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Abstract

We present a multi-model ensemble approach for
multiple-choice video question answering in the
ECCV 2026 Perception Test Challenge. Our
framework combines a fine-tuned Qwen3-VL-32B-
Instruct model with two state-of-the-art commer-
cial multimodal APIs, Doubao-Seed-2.0-Pro and
Gemini 3.1 Pro Preview, to exploit their comple-
mentary capabilities in video understanding and
multimodal reasoning. For model fine-tuning, we
employ curriculum learning with hard-example
mining to improve performance on challenging
question types, and apply option shuffling augmen-
tation to mitigate positional bias in multiple-choice
prediction. For API-based inference, we design
question-type-specific prompting strategies to im-
prove reasoning over visual, temporal, spatial, and
semantic information. We further integrate predic-
tions from the fine-tuned and API-based models
through a strategic ensemble framework, allowing
different models to contribute according to their
strengths across different question categories. Our
final system achieves 91.40% accuracy on the chal-
lenge test set, demonstrating the effectiveness of
combining targeted fine-tuning, specialized prompt-
ing, and complementary multimodal models for
robust video question answering.

1 Introduction

Multiple-choice video question answering
(VideoQA) requires joint reasoning over visual
appearance, temporal dynamics, spatial relations,
object interactions, and semantics. The ECCV
2026 Perception Test Challenge evaluates these
capabilities across diverse video reasoning
scenarios.

Despite the strong performance of recent multi-
modal large language models (MLLMs), a single
model often performs unevenly across question

types. Moreover, fine-tuned models may suffer
from option-position bias, while challenging tem-
poral, spatial, and occlusion questions often require
explicit reasoning.

We therefore build a hybrid framework combin-
ing a fine-tuned Qwen3-VL-32B-Instruct model
with two commercial multimodal APIs, Doubao-
Seed-2.0-Pro and Gemini 3.1 Pro Preview. Our
main components are: (1) curriculum learning with
hard-example mining; (2) option shuffling augmen-
tation; (3) question-specific prompting and struc-
tured reasoning; and (4) validation-guided multi-
model ensemble. The final system achieves 91.40%
accuracy on the challenge test set.

2 Method

Our framework consists of three components:
(1) fine-tuning Qwen3-VL-32B-Instruct; (2) API-
based inference with Doubao-Seed-2.0-Pro and
Gemini 3.1 Pro Preview; and (3) question-aware
ensemble prediction.

2.1 Fine-Tuning Qwen3-VL
2.1.1 Base Training

We fine-tune Qwen3-VL-32B-Instruct on the com-
plete training set using instruction tuning. Each
sample contains a video, a question, candidate an-
swers, and the correct option.

{
"messages”: [

{
"role": "user",
"content"”:
"<video> {question}\n"
"A. {opt13\nB. {opt2}\nC. {opt3}\n”
"D. {opt4}\nE. {opt5}”

}?

{

"role”: "assistant”,
"content”: "{letter}. {answer}"”
}
]!
"videos"”: ["{video_path}"] }



2.1.2 Curriculum Learning

After base training, we evaluate performance across
question types and identify weak categories:

Thard = {t : Acc(Mo,t) < Accayg(Mo)}. (1)

Training samples belonging to these categories
form a hard subset Dy ,.q. We then further fine-tune
the base model:

Mgy = FineTune(My, Dyara)- 2)

A smaller learning rate is used in this stage to im-
prove difficult categories while preserving general
capabilities.

2.1.3 Option Shuffling

To reduce option-position bias, we randomly per-
mute the K candidate answers during training.
Given options O = {o1,...,0x} and correct in-
dex ¢, we sample a permutation 7 and obtain

O = {Oﬂ(l),...,OW(K)}, i,:W_l(i). 3)
The model is trained using the shuffled options

and updated target index 7’.

2.2 API-Based Multimodal Inference

We additionally use two strong commercial
MLLMs:

* Doubao-Seed-2.0-Pro, used for strong visual,
spatial, and temporal reasoning;

* Gemini 3.1 Pro Preview, used for long-context
video understanding and complex multimodal
reasoning.

Their predictions complement the fine-tuned
Qwen3-VL model and improve robustness across
heterogeneous question categories.

2.2.1 Question-Specific Prompting

We use lightweight question-specific instructions
instead of a single generic prompt.

Counting. The model is instructed to inspect the
entire video and count each valid occurrence inde-
pendently.

Temporal Reasoning. The model first identifies
relevant events and orders them chronologically
before answering.

Spatial Relations. The model tracks objects rel-
ative to stable references and explicitly considers
left/right, front/back, and above/below relations.

Camera Motion. The model selects a fixed refer-
ence object and distinguishes camera motion from
foreground object motion.

2.2.2 Two-Stage Occlusion Reasoning

For occlusion and viewpoint questions, we decom-
pose reasoning into two stages.

Stage 1: Visual extraction. The model deter-
mines the relevant objects, viewpoint, target trajec-
tory, and final position from the camera perspec-
tive.

Stage 2: Viewpoint transformation. The ex-
tracted position is transformed according to the
requested viewpoint:

Positiongarget = T (Positioncamera, v),  (4)

where v denotes the estimated viewpoint.

2.2.3 Test-Time Augmentation

For selected difficult samples, we evaluate multi-
ple temporal sampling or resolution variants. For
model m, the final TTA prediction is obtained by
majority voting:

gm = arg m;iX Z I [fm(xa) = y] . (5)
acA

2.3 Question-Aware Multi-Model Ensemble

We categorize each question into coarse types such
as counting, temporal, spatial, occlusion, camera
motion, and general reasoning.

Let

M = {MQwem MDoubaoa MGemini}~

For question type ¢, each model is assigned a
weight based on its validation accuracy:

A
s = R A [T )
> jem exp (Accjy /7)
The final prediction is obtained by weighted vot-
ing:

y = arg m;mx Z Wi, tM[Yym = yl. N
meM



This strategy exploits the complementary
strengths of Qwen3-VL-32B-Instruct, Doubao-
Seed-2.0-Pro, and Gemini 3.1 Pro Preview. The
final ensemble achieves 91.40% accuracy on the
ECCV 2026 Perception Test Challenge test set.

3 Experiments

3.1 Dataset and Metric

We follow the official training, validation, and test
splits of the ECCV 2026 Perception Test Challenge.
The task consists of multiple-choice VideoQA prob-
lems covering diverse visual, temporal, spatial, and
semantic reasoning scenarios. We use accuracy (%)
as the evaluation metric.

3.2 Implementation Details

Fine-Tuning. We fine-tune Qwen3-VL-32B-
Instruct using MS-Swift. The base training uses a
learning rate of 1 x 10~4, followed by curriculum
learning with a reduced learning rate of 5 x 107>,
Option shuffling is applied with a probability of 0.8
to mitigate positional bias.

API Inference. We use Doubao-Seed-2.0-Pro
and Gemini 3.1 Pro Preview for API-based multi-
modal inference. Question-specific prompts and
structured reasoning are applied according to the
question category. For difficult samples, test-time
augmentation is additionally employed to improve
prediction robustness.

Parameter Settings. For Qwen3-VL fine-tuning,
we use the AdamW optimizer with a global batch
size of 8 and train for 2,000 iterations in the base
stage, followed by 1,000 iterations on the hard-
example subset. For API inference, the tempera-
ture is set to 0.1 and the maximum output length
is limited to 4,096 tokens. For test-time augmen-
tation, we use multiple temporal sampling offsets
and input resolutions, and aggregate the resulting
predictions by majority voting.

3.3 Main Results

Table 1 summarizes the models used in our final
system. The three models provide complementary
capabilities, and their predictions are integrated
using the validation-guided ensemble described in
Section 6.

The final ensemble achieves 91.40% test accu-
racy. The improvement benefits from the comple-
mentary strengths of the three models, together

Table 1: Performance of our final system on the ECCV
2026 Perception Test Challenge.

Method Test Acc.
Qwen3-VL-32B-Instruct  81.62%
Doubao-Seed-2.0-Pro 78.43%
Gemini 3.1 Pro Preview 82.56%
Ensemble (Ours) 91.40%

with targeted fine-tuning, question-specific prompt-
ing, and validation-guided ensemble prediction.

3.4 Qualitative Analysis

We observe that structured reasoning is particu-
larly helpful for occlusion, spatial, and temporal
questions. Decomposing complex problems into
visual information extraction and subsequent rea-
soning reduces errors caused by viewpoint ambigu-
ity or incomplete temporal tracking. Nevertheless,
repeated-action counting remains challenging, as
models may occasionally miss short or visually
similar events.

4 Conclusion

We present a hybrid multi-model framework for
multiple-choice VideoQA in the ECCV 2026 Per-
ception Test Challenge. Our approach combines
curriculum-based fine-tuning and option shuffling
for Qwen3-VL-32B-Instruct with API-based infer-
ence from Doubao-Seed-2.0-Pro and Gemini 3.1
Pro Preview. Question-specific prompting, struc-
tured reasoning, and validation-guided ensemble
prediction further improve robustness across di-
verse question types.

Our final system achieves 91.40% accuracy on
the challenge test set, demonstrating the effec-
tiveness of combining complementary multimodal
models for video question answering.
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