with MOS, whereas anchoring the
score and decoupling the artifact pass recovered both correlation
and label diversity. A controlled, held-out prompt comparison was
not run; this design choice is therefore a researcher degree of free-
dom, as noted in Sec. 6. We enforce the schema via each provider’s
structured-output mode; non-conforming responses are caught and
excluded.

(3) Aggregation. A PVS yields multiple crops; we aggregate
per-crop scores to a per-PVS value by averaging over its crops. The
three models (Claude (claude-opus-4-8), GPT-5.5, and Gem-
ini (gemini-3.5-flash)) are evaluated independently and against
each other, with returned model-version strings logged for repro-
ducibility (commercial models drift).

4 EXPERIMENTAL SETUP
This section describes the corpus, the three judges and their base-
lines, and the statistical protocol applied throughout.

Dataset. AVT-VQDB-UHD-1-NVC [15, 16] (UHD-1, 6 source
contents, neural DCVC-FM/RT + traditional AV1/VVC across qual-
ity levels, 216 PVS with per-PVS human MOS). We evaluate on all
216 PVS; no new human study is conducted. Larger compressed-
VQA datasets exist (AIM-2024 [18], LEHA-CVQAD [6]) but lack
the neural-vs-traditional MOS pairing central to our question. The
following describes the three judges evaluated on this corpus and
the baselines they are compared against.

Judges and input. Three frontier commercial models queried
zero-shot: Claude (claude-opus-4-8), GPT-5.5, and Gemini
(gemini-3.5-flash). Each receives the native-resolution 512×512
aligned crops described in Sec. 3, with the anchored two-pass
prompt (ITU-R BT.500 score + artifact label). Exact model-version
strings are logged; providers may still re-encode crops internally,
which we treat as a limitation (Sec. 6). To isolate each predictor’s
contribution, baselines are computed on the same input crops the
judges receive.

Baselines.We recompute PSNR, SSIM, and LPIPS on the same
512×512 crops the judges see, so both operate on identical inputs.
VMAF is kept at its native full-video level (it is a video metric;
running it on isolated crops is not its intended operating mode)
and taken directly from the dataset’s provided per-PVS scores (full-
reference, as documented in [15]); we flag it as the one baseline with
a whole-sequence advantage. We also report the dataset’s video-
level PSNR/SSIM/LPIPS (Table 1 note). Comparing all predictors
rigorously requires the following statistical protocol.
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Figure 1: Zero-shot full-reference VLM judge pipeline. Aligned native-resolution crop pairs are scored by three commercial
VLMs in two passes—ITU-R BT.500-anchored quality score and dominant-artifact label—and validated against human MOS and
frame-level metrics.

Statistical analysis. Scores are aggregated to PVS level (mean
over crops), matching the per-PVS MOS. Because the MOS distribu-
tion is non-normal (Shapiro–Wilk 𝑝<0.001; Table 2), our primary
criterion is the rank-based SROCC (Spearman Rank-Order Corre-
lation Coefficient), with KROCC (Kendall Rank-Order Correlation
Coefficient) reported alongside. PLCC and RMSE are also reported,
but only after the ITU-T P.1401 five-parameter logistic mapping,
with normality of residuals re-checked before any Pearson-based in-
terpretation. Both pooled and per-content SROCC are reported to
avoid the content confound. All correlations carry 95% confidence
intervals (CI): a content-level bootstrap (𝐵=2000, resampling the
6 source contents with replacement — a non-parametric approach
suited to the small content count) for SROCC, and a Fisher-𝑧 trans-
form CI for PLCC.

To compare judges against VMAF, we useWilliams’s test [9]
for dependent correlations sharing MOS (Holm-corrected across
four baselines), and a paired per-PVS absolute-error comparison
(paired 𝑡-test and Wilcoxon signed-rank test, both reported because
errors may not be normal). Significance: 𝛼=0.05. Artifact labels
carry no numeric ground truth and are analyzed distributionally,
as described next.

Artifact analysis (RQ2). The dataset provides no artifact-type
ground truth, sowe analyze the distribution of each judge’s dominant-
artifact label across the codec families and the agreement among
the three judges, rather than accuracy against a human key. The
discriminative question (whether artifact type separates traditional
from neural codecs) is answered by the per-family label distribution
(Fig. 4).

5 RESULTS
All numbers are over the full set of 216 PVS (6 contents × four
codecs (AV1, VVC, DCVC-FM, DCVC-RT) × quality levels); judge
scores are pooled over native-resolution crops.

5.1 RQ1: Correlation with MOS
Table 1 and Fig. 2 report agreement with human MOS. Under
matched conditions (judges and objective metrics scored on identical
512×512 crops), the three VLM judges (SROCC 0.71–0.74) outper-
form every frame-level objective metric: PSNR (0.63), LPIPS (0.62),
and SSIM (0.59). The gap is significant: under Williams’s test for
dependent correlations, each judge beats each frame-level metric
(e.g. Gemini vs. SSIM 𝑡=+4.6, 𝑝<10−5; vs. PSNR 𝑡=+4.0, 𝑝<10−4;
vs. LPIPS 𝑡=+13.9, 𝑝<10−15; the weakest case, GPT-5.5 vs. PSNR, is
still 𝑝=5×10−3). The judges trail only VMAF (0.91) — but VMAF
is a full-video, trained metric that integrates the whole sequence,
an advantage the single-crop judge does not have; that gap too is
significant (Williams 𝑡 < −9, 𝑝 < 0.001; paired error test judge
mean absolute error (MAE) 0.61–0.66 vs. VMAF 0.37, 𝑡-test and
Wilcoxon 𝑝 < 0.001). We report both tests because a Shapiro–Wilk
test rejects normality of the MOS distribution (𝑝 < 0.001, Table 2).
KROCC values confirm the same ordering (Gemini 0.553, Claude
0.540, GPT-5.5 0.523; VMAF 0.731; Table 1). The spread among the
three judges (0.705–0.736) lies within the overlapping bootstrap
confidence intervals (Table 1); no within-group ranking is statisti-
cally warranted. In summary, a zero-shot judge does not surpass
full-video VMAF, but on matched per-frame input it extracts more
quality-relevant signal than PSNR, SSIM, or LPIPS, with no training.
For context, those metrics’ video-level scores are higher (PSNR 0.77,
SSIM 0.85, LPIPS 0.72; Table 1 note): i.e., much of their apparent
strength is whole-sequence integration, not per-frame perception.
Two observations reinforce the result: per-content SROCC rises
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Table 1: Agreement with human MOS over all 216 PVS
(pooled). SROCC and KROCC are primary (rank-based; MOS
is non-normal); 95% CI from content-level bootstrap on
SROCC; PLCC after ITU-T P.1401 logistic mapping. VLM
judges and frame-crop metrics use identical 512×512 inputs;
VMAF uses full-video.

Predictor SROCC KROCC 95% CI PLCC SROCCcont

Full-video reference
VMAF 0.907 0.731 [0.88, 0.95] 0.911 0.940

Frame-crop VLM judges (ours)
Gemini 0.736 0.553 [0.69, 0.83] 0.732 0.793
Claude 0.723 0.540 [0.64, 0.83] 0.719 0.811
GPT-5.5 0.705 0.523 [0.64, 0.80] 0.711 0.750

Frame-crop objective metrics (same crops)
PSNR 0.627 0.444 [0.55, 0.74] 0.618 0.734
LPIPS∗ 0.623 0.447 [0.53, 0.77] 0.629 0.695
SSIM 0.585 0.415 [0.46, 0.72] 0.560 0.621

∗LPIPS is a distance (negative SROCC); magnitude shown. For reference, at the
dataset’s video level these metrics score higher (SROCC: PSNR 0.77, SSIM 0.85, LPIPS
0.72): much of their strength comes from integrating the whole sequence, which the

single-crop judge does not see.

to 0.75–0.81 for the judges (above the frame metrics’ 0.62–0.73), so
within a content they correctly rank quality levels; and the three
judges show high agreement with one another (inter-model Spear-
man 0.88–0.95), so the verdicts reflect a systematic perceptual signal,
not one vendor’s idiosyncrasy. The pattern holds on both codec
families (Fig. 2); the scatter against MOS (Fig. 3) shows the judges’
spread relative to VMAF.

Stratified analysis by codec family. Table 3 repeats the corre-
lation analysis of Table 1 separately for the traditional (AV1+VVC)
and neural (DCVC-FM/RT) halves of the corpus (𝑛=108 each), to
establish whether the judges perform equally well in both domains.
Three observations follow. (i) The overall ordering is preserved
within each family: every judge outperforms every frame-level met-
ric on traditional and on neural content, and trails only VMAF in
both. (ii) All three judges are somewhat stronger on traditional
codecs (SROCC 0.738–0.778) than on neural ones (0.688–0.706),
but the content-level bootstrap CIs of the two subsets overlap for
every judge, so the data do not support a significant within-judge
family difference. (iii) The traditional-to-neural drop is modest for
the judges (0.04–0.07 SROCC) and essentially absent for VMAF
(0.912 vs. 0.899), whereas PSNR degrades markedly on neural con-
tent (0.682 to 0.558, a 0.12 drop) — consistent with the observation
(Sec. 1) that signal-fidelity measures over-penalize neural texture
re-synthesis that human viewers judge mildly. In summary, the
zero-shot judges transfer across codec families with only a mod-
est, statistically unconfirmed advantage on traditional content, and
their margin over the frame-level metrics is, if anything, wider
in the neural domain, where such an artifact-aware tool is most
needed. Beyond correlation with MOS, we ask whether the judges’
artifact labels capture what a scalar score cannot.

Table 2: Shapiro–Wilk normality tests (𝑛=216). MOS is non-
normal, justifying the rank-based SROCC as the primary
criterion; logistic-fit residuals are non-normal in four of the
five cases, so PLCC-based claims are cross-checked with the
non-parametric Wilcoxon test.

Variable 𝑊 𝑝 decision

MOS 0.934 < 0.001 non-normal
residual (VMAF) 0.973 < 0.001 non-normal
residual (SSIM) 0.944 < 0.001 non-normal
residual (Claude) 0.996 0.80 normal
residual (Gemini) 0.988 0.065 normal
residual (GPT-5.5) 0.974 < 0.001 non-normal

Table 3: Stratified agreement with human MOS by codec fam-
ily (traditional AV1+VVC vs. neural DCVC-FM/RT; 𝑛=108
each). Protocol as in Table 1: 95% CI from content-level boot-
strap on SROCC; PLCC after the ITU-T P.1401 logistic map-
ping refitted per subset; LPIPS magnitudes shown.

Predictor SROCC 95% CI KROCC PLCC

Traditional (AV1+VVC)
VMAF 0.912 [0.88, 0.96] 0.745 0.919
Gemini 0.778 [0.76, 0.84] 0.601 0.778
Claude 0.744 [0.66, 0.83] 0.561 0.746
GPT-5.5 0.738 [0.70, 0.82] 0.561 0.743
PSNR 0.682 [0.60, 0.78] 0.490 0.678
LPIPS 0.650 [0.57, 0.78] 0.471 0.641
SSIM 0.608 [0.47, 0.73] 0.437 0.601

Neural (DCVC-FM/RT)
VMAF 0.899 [0.86, 0.95] 0.714 0.910
Gemini 0.706 [0.60, 0.85] 0.526 0.693
Claude 0.702 [0.62, 0.84] 0.527 0.695
GPT-5.5 0.688 [0.56, 0.81] 0.502 0.684
LPIPS 0.594 [0.46, 0.77] 0.424 0.597
PSNR 0.558 [0.47, 0.71] 0.394 0.562
SSIM 0.555 [0.35, 0.72] 0.393 0.588

5.2 RQ2: Artifact type and codec family
The dataset has no artifact-type ground truth, so we study the distri-
bution of the judges’ dominant-artifact labels by codec family (Fig. 4).
Two facts emerge. (i) texture-blur dominates both families: modern
traditional codecs (AV1, VVC) deploy in-loop deblocking and, at
the bitrates tested, degrade by smoothing fine texture much like the
neural codecs do, so artifact type is not a broad family discriminator,
contrary to the commonly reported lower-bitrate behavior of tradi-
tional codecs [19]. (ii) When a structured artifact does appear, it is
one-sided: blocking is the majority label in 6 of the 108 traditional
PVS (AV1+VVC; recall 5.6%) and in zero neural PVS (Fisher’s exact
test, 𝑝=0.014), with the three judges unanimous on four of the six
(two of three on the other two). Thus “blocking⇒traditional” is a
high-precision, low-recall signal (0 false positives; 5.6% recall) that
no scalar metric can provide, while blur is uninformative about
the family. This nuance (that the discriminative power lies in the
rare structured artifact, not in the modal label) is itself a finding
about how modern codec families fail. We next examine what the
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Figure 2: SROCC with human MOS per predictor (content-
level bootstrap 95% CIs), overall and by codec family. VLM
judges outperform frame-level metrics (PSNR, LPIPS, SSIM)
and trail only full-video VMAF.

judges add beyond this artifact signal: interpretability, cross-vendor
agreement, and the edges of their reliability.

5.3 RQ3: Interpretability beyond the score
Beyond out-correlating the frame-level metrics (RQ1), the judges’
distinctive value is an auditable verdict. For each PVS the judge
returns a score and a one-sentence justification that localizes the
degradation; VMAF returns only a scalar. Fig. 5 makes this concrete
with two reconstructions at nearly identical perceptual quality
(MOS 1.73 and 1.65) but different failure modes: the neural codec
smooths fine bark and foliage texture (judges: texture-blur), while
the traditional codec replaces the water surface with a blocky grid
(judges: blocking). A scalar of equal magnitude conflates these
two cases; the judge separates and explains them. The high inter-
model agreement (Spearman 0.88–0.95) indicates these explanations
are reproducible across independent vendors rather than vendor-
specific artifacts. We therefore position the zero-shot VLM judge as
a complement to trained metrics: when an explanation, an artifact
label, or training-free operation on unseen codec types matters, it
offers interpretability and zero-training generality while matching
or exceeding classical frame-level metrics; full-video VMAF remains
the choice when only the tightest scalar agreement with MOS is
required. A full picture of the judges’ utility requires, however, an
honest account of where they systematically fail.

5.4 Where the judge fails
Because all 216 PVS are scored, the failure modes can be charac-
terized systematically rather than selectively. (1) A monotonic
resolution bias. Splitting the signed error (judge minus MOS, in
standard deviation (SD) units) by source resolution reveals that
the judges over-rate low-resolution, upscaled clips and under-rate
native 4K: +0.49 SD at ≤360p (𝑛=24 PVS), +0.17 at 720p, −0.05 at
1080p, −0.22 at 2160p (correlation between resolution and signed
error = −0.27, 𝑝<0.001). This suggests that VLMs are less sensitive
than humans to the softness of upscaled low-resolution frames —
the most systematic error source identified (the failure case in Fig. 5
is exactly this). (2) Low blocking recall. The artifact signal is high-
precision but low-recall: blocking was never wrongly assigned to
a neural codec (0/108 false positives), but it was detected in only

6 of 108 traditional PVS (recall 5.6%) — most degraded traditional
clips are still labeled texture-blur, so the judges miss blocking far
more often than they confuse it. (3) Residual label disagreement.
On 3 of 216 PVS the three judges produced three different domi-
nant labels (typically blur vs. color-shift on near-threshold clips);
the remaining 213 (98.6%) reach majority agreement (≥2 of 3 on
the same label), consistent with the high inter-judge agreement
already reported in Sec. 5 (0.88–0.95). We report these explicitly as
limitations of the method.

6 DISCUSSION AND LIMITATIONS
Frame-level judge vs. a video-level reference. To ensure the
judge-vs-metric comparison uses identical inputs, PSNR/SSIM/LPIPS
are recomputed on the same crops as the judges; only VMAF re-
mains video-level (it is a video metric). Two asymmetries remain.
First, MOS is collected on full videoswhile the judges (and the frame-
crop metrics) see sampled frames, so temporal artifacts (flicker,
inter-frame inconsistency, judder) are not directly observed: results
are frame-level FR quality pooled to the sequence, not full temporal
VQA. Second, VMAF’s whole-sequence view is a genuine advantage
we do not control for; a fair judge-vs-VMAF contrast would require
a temporal judge over frame sequences, which we leave as future
work.

Provider-side image handling. Although we send native-
resolution crops to avoid whole-frame downscaling, each provider
may still re-encode or resize internally; we cannot observe the
pixels actually ingested. The cross-provider comparison is there-
fore between three black-box pipelines, not three identical visual
front-ends.

Absolute scoring. Consistent with prior reports [26] that VLMs
rank better than they assign calibrated absolute scores, our primary
evidence is rank correlation (SROCC/KROCC); PLCC is reported
only after the standard logistic mapping. A pairwise (Bradley–Terry)
judge is a natural extension if absolute calibration is needed.

Possible data exposure. The dataset and its MOS are publicly
available and could appear in a model’s training data, which would
inflate “zero-shot” correlation.We cannot fully exclude this; we note
the dataset is recent relative to the models and that memorizing
per-PVS numeric MOS is unlikely, but treat the absolute numbers
with this caveat.

Single dataset and codec set.All results come from one dataset;
strong claims are scoped to its UHD content and the two DCVC
variants. We did not run a second dataset, so generalization to other
content, resolutions, and neural codecs remains open — a deliberate
scope choice given the lack of comparable neural-vs-traditional
MOS elsewhere.

Model drift and determinism. API models are versioned and
not guaranteed deterministic; we query at temperature 0 where
supported (OpenAI and Gemini; the Claude API does not expose
this parameter and returns an error if it is sent) and log the exact
model-version string each API returns. To verify that single-sample
scoring (𝑅=1) is adequate, we re-queried the least costly judge
(Gemini) three times over all PVS: per-crop scores are stable, with a
mean standard deviation 0.13 on the 0–100 scale (median 0, 90th
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Figure 4: Dominant artifact per PVS (majority over judges) by
codec family. Texture-blur dominates both; blocking occurs
only for traditional codecs.

pct. 0), and a test–retest SROCC of 0.998 between repetitions. Intra-
model variance is therefore negligible at temperature 0; the residual
reproducibility risk is provider-side model drift, not sampling noise.

Prompt selection. Zero-shot results depend on the prompt.
We did not hold out a separate prompt-selection set: our anchored
two-pass design was chosen on pilot data because an un-anchored
prompt under-performed (Sec. 3). This is a form of researcher de-
grees of freedom; a differently engineered prompt could shift the
absolute numbers, and the prompt should be regarded as part of the
method, not a neutral given. A systematic prompt-sensitivity study
— several semantically equivalent prompt variants evaluated on a
held-out validation split — is a necessary step before any production
use of the approach.

Cost, latency, and accuracy scope.API inference is not cheaper
than VMAF, and the judges do not surpass it on full-video correla-
tion; we quantify the gap in order-of-magnitude terms. Each judge
issues two structured calls (score pass and artifact pass) per crop
pair, i.e., 840 calls per judge over the 420 crop pairs and roughly
2,500 calls for the full three-judge benchmark; every call uploads
two 512×512 crops and returns a short JSON object. Per-call latency
is on the order of seconds, so a full 216-PVS audit completes in
tens of minutes to a few hours depending on request parallelism —
against milliseconds per frame for locally computed PSNR/SSIM
and faster-than-real-time VMAF. At the commercial list prices in
effect during our runs, a single call costs a fraction of a US cent on
the flash-priced tier (Gemini 3.5 Flash) and single-digit US cents

on the frontier tiers, placing the complete three-judge evaluation
on the order of tens of US dollars — negligible at research scale,
but two to three orders of magnitude more expensive per frame
than local objective metrics, and subject to provider price changes.
The judge is therefore not positioned as a bulk quality-monitoring
replacement: the value it adds is interpretability — an artifact la-
bel and a justification sentence for targeted triage — not marginal
accuracy gains over an already strong metric.

Why do general-purpose VLMs capture perceptual qual-
ity?We offer a mechanistic reading, explicitly as intuition rather
than as an established account. Web-scale image–text pretraining
exposes a VLM to a vast number of naturally captioned degraded
images — photographs described as “blurry” or “blocky”, compres-
sion artifacts discussed by name — so the visual encoder plausibly
learns representations in which common degradation patterns are
both discriminable and linked to their names; Q-Bench [22] docu-
ments precisely this latent low-level sensitivity in general-purpose
LMMs. Instruction tuning then allows a prompt to bind that latent
sensitivity to a rubric: the ITU-anchored scale and the fixed artifact
taxonomy act as a lightweight, inference-time calibration layer, con-
sistent with the finding of Q-Align [23] that discrete text-defined
levels outperform raw numeric regression. Specialized VQA models
(e.g., CAMP-VQA [20], LMM-VQA [5]) instead optimize a regression
objective against MOS on curated quality datasets, which yields
tighter scalar calibration on in-distribution content but ties the
model to the distortions and label space seen during training. The
zero-shot judge inverts this trade-off: weaker absolute calibration
(the resolution bias of Sec. 5) in exchange for transferable perceptual
concepts and the ability to name what it sees.

Interpretability validated qualitatively. The usefulness of
the justifications is demonstrated by example (Fig. 5) and by cross-
vendor consistency, not by a user study: we did notmeasurewhether
the explanations improve or accelerate the decisions of practicing
codec engineers. A controlled human evaluation of explanation
usefulness (e.g., engineers triaging quality regressions with and
without the artifact labels) is explicit future work.

Commercial-only models. All three judges are closed, com-
mercial APIs (Claude, GPT-5.5, Gemini). Whether open-weight
models (e.g., LLaVA [14], InternVL [3], Qwen-VL [1]) would match
this performance without the same infrastructure costs is unknown;
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Figure 5: Illustrative cases (not a substitute for the full-216-PVS results above). Top/middle: judge tracks MOS—texture-blur on a
neural codec and blocking on a traditional one, a distinction scalars cannot express. Bottom (failure): a low-resolution VVC clip
the judges over-rate (∼60 vs. MOS 34).

our findings may not generalize to models outside the frontier com-
mercial tier, and open-source replication of the full pipeline is left as
future work. The released evaluation suite (prompts, schema, scor-
ing scripts) makes an open-weight replication under the identical
protocol straightforward.

7 CONCLUSION AND FUTUREWORK
We studied whether off-the-shelf vision–language models can act
as zero-shot, full-reference quality judges for compressed video that
not only outperform classical frame-level metrics but are also inter-
pretable — naming the dominant artifact and justifying the verdict,
a capability absent from PSNR/SSIM/VMAF/LPIPS and from trained
neural VQA. Using three commercial VLMs and validating against
human MOS on a dataset spanning traditional and neural codecs,
with native-resolution crops and a rigorous statistical protocol, we
scoped the contribution: on matched per-frame input the judges
outperform PSNR/SSIM/LPIPS and trail only full-video VMAF; their

value is interpretability and zero-training generality, not accuracy
or cost. We also reported their systematic failures (a resolution bias;
low blocking recall) rather than only their successes.

Future work includes a temporal judge (frame sequences rather
than still crops), a pairwise (Bradley–Terry) formulation for cali-
brated absolute scores, an open-weight replication of the pipeline
(LLaVA, InternVL, Qwen-VL), a human study of whether the arti-
fact labels and justifications measurably assist codec engineers, and
using the artifact label to act — steering post-processing quality-
enhancement filters toward the specific degradation present, or
driving artifact-aware adaptive codec selection.
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