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Abstract

This paper reviews the Ist Challenge on Efficient Vision
Language Models for Multimodal Creative Quality Scor-
ing, held in conjunction with the LoViF Workshop at CVPR
2026. As VLMs become increasingly powerful, their com-
putational efficiency remains a critical bottleneck for real-
world deployment. This challenge aims to establish a
benchmark for the trade-off between prediction accuracy
and computational efficiency. Participants were tasked with
predicting the average rating of products based on multi-
modal inputs (images and texts) sourced from the Amazon
Reviews 2023 dataset. We evaluate the proposed solutions
comprehensively based on accuracy metrics (e.g., Pearson
Correlation Coefficient) and efficiency metrics (Parameters,
FLOPs, and Latency). In this report, we detail the chal-
lenge setup, dataset, and evaluation metrics, and summa-
rize the highly optimized and lightweight VLM architectures
proposed by the top-performing teams.

1. Introduction

The recent emergence of Generative Foundation Models
and Vision Language Models [!, 2] has driven a profound
paradigm shift in computer vision and multimodal under-
standing. By aligning visual representations with rich se-
mantic language spaces, state of the art VLMs have demon-
strated unprecedented capabilities in complex tasks [3, 4],
ranging from visual question answering to zero-shot image
classification. Among these applications, multimodal cre-
ative quality scoring which involves comprehensively eval-
uating products or creative content based on images, videos,
and descriptive texts has emerged as a crucial task with im-
mense practical value in e-commerce, advertising, and rec-
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ommendation systems.

However, while modern VLMs exhibit remarkable accu-
racy and reasoning skills, their massive scale inherently lim-
its their real world applicability. Leading foundation mod-
els typically rely on billions of parameters, resulting in in-
tensive memory footprints and high inference latency [5, 6].
In practical deployment scenarios, such as processing mil-
lions of product queries on e-commerce platforms, strict
constraints are placed on computational budgets. Con-
sequently, there is an urgent need to bridge the gap be-
tween heavy, resource-intensive models and the demand for
lightweight, deployable solutions.

To address this critical bottleneck, the 1st Workshop on
Low-level Vision Frontiers (LoViF) introduced the Chal-
lenge on Efficient VLM for Multimodal Creative Quality
Scoring, held in conjunction with CVPR 2026. Organized
in collaboration with Snap Inc. and Nanyang Technologi-
cal University, this challenge aims to encourage researchers
and practitioners to push the boundaries of lightweight yet
powerful VLMs. Specifically, participants were tasked with
predicting the average rating of products using multimodal
inputs sourced from the large-scale Amazon Reviews 2023
dataset [7]. The core objective is to develop efficient ar-
chitecture designs such as optimized single/dual-encoder
schemes, modality fusion strategies, and knowledge distil-
lation that can maintain robust multimodal scoring capabil-
ities without incurring prohibitive computational costs.

The challenge explicitly emphasizes the trade-off be-
tween model performance and computational efficiency.
Submissions were rigorously evaluated not only on predic-
tion accuracy (measured by the Pearson Linear Correlation
Coefficient, PLCC) but also on stringent efficiency metrics,
including the number of parameters, Floating Point Opera-
tions (FLOPs), and inference latency.

This challenge is held with the LoViF Workshop , con-

https://lovif-cvpr2026-workshop.github.io/
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taining series of challenges on: real-world all-in-one im-
age restoration [8], efficient VLM for multimodal creative
quality scoring [9], weather removal in videos [10], holistic
quality assessment for 4D world model [11], and human-
oriented semantic image quality assessment [12].

The remainder of this report is organized as follows.
Section 2 details the challenge setup, including the dataset
construction and evaluation metrics. Section 3 presents the
quantitative results and the final leaderboard. Section 4 pro-
vides brief descriptions of the highly optimized VLM ar-
chitectures proposed by the top-performing teams. Finally,
Section 5 concludes the report and discusses future direc-
tions for efficient multimodal understanding.

2. Challenge Setup

In this section, we provide a detailed overview of the chal-
lenge task, the dataset constructed for multimodal creative
quality scoring, and the comprehensive evaluation metrics
designed to assess the trade-off between model performance
and efficiency.

2.1. Task Definition and Dataset

The primary objective of the Efficient VLM Challenge is to
predict the Average Rating of a product given its associated
multimodal information.

To establish a robust benchmark, we constructed the
challenge dataset based on the Amazon Reviews 2023
dataset. This dataset provides a diverse and large-scale
collection of multimodal product data. For each product
instance, the input data fields are structured as follows:
Textual Attributes: title (product name),
description (detailed text), features (bullet-
point highlights), details (dictionary of materials,
brand, etc.), and main_category.

Visual Attributes: images (multi-resolution product
images) and videos (including titles and URLSs).
Metadata: price, store, categories (hierarchi-
cal structure), rating_number, parent_asin, and
bought_together.

The target variable is the average_rat ing (float) shown
on the product page. To ensure fair evaluation, the ground-
truth ratings for the test set were strictly hidden from the
participants during the competition.

L]

2.2. Evaluation Protocol and Metrics

A distinguishing feature of this challenge is its strict focus
on deployability. To ensure a fair comparison across diverse
architectures, we enforce a Canonical Inference Protocol:
input images are resized to a fixed resolution, text inputs are
truncated to a fixed length, and only a single forward pass
is allowed (no test-time augmentation or ensembling).

The final ranking is determined by the Comprehensive
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Efficiency Score (CES), which balances prediction accu-
racy and computational resource cost.

1. Accuracy (PLCC™):

We use the Pearson Linear Correlation Coefficient (PLCC)
to measure the correlation between the predicted scores and
the ground truth. To avoid incentivizing negatively corre-
lated predictions, the score is strictly clipped at O:

PLCC" = max(0,PLCC). ()

2. Geometric Resource Cost (C):

To rigorously assess efficiency, we penalize imbalances be-
tween storage (Parameters) and computation (FLOPs) us-
ing a geometric mean. Let P and F' denote the parameters
(in Millions) and FLOPs (in GigaFLOPs) of the proposed
model. The resource cost C is defined as:

(i) (&)

where Py = 1000M and Fig = 20G are the baseline refer-
ence targets. We set a balanced weight w = 0.5.

3. Asymmetric Efficiency Factor (£):

We introduce an asymmetric incentive structure to encour-
age lightweight design. It applies a bounded bonus for ef-
ficient models (C < 1) and a steep penalty for over-budget
models (C > 1):

|

where the bonus sensitivity o = 0.05, the penalty sensitiv-
ity 6 = 2.0, and the maximum bonus cap v = 0.10 (i.e.,
maximum 1.10x multiplier).

4. Comprehensive Efficiency Score (CES):

The final leaderboard ranking is determined by the CES,
formulated as the product of the accuracy and the efficiency
factor:

P

P

F

— 2
Fa 2

min(l 4,1+ a(1 - C)),
max (0,1 — B(C — 1)),

ifC <1

3
ifC>1 3)

CES = PLCC" x €. 4)

3. Challenge Results

The Efficient VLM for Multimodal Creative Quality Scor-
ing Challenge attracted widespread attention from the com-
munity. A total of 83 participants registered for the com-
petition, resulting in 473 submissions during the develop-
ment phase. In the final testing phase, multiple valid sub-
missions were successfully evaluated on the hidden test set
under strict canonical inference protocols. It is worth not-
ing that submissions violating the challenge rules, such as
those involving data leakage (e.g., incorporating the test set
into the training phase), were strictly disqualified to ensure
absolute fairness.



3.1. Final Leaderboard

The quantitative results of the final testing phase are sum-
marized in Table 1. The valid submissions are ranked
based on the Comprehensive Efficiency Score (CES), which
serves as the primary metric balancing prediction accuracy
(PLCC™) and computational resource cost (C).

3.2. Results Analysis

As shown in the official leaderboard (Table 1), the cham-
pion team, olacnqoddchl, achieved the highest CES of
0.43. They successfully delivered the most competitive
prediction accuracy (PLCC™ of 0.41) among all valid en-
tries, while maintaining a highly efficient architecture.
Their model utilized only 152.12M parameters and 31.14G
FLOPs (C = 0.49), earning a 1.04x efficiency bonus. The
runner-up, team iamxredz, followed closely with a CES of
0.42 and even fewer FLOPs (29.00G).

Furthermore, the results highlight diverse and extreme
strategies in balancing accuracy and efficiency. For in-
stance, team yinloonkhor (Rank 4) adopted an aggres-
sive lightweight design, achieving the lowest resource cost
(C = 0.10) with only 27.7M parameters and 6.8G FLOPs.
This earned them the maximum possible efficiency bonus
factor of 1.10, demonstrating a highly optimized architec-
ture, albeit with a slight trade-off in raw prediction accuracy
(PLCC™ of 0.36).

Overall, the top valid submissions demonstrated that ro-
bust multimodal quality scoring can be effectively achieved
with models heavily constrained well below 250M parame-
ters, paving the way for highly efficient VLMs in real-world
deployments.

4. Challenge Methods

In this section, we summarize the innovative strategies em-
ployed by the top-performing teams, focusing on their ar-
chitectural optimizations and multimodal fusion techniques.

4.1. Team: olacnqoddchl

Team olacnqoddchl, led by Jing Yang, developed an effi-
cient multimodal rating prediction system built on top of
the SmolVLM2-256M-Video-Instruct backbone. Instead of
introducing heavy additional fusion modules or dual en-
coders, their method preserves the native image-text inter-
action of the pretrained backbone and adapts the compact
generative vision-language model into an efficient multi-
modal regressor.

Overall Architecture: The multimodal pipeline pro-
cesses a single RGB product image resized to a fixed
384 x 384 resolution. The textual input consists of
metadata fields that are serialized into an instruction-style
prompt with a maximum tokenizer length of 2560. To
convert the generative VLM into a regressor, the team
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explicitly removed the original language modeling head
(drop_-1lm_head=True). They applied mask-aware mean
pooling over the final multimodal hidden states to obtain a
stable sample-level representation. This pooled represen-
tation is then passed through a lightweight two-layer MLP
regression head. Finally, a sigmoid-based linear rescaling
is applied to strictly bound the output to the valid 1.0 to 5.0
rating range.

Training and Optimization: The model was trained
on the Amazon Reviews 23 dataset. To better align
the optimization process with the challenge’s correlation-
based evaluation criterion, the team engineered a composite
PLCC-oriented loss function: £ = 0.5 x MSE + 0.5 x
(1—p(4,y)), where p(g, y) denotes the Pearson correlation
coefficient. During training, the vision encoder was com-
pletely frozen (freeze_vision=True), and the model
was fine-tuned using bf16 mixed precision to improve mem-
ory and compute efficiency. For inference, the team strictly
adhered to an efficiency-oriented, single-model pipeline
without any ensembles, achieving a test score of 0.41 while
requiring only 228 million parameters and 61.44 GFLOPs
per image.

4.2. Team: i am ok

Team iamxredz proposed LoViFModel, a highly efficient
dual-tower multimodal fusion architecture built upon the
pre-trained OpenAl CLIP-ViT-B/32 backbone[l3]. Their
solution elegantly balances inference speed, memory foot-
print, and prediction accuracy.+

Overall Architecture: To drastically reduce computa-
tional overhead while preserving pre-trained representation
capabilities, the team employed a fine-grained layer freez-
ing strategy. They froze the first 11 layers of both the vi-
sual and textual encoders, only thawing the final layer for
fine-tuning. The visual encoder extracts 768-dimensional
features from images, while the text encoder processes
concatenated titles and descriptions into 512-dimensional
features[14]. To address the dimensionality mismatch, lin-
ear projection layers are utilized to map both modalities into
a unified 512-dimensional shared feature space.

Multimodal Fusion: Instead of relying on heavy cross-
attention mechanisms, they implemented a lightweight fu-
sion strategy. The aligned visual and textual tokens are con-
catenated into a sequence and fed into a compact 2-layer,
8-head Transformer Encoder[15]. This self-attention mod-
ule efficiently captures bidirectional correlations between
the modalities. Finally, the fused features are flattened and
passed through a regression MLP head, followed by a Sig-
moid function scaled to map the outputs to the 1-5 rating
range.

Training and Optimization: A key contribution of
their method is the design of a composite loss function
combining Mean Squared Error (MSE) and Pearson Lin-



Table 1. Final official leaderboard of the Efficient VLM Challenge. Methods are ranked by the Comprehensive Efficiency Score (CES).
Models with a resource cost C < 1 receive an efficiency bonus (£ > 1), while those with C > 1 are heavily penalized. * denotes the
proposed baseline from Snap Inc., which is not included in the final ranking.

Rank Team (Participant) CES (Final) + PLCCT {1 Factor (§) Cost(C)) Params(M)] FLOPs(G)] Runtime (s)|
1 olacnqoddchl 0.43 0.41 1.04 0.49 152.12 31.14 1.00
2 iamxredz 0.42 0.40 1.04 0.46 145.14 29.00 1.00
* wleach 0.40 0.39 1.01 0.84 228.00 61.44 0.01
3 yinloonkhor 0.40 0.36 1.10 0.10 27.70 6.80 0.00*
4 ps3336 0.39 0.37 1.05 0.40 119.31 26.33 0.04
5 skywalker5165 0.39 0.37 1.05 0.40 119.31 26.33 0.04
6 monkeydminh49 0.34 0.33 1.03 0.55 184.43 32.64 1.00
7 atul-dev342 0.34 0.33 1.03 0.59 204.24 33.61 0.05
8 Shubhojit 0.30 0.29 1.03 0.50 124.72 39.55 1.00
9 Hope 0.23 0.23 1.01 0.81 186.09 70.58 0.01
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Figure 1. Overview of the efficient multimodal rating prediction pipeline proposed by team olacnqoddchl. The architecture leverages
a shared SmolVLM2-256M backbone, preserving its native image-text fusion without introducing heavy external fusion modules. The
generative language head is removed and replaced with a mask-aware mean pooling layer and a lightweight MLP regression head, bounded
by a scaled sigmoid function to output a 1.0-5.0 rating. During training, a PLCC-oriented composite loss is employed, while the inference
branch strictly adheres to efficiency constraints (single-model inference, dropped LM head, no ensembles).

ear Correlation Coefficient (PLCC) loss. This dual-loss
setup simultaneously ensures numerical closeness to the
ground truth and ranking consistency with human percep-
tion. Furthermore, their training pipeline incorporated ro-
bust optimization strategies, including a differential learn-
ing rate to stabilize backbone fine-tuning, Automatic Mixed
Precision (AMP) training for memory efficiency, and a
semi-supervised pseudo-labeling mechanism for dataset
expansion[16].

4.3. Team: wleach

Team wleach presented an efficient adaptation of the com-
pact SmolVLM2-256M-Video-Instruct model for direct
scalar regression[!7]. Their solution elegantly repurposes
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a generative Vision-Language Model into a deterministic
scoring architecture suitable for latency-constrained envi-
ronments.

Overall Architecture: The team utilized a ViT-based
SigLIP vision tower to extract patch-level embeddings from
input images[18]. To strictly enforce computational effi-
ciency and predictability, they resized all images to a fixed
384 x 384 resolution using bilinear interpolation, com-
pletely disabling dynamic resizing and image tiling]. Both
the vision encoder and its corresponding pixel-shuffle con-
nector were kept frozen during fine-tuning. For textual and
multimodal processing, they employed the SmolLM2-based
decoder. Crucially, they avoided autoregressive generation
at inference time by replacing the standard language mod-
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Figure 2. Overview of the LoViFModel architecture proposed by
team iamxredz. The framework employs a selectively frozen
CLIP dual-tower encoder (ViT-B/32 and RoBERTa-Base) to ex-
tract robust representations while minimizing computational over-
head. Modality-specific projection layers align the visual and tex-
tual features into a shared 512-dimensional space. The tokens
are then concatenated and fused via a lightweight 2-layer, 8-head
Transformer Encoder, followed by an MLP regression head with
a scaled sigmoid activation to predict the final multimodal quality
score.

eling head with a lightweight two-layer MLP regression
head. This head outputs a scalar value that is subsequently
mapped to the 1.0 to 5.0 rating range via a scaled sigmoid
transformation.
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Multimodal Fusion: In their pipeline, the visual fea-
tures are compressed via a pixel-shuffle connector and pro-
jected into the decoder embedding space before being con-
catenated with the tokenized text inputs. This concate-
nated sequence is then processed by the autoregressive de-
coder to produce multimodal hidden states[ ! 7]. To convert
this variable-length sequence of decoder hidden states into
a fixed-dimensional representation for the MLP regression
head, the team implemented a mask-aware mean pooling
strategy. This specific pooling mechanism explicitly ex-
cludes padding tokens via the attention mask, which sig-
nificantly improves regression stability.

Training and Optimization: The model was fine-tuned
end-to-end (excluding the frozen visual components) using
a Mean Squared Error (MSE) loss. To train the model, they
utilized a massive scale of approximately 16 million filtered
items from the Amazon Reviews 2023 dataset. To mitigate
severe category imbalance within the dataset, they applied
a per-category popularity-stratified sampling strategy. Their
robust optimization pipeline leveraged an 8-bit AdamW op-
timizer to reduce memory usage, alongside Flash Attention
2 and bfloat16 automatic mixed precision[ 19, 20]. This ap-
proach resulted in a highly compact model with 227.92M
parameters and 61.44 GFLOPS, achieving an exceptional
runtime of 0.0084 seconds per image on a single NVIDIA
A100 GPU.

4.4. Team: Double Y

Team yinloonkhor developed EffiMiniVLM, an excep-
tionally compact dual-encoder vision-language regression
model that prioritizes extreme resource efficiency[21, 22].
Their architecture achieved the lowest resource cost in the
challenge (0.1) by requiring merely 27.7M active parame-
ters and 6.8 GFLOPs.

Overall Architecture: To achieve this minimal com-
putational footprint, the team completely eschewed large-
scale foundation models. Instead, for the visual branch,
they employed a pre-trained EfficientNet-BO0 to extract com-
pact image features from 224 x 224 normalized inputs. For
the textual branch, product metadata was processed using
a highly compressed MiniLMv2-L.6-H384 transformer en-
coder (distilled from BERT-Large) to produce dense seman-
tic embeddings[22].

Multimodal Fusion: Maintaining their strict adherence
to efficiency, the team avoided any heavy cross-attention
modules or ensembling strategies. The visual and textual
embeddings are simply concatenated to form a joint mul-
timodal representation. This concatenated vector is then
directly passed to a lightweight Multi-Layer Perceptron
(MLP) regression head to predict the final scalar product
quality score.

Training and Optimization: Due to hardware limita-
tions, the model was trained on a 20% subset of the provided
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Figure 3. Overview of the architecture proposed by team wleach. The model leverages a fixed 384 x 384 bilinear interpolation for product
images and concatenated textual descriptions as inputs. The frozen SigLIP vision tower and pixel shuffle connector project visual features
into the multimodal decoder space, where they are fused with text tokens by the SmolLLM2 autoregressive decoder. A specialized regression
pipeline replaces the language head, featuring mask-aware mean pooling to aggregate hidden states, followed by a 2-layer MLP with a
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Figure 4. Overview of the EffiMiniVLM architecture proposed by
team yinloonkhor (Double Y). Prioritizing extreme resource ef-
ficiency, the dual-encoder framework extracts image features us-
ing a lightweight EfficientNet-BO and textual embeddings via a
MiniLMv2-L6-H384 encoder. The unimodal representations are
directly concatenated at the multimodal fusion layer and subse-
quently passed through a final regression head to predict the qual-
ity score.
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Amazon Reviews 2023 dataset (approximately 1.6 million
instances) without relying on any external data. A signifi-
cant contribution of their approach is the design of a rating-
count-based weighted Huber loss. This custom loss func-
tion computes per-sample weights based on the logarithm of
the product’s total rating number, effectively placing greater
optimization emphasis on items with more reliable, high-
volume user feedback.
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4.5. Team: PinCO

Team ps3336 presented a dual-encoder vision-language ar-
chitecture designed to maximize efficiency through offline
knowledge distillation and late fusion[23, 24].

Overall Architecture: To avoid the quadratic FLOPs
scaling typical of unified VLMs, the team utilized indepen-
dent, lightweight pre-trained encoders. The vision branch
uses Swin-v2-Tiny to process 256 x 384 product image col-
lages, while the text branch relies on DeBERTa-v3-small to
encode up to 256 tokens of concatenated text. The deployed
student model contains approximately 179.21M parameters
and requires 26.33 GFLOPs per sample.

Multimodal Fusion: For cross-modal reasoning, they
proposed a specialized 2-layer Transformer fusion module.
It first performs cross-attention where text queries attend to
vision keys and values. This is followed by self-attention
over a compact 5-token sequence that cleverly incorporates
learned category embeddings and auxiliary numeric fea-
tures. The final regression is handled by a 2-layer MLP,
with the output strictly bounded to the 1.0 to 5.0 rating range
using a scaled sigmoid activation.

Training and Optimization: A standout feature of
their pipeline is offline progressive knowledge distilla-
tion. They fine-tuned a massive 2.1B-parameter Qwen3-
VL-Embedding teacher model to generate soft labels and
embeddings, which the compact student model learned to
mimic without incurring any inference-time cost. The net-
work was optimized using a custom multi-component loss
combining MSE, Pearson correlation, and pairwise ranking
, alongside inverse-frequency sample weighting to address
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Figure 5. Overview of the dual-encoder architecture proposed by
team ps3336 (PinCO). The pipeline processes up to three product
images into a 256 x 384 collage encoded by Swin-v2-T, while tex-
tual metadata is encoded by DeBERTa-v3-small. Cross-modal rea-
soning is efficiently performed via a Cross-Attention module (text
queries, vision keys/values), followed by a 2-layer Self-Attention
block operating over a compact 5-token sequence. Finally, an
MLP regression head predicts the quality score, strictly bounded
to the [1, 5] range.

label skewness. Finally, they applied "Model Soup” by av-
eraging the weights of three independently trained student
checkpoints, securing an ensemble performance boost with
zero additional runtime penalty.

4.6. Team: Hope

Team Hope developed a scalable, single-model ap-
proach named LatentQuery Fusion, designed for hardware-
agnostic efficiency[25].

Overall Architecture: They employed a DINOv2-
base vision backbone and a lightweight DistilBERT-base-
uncased text encoder[26]. To minimize the inference foot-
print, they disabled the video branch and utilized top-k
salient image selection (k = 2) at a 224 x 224 resolu-
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Figure 6. Overview of the LatentQuery Fusion architecture pro-
posed by team Hope. The model processes up to two 224x224
images via a DINOv2-base vision tower and text up to 256 tokens
via a DistilBERT-base text tower. Both encoders are efficiently
fine-tuned using Low-Rank Adaptation (LoRA) on their respec-
tive query and value projection layers. The resulting multimodal
tokens are integrated using a Cross-Attention Latent Query Fusion
module equipped with 8 latent queries. The fused representations
are finally passed to a query-weighted MLP prediction head with
linear calibration to output a scalar rating between 1 and 5.

tion. Crucially, to ensure parameter efficiency, they applied
Low-Rank Adaptation (LoRA) to the attention projections
of both encoders. This strategy restricted trainable parame-
ters to merely 33.15M out of the 186.09M total parameters.

Multimodal Fusion: To integrate heterogeneous inputs
efficiently, they introduced a LatentQuery mechanism. This
block uses 8 latent queries across 3 transformer layers to
decouple input token density from the regression head’s
complexity. The resulting queries are passed into a query-
weighted MLP followed by linear calibration to produce the
final scalar rating.

Training and Optimization: The model was trained ex-
clusively on the official LoViF dataset without external data.
They optimized the network using AdamW and a compos-
ite objective function. The primary loss was SmoothL.1 re-



gression, heavily augmented with auxiliary terms including
a Pearson-oriented penalty, consistency loss, and distribu-
tion KL divergence terms. By avoiding complex ensem-
bles, they maintained a predictable compute budget of 70.58
GFLOPs per sample when k& = 1.

5. Discussion and Conclusion

The 1st LoViF Challenge on Efficient VLM for Multi-
modal Creative Quality Scoring successfully established a
rigorous benchmark for deploying multimodal models un-
der strict computational constraints. By analyzing the top-
performing submissions, several distinct technical trends
and valuable insights have emerged for the future of effi-
cient multimodal understanding:

1. Architectural Paradigms: Dual-Encoders and
Late Fusion. While massive unified Vision-Language
Models (VLMs) dominate general-purpose tasks, the chal-
lenge results demonstrated that decoupled dual-encoder ar-
chitectures (e.g., pairing CLIP, Swin, or EfficientNet with
lightweight language models like DeBERTa or MiniLM)
are exceptionally well-suited for efficiency-constrained re-
gression tasks. By freezing early layers and utilizing
lightweight late-fusion mechanisms (such as shallow Trans-
former encoders or latent queries), participants successfully
bypassed the quadratic computational overhead typical of
deep cross-attention layers.

2. Advanced Optimization: PEFT and Knowledge
Distillation. To maximize representational capacity within
a bounded parameter budget, top teams heavily relied
on advanced optimization strategies. Parameter-Efficient
Fine-Tuning (PEFT), particularly Low-Rank Adaptation
(LoRA), allowed models to leverage powerful foundation
models (like DINOv2) while training only a fraction of
the parameters. Furthermore, offline knowledge distilla-
tion proved highly effective; by transferring dark knowl-
edge from massive teacher models (e.g., ;2B parameters)
to compact student models ( 150M parameters), participants
significantly boosted inference accuracy without adding any
runtime latency.

3. Objective Alignment: Custom Loss Functions.
Traditional Mean Squared Error (MSE) often falls short in
quality scoring tasks where human perceptual ranking is
paramount. The most successful submissions engineered
composite loss functions that directly optimized the chal-
lenge metrics. By integrating Pearson Linear Correlation
Coefficient (PLCC) penalties, pairwise ranking losses, and
rating-count-weighted Huber losses, these models achieved
superior alignment with the ground-truth score distribu-
tions.

Conclusion. The solutions presented in this challenge
highlight that competitive multimodal quality scoring does
not strictly require billion-parameter foundation models.
With careful architectural design, offline distillation, and
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metric-aligned optimization, robust performance can be
achieved with models well under 250M parameters, and in
extreme cases, under 30M parameters. These advancements
pave the way for real-world deployment of highly efficient
VLMs in latency-sensitive and resource-constrained indus-
trial applications, such as edge-device recommendation sys-
tems and high-concurrency content moderation.

Future iterations of this challenge will explore stricter
dynamic efficiency constraints, broader multimodal inputs
(including high-framerate videos), and cross-hardware ro-
bustness to further push the boundaries of deployable low-
level vision and generative Al systems.
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