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Standard Vision-Language Models (VLMs) suffer from Moravec’s paradox: they excel at complex
offline visual reasoning, but fail and suffer computational inefficiency on simple streaming per-
ception tasks. We present Mage-VL, an efficient codec-native streaming foundation model for
real-time multimodal understanding and interaction. At its core, our custom tokenizer, Mage-ViT,
replaces uniform frame sampling by selectively encoding dynamic, entropy-rich regions using
motion vectors and residual energy across sparse anchor (I) and predicted (P) frames. Operating
at a 16 x 16 patch level, this reduces visual token consumption by over 75% while preserving
spatio-temporal context. Trained from scratch on approximately 560M unlabeled images and
100M unlabeled video frames, Mage-ViT matches or outperforms flagship encoders trained on
billions of image-text pairs. We establish AI4AI data pipelines, encompassing prompt-code joint
optimization for multimodal captioning and Al-driven performance diagnosis to guide training
recipes. Furthermore, through a bio-inspired dual-system architecture—a lightweight System 1
event gate and a causal System 2 decoder—Mage-VL enables proactive streaming perception.
Extensive evaluations show that Mage-VL-4B matches Qwen3-VL-4B on static tasks while achiev-
ing strong gains in video understanding and 2D /3D spatial reasoning with up to 3.5x wall-clock
inference speedup, comprehensively surpassing the 15B Phi-4-reasoning-vision baseline. Beyond
model artifacts, we deliver seven key empirical findings covering pre-training data efficiency,
variable-resolution scaling, codec system acceleration, VideoQA SFT redundancy, motion-spatial
synergy, AI4AT data pipelines, and Zero-Vision SFT for multimodal RL.
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1 Introduction

Recent vision-language models (VLMs) have substantially advanced multimodal intelligence [1-3].
These models can decipher complex code [1], read dense documents [2], and solve geometry prob-
lems [3] with high proficiency. However, extending these capabilities to continuous video streams
exposes a modern manifestation of Moravec’s paradox [4]. Existing open-source VLMs—such as
Qwen-VL [5, 6], InternVL [7], LLaVA-OneVision [8], Keye-VL [9], and Cambrian [10]—perform
well on complex reasoning over sparsely sampled keyframes, yet remain slow and computationally
heavy when responding to dynamic visual events.

This paradox stems from a structural mismatch between continuous visual input and current
model architectures. Physical perception is continuous and event-driven, whereas mainstream
VLMs rely on vision encoders pre-trained on web-scale static images. Kimi-VL [11], for instance,
initializes its vision encoder from SigLIP2 [12], which is trained on over 10 billion image-text
pairs. When processing videos, these models typically use uniform frame sampling at fixed
resolutions. This strategy ignores spatio-temporal redundancy: static background regions are
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Figure 1 Overview of Mage-VL. (Left) Performance comparison of Mage-VL-4B against Qwen3-VL-
4B, Phi-4-MM (5.6B), and Phi-4-reasoning-vision (15B) across spatial, video, and visual understanding
benchmarks. (Right) Codec-native video processing workflow: given continuous streaming video inputs,
Mage-VL uses motion and residual signals to select dynamic visual patches, reducing visual tokens by
approximately 75% while supporting real-time online video question answering.

repeatedly encoded even when only a small portion of the scene changes between frames. As a
result, computation scales rapidly with video duration.

Biological visual processing suggests a more efficient approach. Natural vision operates under
strict resource constraints by filtering out redundant background signals at the sensory front-end
and prioritizing dynamic motion [13-15]. Higher-level perception further relies on a dual-system
process: a fast, low-latency pathway that determines when to react [16], combined with a deliberate
reasoning process for complex tasks [17].

Inspired by this efficient dual-process design, we present Mage-VL, a codec-native streaming
foundation model. Instead of uniform frame sampling, Mage-VL models video streams by adapting
principles from classical video codecs. Built upon the OneVision Encoder architecture [18], it uses
temporal motion vectors and residual energy to selectively encode dynamic regions rich in visual
information. Incoming video is divided into anchor frames (I-frames), which are fully processed,
and predicted frames (P-frames), which retain only the patches affected by motion. Operating at
a 16 x 16 patch level, this selective encoding significantly cuts visual token count while preserving
temporal context.

Unlike standard VLMs that inherit vision encoders pre-trained on billions of static images,
we train Mage-ViT from scratch using approximately 560 million unlabeled images and 100
million unlabeled video frames. Despite this small training volume, Mage-ViT performs on par
with, and on several image and video benchmarks better than, established encoders trained on
billions of image—text pairs (such as SigLIP2 [12] and MoonViT [11]). This finding demonstrates
that alignment with temporal video structures and data efficiency can matter more than sheer
pre-training dataset scale. Furthermore, while Mage-ViT is trained using H.265, it exhibits strong
robustness across codec families: when paired with neural codecs such as DCVC [19] at inference
time, it maintains comparable performance while further reducing visual token overhead.

Building on Mage-ViT, we pre-train and fine-tune the Mage-VL foundation model through a
progressive five-stage curriculum. While the earlier four stages inherit structural archetypes from



LLaVA-OneVision2 [20], they differ fundamentally in data composition and strategic objectives.
In Stage 1, we warm up the model with dense image captions and short-video captions using
roughly four times the captioning data of LLaVA-OneVision2, endowing the language model
with broad visual understanding capabilities. In Stage 2, we introduce image instruction data,
temporal grounding tasks, spatial supervision, and additional video captions to establish instruction
following and grounding capabilities. In Stage 3, we train on long-video captions to extend the
model’s perceptual context window. This teaches the model about event ordering and long-range
dependencies. In Stage 4, we switch video supervision to codec video streams. Benefiting from
our bio-inspired predictive patch mechanism, codec tokenization consumes approximately 1/8 or
fewer visual tokens compared to dense frame sampling, allowing us to train on video sequences
that are eight times longer than those in Stage 3. In Stage 5, we perform streaming training: we
convert the earlier video captions into a streaming format and train a proactive gate on top of the
Mage-ViT to serve as System 1. This gate decides when the model should respond to incoming
streaming inputs. Once triggered, the full model acts as System 2 to perform comprehensive
reasoning and generate the response. The resulting Mage-VL supports continuous perception,
event-triggered interaction, and conventional user-initiated question answering within a single
model. Notably, Mage-VL achieves strong performance within the 4B parameter class, particularly
on video understanding and spatial reasoning. It also substantially outperforms larger Phi-family
baselines, including Phi-4-multimodal-instruct (5.6B) [21] and Phi-4-reasoning-vision (15B) [22],
across most evaluated dimensions, despite using considerably fewer parameters.

Beyond the model itself, this work provides systematic empirical studies and practical insights
into efficient multimodal modeling, summarized in seven key findings: First, we show that web-
scale pre-training is not essential for visual encoders; a custom backbone trained on merely 560M
unlabeled images and 100M video frames can achieve performance competitive with encoders
trained on multi-billion-scale image-text corpora [12]. Second, variable-resolution pre-training
enables continuous, monotonic performance scaling with visual token budgets without resolution
degradation. Third, codec-native tokenization establishes a superior spatio-temporal accuracy-
efficiency frontier, achieving up to 3.5x wall-clock inference speedups over uniform frame sampling.
Fourth, we show that explicit long VideoQA SFT is redundant; fine-tuning solely on dense video
detailed captions alongside short video SF'T is fully sufficient for strong zero-shot long VideoQA
capabilities. Fifth, dynamic video training significantly enhances static 2D /3D spatial reasoning,
validating the principle that motion and spatial structure are inherently synergistic [23]. Sixth,
we demonstrate an AI4Al data pipeline where agentic closed-loop feedback and prompt-code
co-design systematically boost caption quality and downstream benchmark performance, inspiring
SkillOpt-Lite [24]. Seventh, we reveal that bypassing visual SET in favor of pure-text reasoning
SFT unlocks potent multimodal RL capabilities, offering a compute-efficient path to narrow the
agentic capability gap.

Overall, our main contributions are as follows:

e Codec-Native Proactive Streaming Architecture: We introduce Mage-VL, a unified streaming
VLM that operates on continuous video via sparse codec-native updates. By encoding motion-
salient patches across anchor and predicted frames, our architecture reduces visual token
consumption to 1/8 or less compared to dense frame sampling. Building on this dynamic
representation, a lightweight System 1 gate monitors incoming visual streams to trigger a
causal System 2 LLM decoder for low-latency, event-driven interaction.

« Highly Efficient Foundation Models & Open Release: We present and open-source Mage-ViT
and Mage-VL-4B. Notably, Mage-ViT is pre-trained from scratch on approximately 560M
unlabeled images and 100M unlabeled video frames, yet achieves competitive performance
compared to vision encoders pre-trained on billions of image-text pairs (e.g., SigLIP2).
Driven by this efficient vision foundation, Mage-VL-4B achieves up to 3.5x wall-clock
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inference speedups, matches Qwen3-VL-4B on static tasks while outperforming it on video
and spatial reasoning.

e AI4AI and Empirical Insights: We provide seven foundational empirical insights covering pre-
training data efficiency, resolution scaling laws, codec-driven system acceleration, VideoQA
SFT redundancy via dense captions, motion-spatial synergy, AI4AI closed-loop data pipeline
optimization, and Zero-Vision SFT for multimodal RL. These findings challenge conventional
multimodal scaling practices and provide practical recipes for efficient foundation model
development.

2 Related Work

2.1 Visual Tokenization: From Image ViTs to Codec-ViT

Most VLM visual encoders inherit the dense patch-grid representation introduced by Vision
Transformers [25], including CLIP [26], SigLIP and SigLIP2 [12, 27], DINOv2 [28], and the visual
encoders of recent Qwen-VL models [5, 6]. To reduce redundant tokens, prior work has explored
adaptive pruning and merging, including DynamicViT [29], AdaViT [30], ToMe [31], FastV [32],
and LLaVA-PruMerge [33].

For video, TimeSformer [34], ViViT [35], Video Swin Transformer [36], and VideoMAE [37]
extend visual modeling into the temporal dimension. Video VLMs further reduce token cost
through temporal compression or adaptive selection, including LLaMA-VID [38], Chat-UniVi [39],
SlowFast-LLaVA [40], MovieChat [41], LongVU [42], and VideoChat-Flash [43]. However, these
methods generally compress features after dense frame encoding or select entire frames, leaving
substantial spatio-temporal redundancy unresolved.

Codec-based representations provide a more direct way to exploit temporal redundancy.
CoViAR [44] demonstrated compressed-domain video recognition using motion vectors and
residuals, while Video-LaVIT [45] introduced codec-derived motion information into multimodal
modeling. OneVision Encoder [18] further develops codec-aligned patch sparsity, and LLaVA-
OneVision-2 [20] incorporates video-native representations into VLM training.

Mage-ViT builds on this direction by representing videos with anchor frames and sparse predicted
frames, allocating tokens only to temporally informative regions before expensive visual encoding.
Unlike image-centric encoders, Mage-ViT is trained from scratch on both image and video data,
while its codec-native design supports efficient long-video processing and incremental streaming.

2.2 Open Vision—Language Models

Modern VLMs typically connect a pretrained vision encoder to a decoder-only LLM through a
lightweight projector. Early works such as Flamingo [46] and BLIP-2 [47] explored efficient vision—
language alignment, while LLaVA [48], MiniGPT-4 [49], InstructBLIP [50], and LLaVA-1.5 [51]
established visual instruction tuning as a standard paradigm.

Recent open VLMs scale this recipe with stronger visual encoders, larger multimodal corpora, and
multi-stage training. Representative models include Qwen-VL [5, 6, 52], InternVL [7, 53], DeepSeek-
VL [54], Pixtral [55], Molmo [56], Kimi-VL [57], LLaVA-OneVision [8, 20], and Keye-VL [9].
Compact models such as Phi-3.5-Vision [58] and Phi-4-Multimodal [21] provide strong smaller-
scale baselines, while BAGEL [59], Emu3.5 [60], Ovis-U1 [61] further unify visual understanding
and generation [62].

Video VLMs largely extend this image-centric paradigm by aggregating features from sam-
pled frames. VideoChat [63], Video-ChatGPT [64], Video-LLaMA [65], and Video-LLaVA [66]
introduced early video extensions, while LLaVA-OneVision [67] and LongVA [68] improve unified
image—video modeling and long-context understanding.

Despite these advances, most video VLMs still rely on sampled frames followed by dense
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Figure 2 Codec-driven patchifier of Mage-ViT. Mage-ViT robustly supports both traditional codec
HEVC/H.265 [81] and neural codec DCVC-RT [82] to select patches from video frames according to
information density. The selected patches are composed into canvas, which is fed to Mage-ViT with
corresponding spatial-temporal positional encoding information.

per-frame tokenization. Mage-VL instead trains a video-native visual encoder from scratch and
directly consumes sparse codec-aligned visual streams, reducing temporal redundancy before it
reaches the language model.

2.3 Streaming and Online Video-Language Models

Most video VLMs operate offline, processing sampled frames as a static multi-image input before
generating a response. Recent work instead explores continuous video interaction and proactive
response timing. VideoLLM-online [69] interleaves streaming perception and language generation,
MMDuet [70] supports responses at arbitrary moments, and Dispider [71] decouples perception,
decision, and reaction. StreamMind [72] further introduces event-gated response triggering, while
JoyAlI [73] enables real-time interaction through a multi-agent pipeline.

Another line of work focuses on memory and computational efficiency for long-running streams.
Flash-VStream [74], StreamingVLM [75], and InternLM-XComposer2.5-OmniLive [76] maintain
compressed or rolling visual states for long-term streaming understanding. Streaming supervision
and evaluation have also been studied using temporally aligned data, such as LiveCC [77] and
MatchTime [78], together with benchmarks including StreamingBench [79] and OVO-Bench [80].

Unlike prior methods that mainly add streaming mechanisms to conventional frame-based
encoders, Mage-VL makes streaming native to the visual front-end. It processes rolling codec-
token windows and integrates proactive response triggering with language generation through a
dual-system architecture.

3 Mage-ViT

This section introduces Mage-ViT, the visual encoder at the core of Mage-VL. Mage-ViT is
designed primarily for video, while single images are treated as a degenerate one-frame case. It
follows the codec-aligned sparsity principle of OneVision-Encoder [18]: visual tokens should be
allocated according to where the codec spends bits, since codec bit allocation provides a natural
proxy for spatio-temporal importance. Section 3.1 describes the architecture, and Section 3.2



describes the pre-training data, objective and the two-stage recipe.

3.1 Architecture

Mage-ViT adopts a Codec-ViT architecture consisting of a codec-driven patchifier, a Vision
Transformer trunk, and a shared 3D rotary positional encoding.

Codec-driven patchifier. Mage-ViT first divides the input into 16x16 pixel patches and then
performs codec-guided sparse selection. For multi-frame inputs, a per-patch importance tensor
S e ]RZSH *W s estimated to represent how many bits or how much information the codec assigns
to that spatio-temporal patch. We adopt the traditional codecs HEVC /H.265 [81] as the default
codec in patch selection, where S is defined as a weighted combination of the magnitude of motion
vectors and the residual energy of P-frames. We note that our ViT can robustly support more
diverse codecs such as the neural codecs DCVC-RT [82]. In this case, S is obtained directly from
the codec’s learned probability model, where the negative log-likelihood of each patch corresponds
to the estimated number of bits required for coding. We observe that the resulting bit-allocation
map provides a reliable proxy for local motion and temporal variation. The codec-driven patchifier
is illustrated in Fig. 2.

Based on S, the patchifier keeps all I-frame patches, and selects the top-k P-frame patches by
importance S within a token budget B. For a 64-frame clip with 16 x 16 tokens in each frame, we
select B = 4096 tokens, corresponding to roughly 75% token reduction. We additionally support
two other video input modes: Chunk-wise patchification, which follows conventional frame-centric
paradigm to partition the input into C' temporal chunks and samples one frame per chunk; Collage
patchification, where one frame is first sampled from each temporal chunk and the sampled frames
are vertically concatenated into a single tall 2D canvas.

ViT trunk. Mage-ViT uses a 24-layer pre-norm Vision Transformer with hidden dimension 1024,
16 attention heads, and GELU MLPs at 4x expansion ratio, implemented with Flash Attention 2
[83] for both training and inference. The trunk processes variable-length visual token sequences
produced by codec-driven sparse selection. Its outputs are passed through the multimodal projector
and subsequently consumed by the language model in Mage-VL (Section 4). During batched
training, padding tokens are masked so that attention respects the valid sequence boundary of
each sample.

Shared Positional encoding. Position information for the ViT trunk is provided by a shared
3D rotary positional encoding [84] over the un-pruned spatio-temporal grid. In this case, the
spatial-temporal relations across patches are retained even when large fractions of the grid are
dropped by the codec front-end.

3.2 ViT Pre-training

Mage-ViT is trained from scratch using a two-stage pre-training pipeline.

Data. We filter the image and video dataset following the filter rules in OneVision Encoder [18].
For images, we select source images from LAION-400M [85], COYO-700M [86], OBELICS [87],
Zero250M [88], and ImageNet-21K [89]. For videos, we use videos from HowTol00M [90] and
Panda-70M [91]. It contains a diverse set of publicly available images and videos, spanning
natural photographs, artworks, documents, charts, indoor scenes, web videos, robotic trajectories,
instructional content, and high-motion clips.

Objective. We train Mage-ViT with a large-scale cluster-discrimination objective over the visual
representation space. The objective encourages semantically related samples to align with shared
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visual concept prototypes. Specifically, we extract MetaCLIP features from both image and
short-video data, perform K-means clustering over the combined corpus, and assign each training
sample to its nearest cluster centers. Mage-ViT is then optimized using negative-sampling cluster
discrimination against these visual prototypes. This objective encourages semantically related
content, such as text regions, human faces, or traffic signs, to occupy nearby regions in the learned
representation space.

Stage 1: Variable-resolution image pre-training. We first pre-train Mage-ViT on image data
with resolutions ranging from 224 to 448 and aspect ratios from 1:2 to 2:1. Images of the same
resolution are packed together to better utilize the target token budget, which we find improves
optimization efficiency. This stage uses single-image spatial patchification. Since each sample
contains only one frame, the temporal prediction pathway remains inactive. We use AdamW
with an initial learning rate of 1073, cosine decay with warm-up, gradient clipping at 1.0, bf16
mixed precision, and a large effective batch size obtained through gradient accumulation. The
negative-sampling ratio for cluster discrimination is set to r = 0.1.

Stage 2: Joint image and video pre-training. Starting from the Stage-1 checkpoint, we jointly
train Mage-ViT on image and video data. Image resolution varies from 224 to 448, while videos
are trained at resolution 256 with 64 frames per clip and a token budget of 4096. The three
patchification modes are mixed during training with approximate proportions of 50% codec, 40%
chunk-wise, and 10% collage. The learning rate is reduced to 5 x 107°. This stage activates
codec-driven temporal sparsification and jointly optimizes spatial representation learning and
spatio-temporal token selection. Training is conducted in bf16 mixed precision.

4 Mage-VL

Building upon the codec-native visual encoder introduced in Section 3, we develop Mage-VL,
a unified multimodal model for image understanding, offline video reasoning, and proactive
interaction over continuous video streams. The same model supports static images, videos of
varying durations, event-triggered commentary, and conventional user-initiated question answering.

Section 4.1 presents the unified architecture across image, offline-video, and streaming modes.
Section 4.2 describes the image, video, and streaming supervision, while Section 4.3 details the
progressive five-stage training curriculum.

4.1 Unified Architecture

Codec-native visual encoder. Mage-VL uses Mage-ViT as its shared visual encoder across image,
video, and streaming inputs. A still image is represented as a single spatial token sequence. For
video, Mage-ViT produces temporally ordered codec-token windows composed of densely encoded
anchor-frame patches and sparsely selected predicted-frame patches. Anchor frames preserve
complete scene context, whereas predicted frames retain only patches associated with motion or
visual changes. This codec-native representation avoids repeated computation over temporally
static regions while preserving fine-grained spatial and temporal information. The resulting visual
features are passed to the vision-language projector and causal language decoder.

Vision-language projector. A lightweight two-layer MLP maps Mage-ViT features into the token-
embedding space of the language model. Because Mage-ViT applies shared 3D rotary positional
encoding over the original spatio-temporal grid, retained tokens preserve their original spatial and
temporal coordinates after codec-driven sparse selection.
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Figure 3 Proactive streaming framework of Mage-VL. Mage-ViT incrementally encodes a continuous video
stream into codec-native visual features shared by the event gate and causal language decoder. The gate
evaluates each rolling visual window and predicts whether the current prefix contains a response-worthy
event. The model remains silent when the gate is closed; when it opens, the decoder generates an event-
conditioned response from the recent visual context and the given text prompt.

Causal language decoder. The language backbone is initialized from Qwen3-4B-Instruct-2507 [92].
Projected visual tokens and text tokens are processed by the same causal decoder. For images,
visual tokens form a single block preceding the text instruction. For videos, codec-token windows
are concatenated in temporal order. This unified interface allows Mage-VL to process images,
short videos, long videos, and ultra-long videos without modifying the language backbone or
introducing modality-specific decoders.

Proactive streaming mechanism. As illustrated in Fig. 3, a lightweight cognition gate contin-
uously evaluates the visual features of incoming codec windows. Given the current streaming
representation hy, the gate predicts pspeak = g(h¢) and triggers generation when pgpeax > 7, where
T is a fixed inference threshold. Background segments and non-response-worthy moments keep
the gate closed, whereas relevant events activate language generation.

During streaming inference, newly arrived codec windows are incrementally processed by the
perception pathway. The cognition gate evaluates the accumulated streaming memory, while
response generation uses a local sliding window containing the most recent codec-token segments.
A text query may be inserted at any time, whereas proactive responses are controlled by the
cognition gate. This design supports continuous perception, event-triggered commentary, and
user-initiated interaction within the same model.

4.2 Data Construction

Our training corpus contains approximately 350M image—caption pairs, 54M image-instruction
samples, 7.95M unique video—caption samples, and 3.35M streaming samples. Caption data
establish broad visual-language and temporal grounding, whereas instruction data provide task-
oriented reasoning, response formatting, and grounding behavior. The streaming corpus further
supervises response timing over causal video prefixes. During video training, selected image-
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Figure 4 Tterative prompt-optimization pipeline for image recaptioning. A frozen Qwen3-VL-32B generates
captions for a rollout batch, which are evaluated by a GPT-5 Rubric Scorer for completeness, redundancy,
coherence, and OCR fidelity. GitHub Copilot then proposes minimal prompt or code revisions, which are
evaluated on a held-out validation batch and accepted only after human review.

instruction samples are interleaved with video data to preserve static-image understanding and
general instruction-following capabilities.

4.2.1 Image Data

Scaled image-caption corpus. We construct approximately 350M image—caption pairs from two
complementary sources. The first contains 85M images from the LLaVA-OneVision-1.5 mid-
training corpus [8], while the second is obtained by filtering approximately one billion publicly
available image—text pairs [93] to retain 265M high-quality images. Images from both sources are
recaptioned using the optimized pipeline illustrated in Fig. 4. Compared with short web alt-text,
the resulting dense captions provide substantially richer descriptions of foreground and background
objects, attributes, counts, spatial relationships, actions, and global scene context. For documents,
charts, tables, posters, and screenshots, the captions additionally preserve rendered text, layout
structure, and visual-textual relationships, with visible text retained verbatim in its original
language whenever possible. Together, these data provide the primary early visual-language
supervision for Mage-VL, covering object recognition, attributes, OCR, document understanding,
chart interpretation, and spatial relationships before instruction tuning.

Caption-prompt optimization. Driven by the recent rise of the AI4Al paradigm—where auto-
mated systems and agentic workflows are deployed to iteratively scale and refine data quality [94].
We proactively designed and implemented a closed-loop data optimization pipeline over six months
ago during the early development of our framework.

The motivation is that the quality of recaptioned data depends strongly on the system prompt
used by the captioning model. We therefore develop an iterative prompt optimization pipeline
that combines multi-agent evaluation with human-in-the-loop verification, as illustrated in Fig. 4.
The optimized prompt (P;41) is subsequently used with a frozen Qwen3-VL-32B [5] to generate
the large-scale dense-caption corpus.

We initialize the optimization process with a rollout batch of 1,000 training images uniformly
sampled from ten representative visual domains, with 100 images from each domain. These
domains cover diverse content distributions, including natural scenes, people, objects, documents,
charts, rendered text, artworks, screenshots, and other visually structured content. Initial captions
are generated using the baseline LLaVA-OneVision-1.5 recaptioning prompt [8].

For each optimization iteration, a rubric-scoring agent powered by GPT-5 evaluates the generated
captions along four dimensions:

o Completeness: whether the caption covers the major objects, attributes, actions, spatial



relationships, and contextual information visible in the image;

¢ Redundancy: whether the caption contains repeated, verbose, or semantically duplicated
descriptions;

o Coherence: whether the caption is logically organized, grammatically consistent, and easy
to follow;

e OCR fidelity: whether visible text is correctly transcribed, preserved in its original language,
and associated with the appropriate visual region or document structure.

Based on the scores and diagnostic analysis, a prompt-refinement agent, implemented via
GitHub Copilot equipped with a full toolset of coding agents, proposes modifications to the current
prompt (P;). Guided by the principle of making minimal edits, Copilot refines the prompt within a
Markdown file. The proposed prompt is then evaluated through a validation gate using a separate
validation batch of 200 images. A human reviewer oversees this process to approve or reject the
modification. Revisions that fail the validation gate are rejected and archived into the logs of edit
history, while approved revisions are accepted as the new baseline prompt (P;4+1) for the next
iteration. We repeat this evaluate-refine—verify cycle for ten iterations, yielding a final prompt
that balances visual coverage, language conciseness, structural coherence, and OCR preservation.

The optimized system prompt is then used for large-scale image captioning. As illustrated
in Section 6.1, captions generated with the optimized prompt consistently improve performance
across OCR, document, chart, perception, and general visual-reasoning benchmarks. The complete
recaptioning system prompt is provided in Appendix A.

Image instruction data. In addition to dense image captions, we collect approximately 54M image-
instruction samples. The filtered mixture contains approximately 44.3M samples derived from
LLaVA-OneVision-1.5 [8] and FineVision [95], 6.0M samples from OpenBee [96], and 4.6M spatial
and GUI instruction samples from LLaVA-OneVision-2 [20]. The mixture covers general visual
question answering, OCR, documents, charts, STEM and mathematical reasoning, multi-image
understanding, spatial grounding, GUI understanding, and structured multimodal reasoning. The
spatial subset emphasizes object size, count, relative direction, distance, depth, and appearance
order, while the GUI subset covers interface-element recognition, localization, and action-oriented
reasoning. During later video stages, subsets of these samples are interleaved with video-caption and
video-instruction data. This mixed training preserves image reasoning and instruction-following
capabilities as the temporal context is progressively extended.

4.2.2 Video Data

Our video-caption corpus [20] contains approximately 7.95M unique samples: 4.2M videos of up
to 30 seconds, 2.7M videos spanning 30—60 seconds, 0.7M videos spanning 60—180 seconds, and
350K videos of approximately 10-15 minutes. For the 350K long-video subset, we divide each
video into non-overlapping segments and estimate content density using codec-stream bit counts,
retaining the segment with the highest bit count as the most visually dynamic interval. This subset
is initially processed through standard frame sampling and later revisited using codec-stream
tokenization, but is counted only once in the unique-sample total. We additionally incorporate
LLaVA-Video-178K [97], TimeLens [98], VideoChat-Flash-Training-Data [43], Molmo2-VideoTrack,
and Molmo2-VideoPoint [99] for video question answering, temporal grounding, tracking, point-
based localization, and spatio-temporal reasoning.

Duration-stratified video captions. The 4.2M short videos are sampled at 1 fps with at most 30
frames and primarily describe local actions, brief interactions, and object-state changes. The 30—60-
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Figure 5 Constructing proactive streaming supervision from timestamped video captions. Timestamped
captions are converted into gate and response targets over causal video prefixes. At each caption start
timestamp, the target is speak and the corresponding caption provides the response; all other candidate
timestamps are labeled silent. This supervision teaches the model when to remain silent and when to
generate an event-conditioned response.

second and 60-180-second subsets use up to 60 and 90 frames, respectively, providing supervision
for multi-step activities, scene transitions, event ordering, and longer action sequences. The 10-15-
minute subset initially uses up to 384 sampled frames and captures long-range event progression,
repeated actions, scene continuity, and cross-segment dependencies. Caption granularity is adapted
to video duration. Short clips receive compact, action-dense descriptions, whereas longer videos
use segment-level captions with explicit temporal progression and cross-segment references. This
supervision teaches the model how visual states evolve over time rather than treating a video as
an unordered collection of frames.

All 7.95M video-caption samples are intro-
duced through conventional frame sampling during the early and intermediate training stages.
For codec-native adaptation, the 350K long-video subset is converted into temporally ordered
codec windows using the patchifier in Fig. 2. Anchor-frame patches are retained densely, whereas
predicted frames contribute only patches selected by codec-derived motion and residual importance.
We use configurations of up to 384 and 768 frames. This conversion preserves the original caption
supervision while changing the visual observation interface. Codec-stream tokenization allocates
tokens according to spatio-temporal variation rather than assigning a dense patch grid to every
sampled frame, enabling denser temporal coverage under a comparable visual-token budget.

Frame-sampled and codec-stream representations.

4.2.3 Streaming Event Data

We construct streaming supervision from our 180-second caption corpus and existing timestamped
datasets, including MatchTime [78], LiveCC [77], and StreamingVLM [75]. All sources are
converted into a unified real-time speak/silent format.

Our streaming corpus contains 3.3M training samples: 2.8M samples converted from our 180-
second caption data and 0.5M samples derived from existing timestamped streaming datasets.
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Each sample consists of a causal video prefix, a binary speak/silent target, and (for positive
instances) a corresponding language response. All sources are normalized into the same real-time
annotation format.

As illustrated in Figure 5, an annotated video is represented as

V= {(Sjaejvcj)}évzla

where s; and e; denote the start and end timestamps of the j-th segment, and c; describes the
corresponding event, action, or speech. Following the event-gated formulation of StreamMind [100],
a caption converter transforms these timestamped annotations into real-time gate and response
targets.

For each caption (sj, ej, c;j), the start timestamp s; is assigned a positive speak label and paired
with ¢; as the target response. Candidate timestamps that do not begin a caption receive a
negative silent label. Applying this conversion to the 180-second caption corpus produces 2,801,360
real-time training samples.

All examples satisfy a no-future-frame constraint: the gate decision and target response depend
only on observations available up to the current timestamp. Applying the same conversion to the
existing timestamped datasets produces the remaining 543,943 samples and increases the diversity
of events, response styles, and interaction timings.

4.2.4 Data Curation and Balancing

All data mixtures are filtered for corrupted files, unsafe content, low-quality samples, and near-
duplicates. For caption data, we additionally remove captions that are too short to provide
meaningful visual grounding, captions whose timestamps are inconsistent with the video duration,
repeated or near-duplicate temporal descriptions, and samples flagged by caption—video consistency
checks. For streaming supervision, we balance the speak/silent labels produced by the caption
converter by subsampling redundant silent timestamps.

We balance the corpus along two additional axes. Domain balancing upweights regimes that
are underrepresented in web data but important for evaluation and deployment, including OCR,
documents, charts, STEM and mathematics, spatial reasoning, temporal grounding, and streaming
events. Duration balancing controls the proportions of short, medium, long, and ultra-long videos
at each training stage. Overall, the early stages inherit the open-data family of LLaVA-OneVision-
style training, but place greater emphasis on scaled dense image captions, temporally precise video
captions, codec-stream supervision, and calibrated cognition-gate targets.

4.3 Progressive Training Curriculum

Mage-VL is trained through a progressive five-stage supervised curriculum. The five stages
successively establish visual-language grounding, instruction following, temporal-context extension,
codec-native long-context adaptation, and proactive streaming alignment. Together, they produce
a single unified model that supports image understanding, offline video reasoning, and proactive
interaction over continuous video streams.

Stage 1: Multimodal alignment via captions. Stage 1 uses approximately 350M dense image
captions and 4.2M short-video captions [20]. Dense image captions provide the dominant supervi-
sion, forcing the model to associate Mage-ViT tokens with objects, attributes, OCR text, charts,
documents, spatial relationships, and global scene context. Fine-grained short-video captions are
included from the beginning so that the model encounters motion and state changes before the
long-video curriculum. Unlike a projector-only alignment stage, this warm-up directly trains the
model as a caption-capable multimodal language model.
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Stage 2: Instruction tuning and short temporal grounding. Stage 2 uses approximately 54M
image-instruction samples from LLaVA-OneVision-1.5 [8], FineVision [95], OpenBee [96], and
LLaVA-OneVision-2 spatial and GUI data [20], together with 3.4M video captions spanning 30-180
seconds [20]. We increase the weight of multimodal instruction data, particularly OCR, document
QA, chart reasoning, STEM and mathematics, multi-image reasoning, spatial grounding, and GUI
understanding. Short-video captions and instructions remain active to provide local temporal
grounding for actions and object-state transitions. Generic language-only or weakly visual SF'T
is assigned a low weight so that it does not dominate the visual grounding acquired in Stage 1.
This stage transforms the model from a visual describer into a general multimodal assistant while
retaining caption supervision as regularization.

Stage 3: Temporal-horizon expansion. Stage 3 retains 20M Stage-2 image-instruction samples
and introduces medium- and long-video data from LLaVA-Video [97], TimeLens [98], VideoChat-
Flash [43], Molmo2 [99], and our temporally structured captions. These data describe event order,
scene transitions, repeated actions, and cross-segment dependencies. The goal is not simply to
expose the model to more frames, but to teach it how visual states evolve over minutes and
how later events depend on earlier context. Image SF'T, spatial data, GUI data, and short-video
samples remain in the mixture to preserve static perception and instruction-following capabilities.
We also employ AI4AI at this stage. Specifically, we employ Al-based diagnostics to pinpoint
underperforming or missing capabilities, which are subsequently addressed by targeted human
data supplementation. Meanwhile, these diagnostics dynamically guide the selection of the optimal
resolution and frame count.

Stage 4: Codec-native long-context adaptation. Stage 4 uses 350K long-video captions, 4M
spatial samples [20], Molmo2 tracking and pointing data [99], and 40M retained image-instruction
samples. After the model has learned to reason over extended temporal contexts, we convert
a large fraction of video training into the codec-native representation used at inference time.
Captioned videos are represented as rolling token windows containing dense anchor-frame evidence
and sparse predicted-frame updates. This stage adapts the language model to the irregular visual
sequences produced by Mage-ViT, where token density follows visual change rather than fixed
frame slots. Long and ultra-long videos benefit most from this representation because the model
can observe more event boundaries under the same visual-token budget. Non-video instruction
data remain in the mixture to preserve image, OCR, chart, spatial, and GUI capabilities.

Stage 5: Proactive streaming alignment via cognition-gate fine-tuning. In Stage 5, we introduce
a lightweight cognition gate to enable proactive streaming interaction while keeping the base
language model completely frozen. For each causal segment, the codec-extraction pipeline packs
codec-selected patches into a compact canvas while preserving their original spatio-temporal
coordinates. These features are processed by the event-preserving feature extractor (EPFE), whose
recurrent state maintains a streaming perception memory M. used exclusively by the cognition
gate for real-time turn-taking decisions. Crucially, when the gate issues a speak decision, we do
not employ complex long-range memory for language generation. Instead, the model invokes the
frozen base VLM directly using a local sliding window of the most recent N codec-assembled
visual segments as input context to execute standard autoregressive response generation. We train
the cognition gate on approximately 3.35M streaming samples: 2.8M converted from 180-second
captions and 0.54M converted from MatchTime [78], LiveCC [77], and StreamingVLM [75], as
described in Section 4.2.3.

Throughout this stage, the visual backbone, EPFE, and language model remain strictly frozen,
and we solely fine-tune the cognition gate. At every candidate timestamp, the gate autoregressively
evaluates the accumulated streaming memory My, and predicts one of two tokens: silent or
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Table 1 Image and video representation quality of Mage-ViT. Image classification is evaluated using linear
probes with 256 visual tokens per image. Video recognition is evaluated using attentive probes with a
fixed budget of 4096 visual tokens per video. Chunk-wise evaluation uniformly samples 16 frames with 256
tokens per frame, whereas codec-based evaluation distributes the same budget over 64 frames using sparse
patch selection. Baseline video encoders are evaluated using their 16-frame representations. All values
denote top-1 accuracy (%).

Image Benchmarks

Method Backbone | Mode | DTD [101]  CIFAR-10 [102] ~SUN397 [103]  Food-101 [104]  TmageNet [105]
SigLIP [27] ViT-Large/16 Image 85.90 98.24 80.64 95.15 84.46
MetaCLIP2 [106] ViT-Large/14 Image 85.48 98.76 79.75 93.93 82.74
AIMv2 [107] ViT-Large/14 Image 86.28 98.95 81.12 94.76 85.26
SigLIP2 [12] ViT-Large/16 Image 85.90 98.31 82.36 95.85 85.92
DINOv3 [108] ViT-Large/14 Image 86.81 99.17 80.11 94.96 85.38
MoonViT [109] ViT-SO400M/14 | Image 82.77 96.81 77.83 88.56 77.18
OV-Encoder [18]  ViT-Large/14 Image 85.48 99.06 80.60 94.79 84.54
Mage-ViT ViT-Large/16 | Tmage | 85.96 99.33 82.01 95.60 85.69
Video Benchmarks
Method Backbone | Mode | Diving-48 [110] HMDB-51 [111] Perception [112] Charades-Ego [113] ~ K400 [114]
SigLIP [27] ViT-Large/16 Chunk 54.70 78.80 51.00 11.70 79.10
MetaCLIP2 [106] ViT-Large/14 Chunk 42.10 78.20 51.10 11.20 84.00
AIMv2 [107] ViT-Large/14 Chunk 55.70 82.60 56.40 12.40 82.20
SigLIP2 [12] ViT-Large/16 Chunk 62.30 84.61 58.47 13.75 83.93
DINOv3 [108] ViT-Large/14 Chunk 61.30 79.70 60.80 14.00 83.90
MoonViT [109] ViT-SO400M /14 | Chunk 43.95 7717 56.95 10.56 79.73
1o - Chunk 60.86 83.68 60.04 12.61 84.81
OV-Encoder [18]  ViT-Large/14 Codec 65.32 84.80 60.16 12.81 84.87
N I e Chunk 60.45 85.13 58.91 13.49 84.83
Mage-ViT Vil-Large/16 1 0 qec 64.14 85.17 59.17 13.31 84.66

speak. Caption start timestamps provide speak targets, while all other timestamps serve as silent
targets. To address the inherent sparsity of speak events, we optimize a class-weighted token
cross-entropy loss:

Egate = - Z Wg, Ing(gt ’ g<t, Mper)a gt € {silent, Speak}‘
t

When ¢g; = speak, the recent N-segment codec visual canvas is passed directly to the frozen
language model for autoregressive generation. Restricting optimization to the cognition gate
adds proactive response timing while preserving the image and video understanding capabilities
acquired during the preceding stages.

5 Experiments
5.1 Experimental Setup

Models under evaluation. We evaluate Mage-VL-4B, which combines the from-scratch Mage-
ViT visual tokenizer (Section 3) with a Qwen3-4B-Instruct-2507 language backbone [92]. At
inference time, videos are represented as codec-token streams on a shared 16x16 patch grid:
anchor frames are encoded densely, whereas predicted frames contribute only patches selected
by the codec-derived importance signal. We report three codec-canvas operating points with
different accuracy—efficiency trade-offs. The default tc32 setting uses the largest visual budget and
generally delivers the strongest performance; tc16 provides a balanced configuration with lower
evaluation cost and competitive accuracy; and the lightweight tc§ setting prioritizes latency while
retaining much of the higher-budget performance. Their nominal canvas budgets correspond to the
visual workloads of 32, 16, and 8 uniformly sampled frames, respectively, enabling matched-budget
comparisons with frame-sampling baselines. Still images use single-image spatial patchification.
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Figure 6 Effect of the visual-token budget on image representation quality. We evaluate frozen visual
features on Food-101 and ImageNet while increasing the number of input visual tokens. Mage-ViT, which
is trained with variable-resolution inputs, consistently benefits from larger token budgets and achieves its
best performance at the highest evaluated resolution. In contrast, the fixed-resolution baselines generally
saturate or degrade after reaching their optimal token budget.

Baselines. Our primary comparison is Qwen3-VL-4B-Instruct [5], which uses a language model
of the same parameter scale but a conventional dense visual front-end. We additionally compare
with Phi-4-Multimodal-Instruct (Phi-4-MM, 5.6B) [21] and Phi-4 reasoning-vision (Phi-4-R-V,
15B) [22]. For the visual-representation study in Section 5.2, we compare Mage-ViT with public
contrastive and self-supervised encoders, including SigLIP [27], SigLIP2 [12], MetaCLIP2 [106],
AIMv2 [107], DINOv3 [108], MoonViT [109], and OV-Encoder [18].

Benchmarks. We organize the evaluation into four groups. First, representation quality (Table 1)
directly evaluates Mage-ViT using linear probes for image classification and attentive probes for
video recognition. Second, image understanding (Table 3) covers document and chart understand-
ing, OCR, general VQA, and 2D /3D spatial intelligence. Third, video understanding (Tables 4
and 5) covers video QA, temporal grounding, video spatial reasoning, and referring-video tracking.
Finally, proactive streaming is evaluated in Section 5.4 in terms of both response timing and
response quality.

Protocol. All supported downstream benchmarks are evaluated using lmms-eval [115] with the
official prompt templates and scoring rules. We apply no model-specific prompt tuning, semantic
rewriting, or manual output correction. For matched-budget video comparisons, the visual-input
budget is controlled as described in Section 5.5. Temporal-grounding and tracking outputs are
parsed using the official evaluation procedures. Wall-clock measurements in Table 5 are collected
on a single node with eight B200 GPUs.

5.2 Evaluation of Mage-ViT

We evaluate Mage-ViT from three perspectives: representation quality under limited pre-training
data, the effect of native-resolution training across visual-token budgets, and robustness to different
codec families. Image representations are evaluated using linear probes, while video representations
are evaluated using attentive probes. Unless otherwise specified, all visual encoders remain frozen.
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Table 2 Cross-codec robustness of codec-guided patch selection. We compare the HEVC selector used
during training with the neural codec DCVC-RT at inference time, without codec-specific retraining. We
report the task score and the average token Canvas per video. DCVC-RT is constrained to use no more
tokens than HEVC.

Traditional: HEVC [81] Neural: DCVC-RT [82]

Benchmark Score Canvas Score Canvas
Video QA

MV-Bench [116] 65.1 34.0 66.5 30.5
NextQA [117] 83.1 32.7 82.6 32.1
TempCompass [118] 62.3 34.0 61.7 31.1
VideoMME [119)] 64.0 33.2 64.3 30.2
LongVideoBench [120] 61.3 32.6 60.0 29.3
LVBench [121] 418 32.2 435 29.6
MLVU-dev [122] 68.7 33.6 66.1 29.9
Temporal grounding

Charades [123] 31.4 33.7 31.6 32.0
Timelens-Charades [124] 50.7 33.5 50.5 31.9
Timelens-ActivityNet [124] 454 33.7 44.2 31.4
Timelens-QVHighlight [124]  57.4 34.3 57.5 30.7
Spatial reasoning

VSI-Bench [125] 64.3 32.8 63.7 31.3
Avg 58.0  33.4 (100%) 577 30.8 (92%)

5.2.1 Learning Strong Visual Representations from Limited Data

As summarized in Table 1, we comprehensively evaluate Mage-ViT on both standard image
recognition benchmarks via linear probing and video action/event recognition via attentive
probing. Across both modalities, Mage-ViT demonstrates strong representation capacities without
requiring massive web-scale pre-training datasets.

Image representation performance. On standard 2D image benchmarks, Mage-ViT delivers
performance that consistently rivals or exceeds top-tier visual encoders trained on billions of
images. Specifically, Mage-ViT achieves the highest top-1 accuracy on CIFAR-10 (99.33%)
and exhibits highly competitive performance on coarse-grained and fine-grained classification
tasks, such as SUN397 (82.01%), Food-101 (95.60%), and ImageNet-1K (85.69%). Notably, its
performance closely matches SigL.IP2 (85.92% on ImageNet) and surpasses established strong
backbones including MetaCLIP2, AIMv2, and OV-Encoder. Importantly, while OV-Encoder relies
on a smaller 14 x 14 patch size, Mage-ViT adopts a larger 16 x 16 patch grid, achieving comparable
or superior representation quality with fewer visual tokens. This confirms that our pre-training
scheme effectively constructs a highly transferable and semantically rich feature space for static
visual concepts using significantly fewer visual tokens and pre-training samples.

Video representation performance and temporal adaptation. When extended to temporal video
understanding, Mage-ViT demonstrates superior temporal modeling and efficiency, particularly in
motion-heavy and long-horizon scenarios:

e Chunk-wise Evaluation: Under the standard 16-frame uniform sampling protocol, Mage-
ViT achieves a top-1 accuracy of 85.13% on HMDB-51 and 84.83% on Kinetics-400 (K400),
outperforming strong baselines such as SigLIP (78.80% and 79.10%) and DINOv3 (79.70% and
83.90%). On fine-grained action perception benchmarks like Diving-48 (60.45%), Mage-ViT
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significantly outperforms traditional image-centric models, highlighting its robust spatial-
temporal feature extraction.

e Codec-based Sparse Sampling: When leveraging sparse patch selection across an expanded
temporal context of 64 frames under the exact same visual token budget (4096 tokens), Mage-
ViT exhibits substantial performance boosts on motion-critical tasks. Specifically, the accuracy
on Diving-48 jumps from 60.45% to 64.14% (+3.69%), and HMDB-51 reaches a peak accuracy of
85.17%. This confirms that the spatio-temporal representations learned by Mage-ViT naturally
pair with codec-driven sparse tokenization, enabling the model to capture fine-grained temporal
dynamics over longer video horizons without increasing computational or memory overhead.

N

Finding 1: Web-Scale Pre-training is Not Essential for VLM Visual Encoders.
Despite being trained from scratch on a modest corpus, Mage-ViT achieves visual
representation quality competitive with flagship encoders like Sigl.LIP2, proving that
architectural and objective design can effectively substitute for web-scale pre-training
data.

5.2.2 Native-Resolution Scaling across Visual-Token Budgets

To further evaluate how visual representations adapt to flexible input resolutions, we analyze
performance across an increasing visual token budget (from 196 to 676 tokens per image) on
Food-101 and ImageNet-1K, as shown in Fig. 6.

Monotonic resolution scaling vs. fixed-resolution degradation. Visual encoders exhibit funda-
mentally distinct scaling behaviors depending on their pre-training resolution strategies:

o Fixed-Resolution Baselines (SigLIP2 & OV-Encoder): Because these models are pre-trained on
fixed spatial grids, evaluating them under larger token budgets introduces severe positional
distribution shifts. Consequently, SigL.IP2 reaches its peak performance at 256 tokens on
ImageNet (~ 85.9%) and continuously degrades as the token budget expands to 676 (~ 84.7%).
Similarly, OV-Encoder experiences a clear performance drop beyond 484 tokens.

o Variable-Resolution Encoders (MoonViT & Mage-ViT): Encoders pre-trained with variable-
resolution objectives naturally adapt to flexible spatial formats. While MoonViT avoids
high-resolution collapse, its overall representation capacity remains low across all budget
settings. In contrast, Mage-ViT achieves the best of both worlds: its representation quality
monotonically improves as the visual token budget increases—reaching peak accuracy at 676
tokens (> 96.1% on Food-101 and > 86.3% on ImageNet)—while consistently outperforming
all baselines at every evaluated resolution.

This superior extrapolation capacity confirms that Mage-ViT seamlessly accommodates dynamic
visual sequence lengths, making it an ideal visual backbone for Large Multimodal Models (LMMs).

N

Finding 2: Variable-Resolution Pre-training Enables Continuous Monotonic Scaling
with Resolution and Token Budgets. While fixed-resolution vision encoders suffer
from sharp performance degradation when evaluated at higher resolution budgets,
Mage-ViT leverages variable-resolution pre-training to achieve continuous, monotonic
quality gains without saturation.
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Table 3 Image understanding and spatial intelligence across STEM /math, document understanding, general
VQA, perception/alignment, and 2D /3D scene geometry, embodied /viewpoint, cross-view, and relational
spatial benchmarks. Dark blue and light blue background colors indicate the best and second-best
results per row, respectively.

Benchmark Mage-VL-4B  Qwen3-VL-4B [5] Phi-4-MM-5.6B [21] Phi-4-R-V-15B [22]
Document understanding

DocVQA-val [126] 95.14 94.69 92.79 76.20
InfoVQA-val [127] 80.33 79.50 71.84 55.41
AI2D w/ Mask [128] 83.16 81.54 81.83 82.87
AI2D w/o Mask [128] 91.87 92.20 91.35 93.81
ChartQA [129] 84.88 83.96 83.76 83.40
OCRBench [130] 81.80 81.60 81.70 73.90
CC-OCR Doc [131] 32.25 39.69 4.99 17.65
MultiDocVQA-val [132] 87.46 87.21 46.84 58.35
DUDE [133] 46.44 50.98 3.78 34.34
WebSRC-val [134] 92.80 95.40 71.30 76.60
ChartQAPro [135] 32.57 26.79 0.13 25.38
TextVQA-val [136] 77.28 80.55 39.93 76.06
CharXiv-Description [137] 75.85 74.40 18.65 75.98
CharXiv-Reason [137] 35.20 26.10 0.10 36.10
General VQA

MMBench-EN-dev [138] 84.02 83.25 65.81 84.19
MMBench-CN-dev [138] 82.04 80.58 75.17 79.47
RealWorldQA [139] 70.46 70.85 60.65 70.72
MDMStar [140] 67.32 62.04 61.24 59.63
MME-Perception [141] 1709.54 1703.50 1409.66 1590.21
SeedBench (All) [142] 76.78 75.65 68.28 73.70
SeedBench-Image [142] 79.32 78.87 74.48 77.97
SeedBench2-Plus [143] 69.21 69.65 68.38 69.48
MMT-val [144] 64.47 66.52 59.19 64.89
CV-Bench [10] 87.79 85.37 57.09 81.31
MME-RealWorld [145] 66.52 63.20 32.45 57.80
MME-RealWorld-CN [145] 61.33 63.09 21.19 46.07
Spatial intelligence

CV-Bench-2D [146] 82.13 81.00 56.12 80.11
CV-Bench-3D [146] 94.75 92.30 56.92 82.50
BLINK [147] 65.11 65.10 35.24 57.80
EmbSpatial [148] 82.67 77.50 41.51 72.67
CRPE-Relation [149] 76.12 77.70 34.60 74.46
CrossPoint [150] 80.00 26.90 12.20 47.73
ERQA [151] 36.00 42.30 30.75 40.25
MMSI-Bench [152] 28.20 31.00 28.80 25.70
SAT [153] 67.33 69.30 55.33 66.67

5.2.3 Robust Token Selection across Codec Families

As introduced in Section 3.1, Mage-ViT uses a codec-derived importance map to select informative
patches from predicted frames. During training, this map is computed from HEVC [81] using
motion-vector magnitude and residual energy. Since these signals are specific to the coding process
of a traditional codec, an important question is whether the resulting token-selection strategy
generalizes to fundamentally different codec families.

We evaluate this by replacing the HEVC-based selector at inference time with DCVC-RT [82], a
neural video codec whose learned probability model estimates local coding cost through negative
log-likelihood. No codec-specific retraining or adaptation is applied. As shown in Table 2, the
two selectors achieve nearly identical average performance across video QA, temporal grounding,
and spatial reasoning benchmarks, while the neural-codec selector uses a smaller average token
canvas. Performance also remains comparable across most individual tasks, with no consistent
degradation after switching codec families.

These results indicate that codec-guided token selection does not depend on the particular
motion-estimation, residual-coding, or probability model used by a codec. Although HEVC and
DCVC-RT implement compression through different mechanisms, both assign greater coding cost
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Table 4 Video understanding and temporal grounding. Mage-VL and Qwen3-VL-4B share the 4B Qwen3
LLM backbone and differ only in the visual front-end (Qwen3-VL: dense ViT; Mage-VL: Mage-ViT); Phi-4-
MM and Phi-4-R-V are reported for reference. Dark blue and light blue background colors indicate the
best and second-best results per row, respectively.

Benchmark Mage-VL-4B  Qwen3-VL-4B [5] Phi-4-MM-5.6B [21] Phi-4-R-V-15B [22]
Video QA

MV-Bench [116] 65.1 66.7 44.9 49.2
NextQA [117] 83.1 79.8 54.1 69.0
VideoMME [119] 64.0 59.7 44.7 55.3
LongVideoBench [120] 61.3 57.7 41.14 51.2
LVBench [121] 41.8 39.2 25.31 34.4
MLVU-dev [122] 68.7 61.5 44.18 51.8
VideoMME (w/ sub.) [119] 66.3 70.2 45.4 58.3
VideoMME-V2 [154] 24.3 24.4 19.2 23.9
VideoEval-Pro [155] 45.2 20.7 14.35 16.8
JumpScore [20] 45.60 3.82 3.61 1.53
MMOU-Test-Mini [156] 39.3 38.1 32.22 51.9
Temporal grounding

Timelens-Charades [124] 50.7 43.1 4.09 20.6
Timelens-ActivityNet [124] 45.4 28.4 2.03 23.0
Timelens-QVHighlight [124] 574 34.9 2.47 11.6
Spatial reasoning

VSI-Bench [125] 64.3 53.3 24.09 25.5
Tracking (JEF)

Ref-DAVIS17 [157] 25.83 7.48 3.14 2.15
MeViS-ValidU [158] 22.55 3.16 10.28 1.53
ReasonVOS [159] 17.76 9.66 9.50 9.77
Ref-YT-VOS [160] 25.57 5.28 8.64 3.85

to regions that are difficult to predict from temporal context. Motion-vector magnitude, residual
energy, and neural-codec negative log-likelihood therefore provide different estimates of the same
underlying signal: local temporal predictability.

Importantly, Mage-ViT consumes only the resulting patch-importance map, rather than codec-
specific syntax or latent representations. The visual tokenizer is therefore decoupled from the
mechanism used to estimate coding difficulty. This establishes temporal predictability as a
transferable criterion for allocating visual tokens and allows codec-guided tokenization to generalize
across traditional and neural compression systems.

5.3 Evaluation of Mage-VL
5.3.1 Image Understanding

Table 3 reports model performance across three core capability dimensions: document understand-
ing, which aligns with Microsoft’s primary domain applications; general VQA, which evaluates
general multimodal proficiency; and spatial intelligence, which represents a core strategic fo-
cus of Mage-VL. Against the matched-LLM Qwen3-VL-4B control, Mage-VL is competitive on
aggregate and clearly ahead on the categories that our caption-heavy curriculum targets. On doc-
ument, OCR, and chart understanding, Mage-VL leads on the majority of benchmarks—including
DocVQA (95.14), InfoVQA (80.33), ChartQA (84.88), OCRBench (81.80), and AI2D-with-mask
(83.16)——consistent with the dense-recaptioning and verbatim-OCR emphasis of our data pipeline.
On general VQA, the two models trade wins within small margins, with Mage-VL achieving
top results on MMStar (67.32), MME-Perception (1709.54), and CV-Bench (87.79), while com-
prehensively surpassing the similarly-sized Phi-4-MM across the board. The clearest and most
consistent gains appear in the spatial-intelligence block: Mage-VL improves over Qwen3-VL on
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Table 5 Video performance and evaluation efficiency across token/codec budgets. Performance uses each
benchmark’s primary metric (1); evaluation efficiency is reported as wall-clock Time in seconds ({) on a
single 8xB200 node. Qwen3-VL and Phi-4-R-V use 32 frames, and their time excludes estimated video-
loading time (1.01N/8 and 1.01N for N samples, respectively), whereas Mage-VL reports full measured
wall-clock time. Dark blue and light blue backgrounds indicate the best and second-best performance
per row.

Mage-VL-4B (tc8) Mage-VL-4B (tc16) Mage-VL-4B (tc32) Qwen3-VL-4B [5] Phi-4-R-V-15B [22]
Benchmark Perf. (1) Time (s) ({) Perf. (1) Time (s) ({) Perf. (1) Time (s) (}) Perf. (1) Time (s) ({) Perf. (1) Time (s) (1)
Video QA
MV-Bench [116] 65.1 893 65.5 972 65.1 1054 66.7 1268 49.2 2923
NextQA [117] 80.8 415 82.4 502 83.1 642 79.8 1460 69.0 29024
TempCompass [118] 61.5 389 62.4 510 62.3 729 72.7 433 34.8 3518
VideoMME [119] 57.9 270 61.8 439 64.0 534 59.7 463 55.3 3187
LongVideoBench [120] 56.2 279 63.1 1308 61.3 345 57.7 365 51.2 2617
LVBench [121] 38.9 213 38.9 266 41.8 333 39.2 554 34.4 2692
MLV U-dev [122] 63.2 296 65.6 326 68.7 361 61.5 786 51.8 6326
Temporal grounding
Charades [123] 34.1 534 33.2 417 31.4 729 45.9 707 0.3 1844
Timelens-Charades [124] 46.4 483 50.4 538 50.7 623 43.1 643 20.6 3607
Timelens-ActivityNet [124] 32.9 554 39.7 622 45.4 785 28.4 766 23.0 4611
Timelens-QVHighlight [124] 42.6 357 52.1 358 57.4 421 34.9 402 11.6 1643
Spatial reasoning
VSI-Bench [125] 55.7 329 61.1 368 64.3 537 53.3 255 25.5 4360

CV-Bench-3D (94.75 vs. 92.30), EmbSpatial (82.67 vs. 77.50), and dramatically on cross-view
point correspondence (CrossPoint 80.00 vs. 26.90), where codec-aligned patchification preserves
the dense, geometrically-consistent structure that viewpoint matching requires. Despite using
roughly a quarter of its parameters, Mage-VL also surpasses Phi-4-R-V (15B) on the large majority
of these spatial benchmarks.

5.3.2 Video Understanding

Table 4 reports video understanding under the same matched-LLM comparison, so that Mage-VL
and Qwen3-VL-4B differ only in the visual front-end. Mage-VL improves on most video-QA
benchmarks, including VideoMME (+4.3), MLVU (+7.2), LongVideoBench (43.5), LVBench
(4+2.6), NextQA (+3.3), and especially the long and realistic VideoEval-Pro (424.5). Qwen3-VL
remains stronger on MV-Bench, TempCompass, and MMVU, which lean more on dense per-
frame appearance than on temporal localization. The gains concentrate in localization-heavy
regimes: on temporal grounding Mage-VL improves by +7.6, +17.1, and +22.5 on the Timelens
Charades/ActivityNet/QVHighlight splits; on video spatial reasoning by +11.0 on VSI-Bench;
and on referring-video tracking by roughly +18 to +20 J&F points on Ref-DAVIS17, MeViS, and
Ref-YouTube-VOS (and +8.1 on ReasonVOS).

Notably, these competitive long VideoQA capabilities are achieved without any long VideoQA
SFT; instead, Mage-VL relies solely on short video SFT alongside detailed video captions. The
dense temporal-visual alignment established by video captions enables the base LLM to handle
VideoQA tasks zero-shot, bypassing the need for heavy VideoQA instruction tuning. Table 5
further shows that the lightweight tc8 setting preserves most of these gains at a fraction of the
visual-token cost, confirming that the advantage does not hinge on a large frame budget.

Finding 3: Dense Video Captions Bypass Long VideoQA SFT. Without explicit long
VideoQA instruction tuning, fine-tuning solely on video detailed captions (alongside
short video SF'T) is sufficient for strong VideoQA capabilities. High-quality captioning
establishes solid temporal-visual alignment, allowing the base LLM to generalize to
long VideoQA zero-shot.

\ J

Beyond temporal grounding and video-level reasoning, we observe an intriguing positive transfer
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Table 6 Response timing evaluation on SoccerNet-Caption [161]. Metrics include TriggerAcc, TimVal,
per-position F1, ROC-AUC, and PR-AUC. Best results per column are in bold.

Method TriggerAcc TimVal F1  ROC-AUC PR-AUC
StreamMind [100] 52.18 47.36 - - -
JoyAI-VL-Interaction-9B [73] 97.98 19.25  3.55 56.26 1.68
Mage-VL-4B 79.21 55.54  16.35 83.14 9.30

from dynamic video training to static spatial intelligence. While traditional paradigms often
treat spatial reasoning and temporal video understanding as isolated capabilities, exposure to
continuous video streams—rich in egocentric perspective shifts, camera trajectories, and object-
environment interactions—provides a strong inductive bias for fine-grained 2D /3D geometric
perception. Although rigorous single-variable ablations remain challenging due to the tightly
coupled joint pre-training recipe, our empirical results across spatial benchmarks (e.g., CV-Bench
and EmbSpatial) strongly support this cross-task synergy.

Finding 4: Dynamic Video Training Synergizes with Spatial Intelligence. Incorporat-
ing dynamic video sequences with rich viewpoint transitions and spatial interactions
enhances 2D /3D spatial reasoning capabilities, allowing Mage-VL to achieve strong
performance on static spatial benchmarks alongside temporal video tasks.

. J

5.4 Streaming Video Understanding

To systematically evaluate Mage-VL in continuous video streams, we investigate both its response
timing (when to speak) and response quality (what to say), accompanied by a qualitative case
study on real-world sports broadcasts.

Response timing. We evaluate our codec-native streaming model on the SoccerNet-Caption
validation split following the StreamMind evaluation protocol [100]. The decision gate is evaluated
at every valid streaming position via an argmax over the silent/speak logits using exact canvas-
position matching with zero temporal tolerance. We report TriggerAcc (fraction of correctly
predicted gate positions) and TimVal (which balances speak and silence correctness), both macro-
averaged across 98 match halves. Additionally, raw per-position F1, ROC-AUC, and PR-AUC are
reported without temporal tolerance.

For reference, baseline numbers for StreamMind are directly taken from its original publica-
tion [100]. Notably, StreamMind was explicitly trained in-distribution on SoccerNet-Caption,
whereas Mage-VL achieves superior event-triggering performance under strict, zero-tolerance
canvas-position matching without domain-specific over-tuning. Note that JoyAl is evaluated at
1 Hz with a relaxed +1-second window.

As presented in Table 6, JoyAI-VL-Interaction exhibits a severe bias toward predicting silence.
Due to the extreme class imbalance in SoccerNet-Caption (where silent frames dominate), JoyAl
achieves an artificially inflated TriggerAcc (97.98%) but suffers a severe degradation on precision-
sensitive and balanced metrics (e.g., 19.25% TimVal and 3.55% F1). In contrast, Mage-VL
significantly outperforms StreamMind—despite StreamMind being trained in-distribution on
SoccerNet-Caption—achieving 79.21% TriggerAcc and a state-of-the-art 55.54% TimVal. This
superior performance across ROC-AUC (83.14%) and PR-AUC (9.30%) demonstrates that Mage-
VL achieves well-calibrated, timely response triggering without collapsing into trivial silent
predictions.

21



Table 7 Results on OVO-Bench. Baseline results and table structure are adapted from SimpleStream [162].
OVO-Bench reports per-task accuracy under Real-Time Visual Perception and Backward Tracing. 7:
Qwen2.5-VL-7B + HERMES (4K tokens). OCR, ACR, ATR, STU, FPD, and OJR denote Optical Character
Recognition, Action Recognition, Attribute Recognition, Spatial Understanding, Future Prediction, and
Object Recognition; EPM, ASI, and HLD denote Episodic Memory, Action Sequence Identification, and
Hallucination Detection. “Avg.” is the mean of the Real-Time and Backward category averages. Dark blue

and light blue backgrounds highlight the best and second-best results across all models, respectively.

‘ OVO-Bench [80]

Model #Framcs‘ Real-Time Visual Perception ‘ Backward Tracing ‘ Avg
|OCR ACR ATR STU FPD OJR| Avg. |[EPM ASI HLD | Avg. |
Human — | 940 926 948 927 911 94.0|932|92.6 93.0 91.4 |92.3[92.77
Offline Video LLMs
Qwen2.5-VL-7B [6] 1fps | 67.8 55.1 67.2 42.1 66.3 60.9 | 59.9 | 51.5 58.8 23.7 | 44.7 |52.28
LLaVA-Video-7B [163] 64 69.1 58.7 68.8 494 743 59.8|63.5|56.2 574 7.5 | 404 |51.95
Qwen3-VL-4B [5] 64 779 69.7 776 60.1 76.2 755|728 [63.0 66.2 30.1 53.1 63.00
Online / Streaming Video LLMs
VideoLLM-online-8B [69] 21ps 81 239 121 14.0 455 21.2|20.8|22.2 188 122 |17.7 |19.26
Flash-VStream-7B [74] 11fps 24.2 294 285 33.7 25.7 288|284 |39.1 372 59 |274|27.90
Dispider-7B [71] 11ps 57.7 49.5 62.1 449 61.4 51.6 | 54.6 | 485 554 4.3 | 36.1 |45.35
TimeChat-Online-7B [164] 11ps 75.2 46.8 70.7 47.8 69.3 614|619 559 59.5 9.7 |41.7 |51.80
StreamForest-7B [165] 11ps 68.5 532 T71.6 47.8 654 60.9 | 61.2|58.9 64.9 323 | 52.0 |56.60
Streamo-7B [166] 1fps 79.2 578 T75.0 494 644 70.1|66.0|54.6 52.0 31.7|46.1 |56.05
HERMES-7Bf [167] 11ps 85.2 642 716 534 743 652 |69.0|48.5 622 37.6 | 49.4 |59.20
JoyAI-VL-Interaction-9B [73]  1fps 72.5 615 75.0 59.0 78.2 64.1 | 684 | 62.0 70.9 12.9 | 48.6 |58.50
Mage-VL-4B 1fps |94.63 83.49 79.31 74.16 70.30 77.17|79.84|50.17 61.49 32.80 48.15|64.00

Response quality. Beyond timing accuracy, we evaluate the streaming perception quality of
Mage-VL on OVO-Bench [80] under the recent-window protocol established by SimpleStream [162],
where queries are answered using the four most recent frames sampled at 11fps. As detailed in
Table 7, Mage-VL achieves 79.84% average accuracy on Real-Time Visual Perception and 48.15%
on Backward Tracing, establishing a new state-of-the-art overall OVO-Bench score of 64.00%
among streaming architectures. Crucially, this competitive real-time perception capability is
attained without requiring streaming-specific fine-tuning or heavy external memory modules.

Qualitative illustration. Fig. 7 presents a qualitative case study on a live 2026 World Cup
broadcast between England and Argentina outside the SoccerNet evaluation split. As visualized,
our codec front-end dynamically retains spatial patches (16x16) associated with salient motion
and novel visual details while suppressing temporally predictable background regions. Throughout
routine gameplay (02.16s—24.50s), the event gate stays silent. At 29.36s, upon detecting an
active offensive play—where an England player drives toward the goal under close pursuit by
an Argentina defender—the event gate triggers the language decoder to proactively generate a
real-time commentary (“An England player drives toward goal, closely pursued by an Argentina
defender as the attack develops.”). This demonstrates the seamless synergy between codec-native
sparse perception and event-driven response generation in demanding live streaming scenarios.

5.5 Efficiency Analysis

To understand how codec-native tokenization alters the trade-off between visual budget and
downstream accuracy, we analyze both the scaling trends under matched visual input budgets
and the wall-clock evaluation efficiency.
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Figure 7 Codec-native proactive streaming on a 2026 World Cup broadcast (England vs. Argentina).
Eight frames from a causal match window visualize the 16x16 patches retained by the codec selector;
dimmed regions are discarded as temporally predictable. The event gate remains silent through routine
updates and triggers the language decoder at 29.36s when a response-worthy offensive play is observed.
The speech bubble shows the real-time generated response.

Matched-budget setup. We evaluate codec-input efficiency by comparing downstream performance
under an equivalent nominal visual input capacity to the vision encoder. For the uniform baseline,
frame-N denotes Qwen3-VL-4B evaluated on N € {4, 8, 16,32, 64} uniformly sampled RGB frames.
For Mage-VL, tc-N denotes a target budget of N codec canvases, constructed via adaptive temporal
grouping and salient patch packing over an 8x denser source-frame sequence (8N raw frames).
Following LLaVA-OneVision-2 [20], both paradigms share identical vision architectures (16x16
patch size, max 150K pixels per input canvas). Consequently, frame-N and tc-IN subject the vision
backbone to the same nominal token workload, but tc-N adaptively concentrates representation
capacity onto motion-salient regions across a significantly wider temporal horizon.

Accuracy-budget scaling. As illustrated in Fig. 8, codec-native tokenization establishes a consis-
tently superior accuracy-efficiency frontier over uniform sampling across long-video and fine-grained
temporal tasks. Crucially, the performance advantage (green shaded area) is most pronounced in
low-to-medium budget regimes (N < 16). On dense temporal localization benchmarks such as
TimeLens-ActivityNet, TimeLens-Charades, and TimeLens-QVHighlights, sparse uniform sam-
pling frequently misses crucial short-duration events, whereas tc-IN retains vital temporal evidence
even at N = 4. On long-video QA benchmarks (e.g., VideoMME, LVBench, and MLVU-Dev),
tc-N steadily outscales uniform sampling across all budgets (4 < N < 64). The only notable
boundary case occurs on MVBench, where both representations converge at high frame budgets,
as its short clip structures offer fewer temporally redundant regions for codec compression to
exploit. Overall, codec tokenization acts as a dynamic capacity reallocator—pruning temporal
redundancies to maximize information density per visual token.

Pareto efficiency in wall-clock time. Table 5 further highlights the practical wall-clock inference
advantages of Mage-VL. By compressing redundant video content prior to vision encoding, Mage-
VL achieves superior accuracy while drastically reducing latency. For instance, on VideoMME,
Mage-VL under tc8 achieves 57.9% accuracy in just 270s wall-clock time—outperforming Qwen3-
VL (59.7% at 463 s) in compute time while matching its accuracy at tc16 (61.8% at 439s). On
NExT-QA [168], Mage-VL (tc8) cuts the evaluation wall-clock time from 1460s down to 415s
(3.5x speedup) while achieving higher accuracy (80.8% vs. 79.8%). These results confirm that
codec-native visual representation delivers genuine end-to-end inference speedups alongside strong
empirical accuracy gains.
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Figure 8 Codec inputs versus uniform frame sampling across input budgets. Frame-N uses N uniformly
sampled RGB frames, whereas tc-IN targets N codec canvases constructed from 8N source frames. Shaded
regions highlight the performance gain of codec-native tokenization.

Table 8 Downstream performance comparison before and after image captioning pipeline optimization.

Configuration AI2D [128] ChartQA [129] InfoVQA [127] MMStar [140] OCRBench [130] MMBench-CN [138] DocVQA [126] CV-Bench [10] Realworld QA [139]
Before Optimization 82.74 84.80 74.26 62.91 76.90 78.78 93.66 78.51 69.41

After Optimization 82.97 86.32 79.88 63.43 80.70 80.15 94.74 79.68 73.20

Gain (A) +0.23 +1.52 +5.62 +0.52 +3.80 +1.37 +1.08 +1.17 +3.79
r N\

Finding 5: Codec-Native Inputs Significantly Boost Video Representation Efficiency.
By dynamically packing motion-salient patches across extended temporal horizons,
codec-native tokenization establishes a superior accuracy-efficiency frontier over uni-
form frame sampling, achieving substantially higher performance under matched token
budgets and up to 3.5x wall-clock inference speedups.

6 Discussions
6.1 AIl4Al Data Pipeline

To evaluate the effectiveness of the prompt optimization pipeline, we conduct an ablation study by
training our model on the optimized dataset, replacing the standard LLaVA-OV 1.5 full midtrain
data. Performance is measured across nine standard multimodal benchmarks. As summarized
in Table 8, the optimized caption pipeline leads to consistent improvements across all evaluated
tasks.

The evaluation results show consistent performance gains across multiple capabilities:

1. Text and Document Comprehension: The most notable gains are observed on document- and
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text-heavy benchmarks, such as InfoVQA (+5.62), OCRBench (+3.80), ChartQA (+1.52),
and DocVQA (+1.08). This aligns with the explicit OCR quality metric incorporated in the
evaluation sub-agent, which encourages the prompt optimization process to retain dense
visual text details in the captions.

2. Generalization Capabilities: Performance gains also extend to general visual reasoning and
perception benchmarks, including RealWorldQA (43.79) and MMBench-CN (+41.37). This
indicates that multi-aspect feedback helps improve caption quality globally without leading
to narrow task-specific overfitting.

Finding 6: AI-Driven Data Pipeline Optimization Enhances Downstream Perfor-
mance. Iterative dataset optimization guided by multi-dimensional LLM rubric
scoring consistently yields global quality gains across diverse benchmarks. When
linguistic prompt tuning hits a ceiling, the agent further extends to harness-level code
modifications—such as video timestamp overlays—enabling effective code-prompt
co-design.

Emergent Behavior in Video Caption Pipeline. During the iteration of the video captioning
pipeline, the evaluation sub-agent identified a recurring error pattern: the caption model GPT-4.1
frequently struggled with precise temporal localization and timestamp grounding when relying
solely on generic text prompts. Modifying the prompt text alone proved insufficient to resolve
this bottleneck due to the challenge of implicit temporal alignment across video frames. To
address this limitation, the pipeline established a synergy between harness code and prompted
model skills. Instead of requiring the model to infer time implicitly through text instructions, the
pipeline harness code modifies the input by drawing sequential timestamp overlays directly onto
the sampled video frames prior to model encoding. The prompt (skill) then guides the model
to utilize its visual OCR recognition capabilities to explicitly anchor events to these rendered
timestamps. By converting implicit temporal tracking into a visual text-grounding task, this
code-prompt co-design helps reduce temporal hallucinations and improves caption consistency
across extended video sequences.

AlI-Guided Training Diagnostics & Recipe Optimization. Through iterative Al-driven diagnostics,
we systematically identified critical data and architectural bottlenecks, which directly guided our
training configurations. First, the evaluation agent diagnosed a distinct vulnerability in the model’s
precise temporal localization capabilities; to remedy this, we strategically supplemented our dataset
with high-quality temporal grounding and localization data. Second, scaling investigations revealed
that training with a larger number of frames consistently boosts long-video performance, whereas
incorporating dedicated long-video SF'T data yielded no noticeable improvements, and scaling
the spatial resolution beyond 384 pixels offered only marginal gains. Consequently, we adopted
a spatial resolution of 384 and set the temporal length of Stage 3 to 384 frames. Finally, we
discovered that increasing the RoPE base frequency (#) to 8M was highly beneficial to stabilizing
and enhancing long-context sequence modeling over extended timelines. Together, these Al-derived
diagnostics uniquely determined our final training length, hyperparameters, and data recipes.

6.2 Zero-Vision SFT: Unlocking Agentic Capabilities

Motivation: Rethinking Visual Post-Training. Despite its strong architectural foundation, our
primary model, Mage-VL, currently exhibits a capability gap on complex agentic tasks compared
to Qwen3-VL. This gap largely stems from computational resource constraints, the lack of joint
text-multimodal mixed pre-training, and omitted RL post-training. To address these limitations
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Table 9 Effectiveness of Skipping Vision SFT before Multimodal RL. We compare our proposed Zero-
Vision SF'T + RL pipeline against the standard OV1.5 Quick Start + RL baseline across 24 multimodal
benchmarks. A denotes the net improvement of Zero-Vision RL over Quick Start RL ((B) — (C)). Bold
text indicates superior performance between the two post-RL models.

Zero-Vision Paradigm Baseline Paradigm
Benchmark (A) SFT Only (B) + RL (Ours) (C) QS + RL A (Bvs. C)
General VQA
MMStar [140] 48.73 54.80 50.33 +4.47
MMBench-EN [138] 81.10 83.69 81.25 +2.44
MMBench-CN [138] 79.16 81.59 82.91 —1.32
MME-RealWorld-CN [145] 34.32 43.40 43.82 —0.42
MME-RealWorld-EN [145] 45.25 47.55 49.31 —-1.76
SeedBench-Image [142] 75.13 75.86 73.78 +2.08
SeedBench-2-Plus [143] 59.95 62.85 60.25 +2.60
CV-Bench [10] 68.76 73.88 69.14 +4.74
RealWorldQA [139] 59.08 55.69 62.74 —7.05
Category Avg. 61.28 64.37 63.73 +0.64
Reasoning
MathVista-Mini [169] 47.10 53.50 47.20 +6.30
WeMath-Loose [170] 33.90 54.86 42.57 +12.29
MathVision-Mini [171] 22.70 31.58 30.59 +0.99
MathVision-Test [171] 25.13 38.26 31.22 +7.04
MathVerse [172] 34.31 45.48 33.47 +12.01
MMMU-Val [173] 47.11 54.22 47.00 +7.22
DynaMath-Worst [174] 16.37 22.36 14.37 +7.99
MMMU-Pro-Standard [175] 32.43 39.25 31.39 +7.86
MMMU-Pro-Vision [175] 25.72 32.49 22.95 +9.54
Category Avg. 31.64 41.33 33.42 +7.92
OCR & Chart
CharXiv-Description [137] 72.13 74.48 47.18 +27.30
CharXiv-Reason [137] 25.30 29.20 23.80 +5.40
ChartQA [129] 60.92 72.84 71.08 +1.76
OCRBench [130] 63.40 61.20 57.60 +3.60
Category Avg. 55.44 59.43 49.92 +9.52
Others
AI2D [128] 65.90 71.99 73.84 —1.85
PixmoCount [56] 38.01 41.76 27.15 +14.61
Category Avg. 51.96 56.88 50.50 +6.38
Overall Average 48.41 54.28 48.96 +5.33
Win Count (vs. QS RL) - 19 /24 5/24 -
Optimal RL Steps - 2,175 4,415 -50.7% steps

under tight compute budgets, two prevailing assumptions often act as bottlenecks: (1) explicit
visual-language SFT (Image SFT) is universally considered indispensable before post-training, and
(2) Reinforcement Learning (RL) is widely believed to be ineffective on small-data VLM regimes
(such as the LLaVA-OV scale). Contrary to these common beliefs, we hypothesize that explicit
visual SF'T during the instruction-tuning phase may actually induce catastrophic forgetting of
intrinsic textual reasoning capabilities, thereby creating a performance ceiling for subsequent
RL exploration. Drawing inspiration from Kimi-2.5 [57], we explore whether replacing visual
SFT with high-quality, pure-text reasoning instruction tuning post-midtraining can unlock potent
multimodal RL capabilities.

Experimental Pipeline and Fine-Grained Empirical Results. We validate our hypothesis using the
open-source LLaVA-OV-1.5 Quick Start dataset. Training all models from scratch, we compare two
distinct pipelines. The standard baseline follows a three-stage workflow: foundational midtraining
on LLaVA-OV-1.5 Quick Start data (Stage 1), standard visual instruction tuning (Stage 2 SFT), and
OpenMMReasoner RL [176] (Stage 3). In contrast, our proposed Zero-Vision SFT (+ RL) strategy
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bypasses visual SFT entirely: in Stage 1, we combine LLaVA-OV-1.5 Quick Start midtraining with
pure-text math and code instruction data from nvidia/Nemotron-Pretraining-SFT-v1 [177] un-
der an equivalent token budget to standard visual SF'T, before directly applying OpenMMReasoner
RL (Stage 2 RL) without any visual instruction tuning.

As detailed in Table 9, replacing visual SFT with pure-text Zero-Vision SFT in Stage 1 prior
to multimodal RL yields impressive performance gains across 24 multimodal image benchmarks,
achieving an overall average accuracy of 54.28% vs. 48.96% (+5.33% absolute margin) and winning
in 19 out of 24 tasks. Crucially, Zero-Vision RL reaches optimal convergence at only 2,175 steps,
reducing required RL iterations by over 50.7% compared to the Quick Start baseline (4,415 steps).

Analyzing category-level metrics demonstrates that preserving pure-text reasoning capabilities
pays off significantly. In Reasoning tasks (+7.92% avg. gain), Zero-Vision RL surges across
all 9 benchmarks, most notably on WeMath-Loose (54.86% vs. 42.57%, +12.29%), MathVerse
(45.48% vs. 33.47%, +12.01%), and MMMU-Pro-Vision (32.49% vs. 22.95%, +9.54%). For OCR
& Chart understanding (+9.52% avg. gain), direct multimodal RL effectively aligns textual
logic with dense visual structures, yielding massive jumps on CharXiv-Desc (74.48% vs. 47.18%,
+27.30%) and ChartQA (72.84% vs. 71.08%). Even in General VQA (40.64% avg. gain) and
Others (+6.38% avg. gain), direct RL grounds perceptual features effectively without visual
SFT, achieving noticeable improvements on MMStar (54.80% vs. 50.33%), CV-Bench (73.88% vs.
69.14%), and counting tasks like PixmoCount (41.76% vs. 27.15%, +14.61%).

Finding 7: Bypassing Visual SFT Unlocks Multimodal RL and Bridges the Agentic
Gap. Challenging the common belief that visual SFT is essential and that RL fails on
small-data VLMs, replacing image SF'T with high-quality text SF'T unlocks potent
multimodal RL capabilities. It provides a compute-efficient technical path to address
current agentic limitations.

7 Conclusion and Limitations

We presented Mage-VL, a lightweight 4B-parameter streaming vision-language model centered on
its custom-designed ViT-encoder, Mage-ViT. Built upon the principle of codec-aligned sparsity,
Mage-ViT is trained from scratch as a codec-agnostic visual front-end that dynamically extracts
motion- and entropy-rich patches across traditional (e.g., HEVC) and neural codecs (e.g., DCVC).
Integrated with a causal language decoder and an event-driven System 1 gate, Mage-VL provides a
unified architecture for offline multimodal reasoning, fine-grained spatial grounding, and proactive
streaming interaction.

Empirically, Mage-VL-4B matches flagship baselines on static image understanding while
achieving uniform improvements across video QA, temporal grounding, and 2D/3D spatial
reasoning benchmarks, accompanied by up to 3.5x wall-clock inference speedups over dense
frame sampling. Furthermore, our systematic empirical studies yield seven foundational findings,
covering visual pre-training data efficiency, resolution scaling, codec-driven system acceleration,
VideoQA SFT redundancy, motion-spatial synergy, Al-driven data pipeline optimization, and
Zero-Vision SFT for multimodal RL.

Limitations and Future Work. Despite its strong visual and temporal performance, Mage-VL
currently exhibits limitations in complex agentic workflows and mathematical reasoning. These
gaps primarily stem from a shortage of high-quality text data in our current training mixture, as
well as the omission of RL post-training. In future iterations, we plan to adopt a Zero-Vision SF'T
alongside RL to bridge these agentic and mathematical capability gaps, while extending Mage-VL
to native audio-visual stream fusion and embodied edge applications.
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A Recaptioning System Prompt

This appendix provides the complete system prompt used for large-scale image recaptioning with
Qwen3-VL-32B. The original prompt of LLaVA-OV is following:

LLaVA-OneVision captioning system prompt

Generate a single coherent, detailed caption for the image that covers all applicable dimensions below.
Please integrate all relevant dimensions into one comprehensive caption rather than addressing each dimension separately.
Ensure the description is visually grounded - every detail should be verifiable from the image itself.

Pre-defined Dimensions:

0. **World Knowledge#x*:

Provide relevant factual background related to the image content (historical facts, cultural significance, scientific context).
Use specific names, places, and concepts rather than vague references.

Example: "The Eiffel Tower" instead of "a famous landmark".

1. **Character Name*x:
If identifiable characters appear from movies, TV shows, anime, comics, literature, games, or virtual idols, state their names.

2. **Scene Description*x*:
Provide an overview of the image, identifying key objects, people, and interactioms.
Classify and describe each element with specific attributes: size, color, material, texture.

3. *xActions and Interactions*x*:
Describe actions taking place and how people/objects interact.
Detail dynamic elements (e.g., running, jumping, flying, waving) and their state.

4. *xContext and Environment**:
Describe the setting: location (indoor/outdoor), time of day, weather, background elements.
Explain how the environment contributes to the overall scene and mood.

5. **Emotion and Sentimentxx:
If people are present, describe emotional states based on body language and facial expressions.
What mood or tone does the image convey (e.g., happiness, sadness, tension, peace)?

6. **Relationships and Spatial Arrangementxx:
Explain how objects and people are positioned relative to one another (next to, above, to the right of).
Consider foreground, background, and overall spatial composition.

7. *xColor and Texturex:
Describe the color palette and texture details (smooth, rough, soft).
How do color and texture contribute to the atmosphere or style?

8. *xSymbolism or Abstract Interpretationxkx:
If relevant, interpret symbolic or abstract elements.
What deeper meanings or metaphors can be inferred? How do they relate to broader themes?

9. **Lighting and Shadowsx**:
Observe lighting conditions (sunlight, artificial light) and shadow/reflection patterns.
Note light intensity and its contribution to mood or focal points.

10. **Details and Fine Elements*x*:
Focus on intricate details (wrinkles in clothing, surface textures, distinct features).
These elements may carry significant meaning or provide vivid precision.

11. **Perspective and Composition*:
Describe viewpoint (aerial, eye-level, side view) and composition (symmetry, balance, focal point).
How does perspective affect viewer perception?

12. **Time and Season*x*:
Infer time of day or season from visual cues (light quality, weather, clothing).
Examples: winter snow scene, summer beach, autumn forest.

13. **Target Audiencexx:
Consider if the image suggests a specific target audience or purpose.
Adjust complexity and terminology accordingly (e.g., technical vs. general audience).

14. **0CR (Text in Image)**:
If text appears, transcribe it in the original language and provide English translation in parentheses.
Example: "% (book)". Explain the meaning within context.

15. **Person Descriptionx*:

Describe physical features (age, gender, hairstyle, clothing), movements, and expressions.
Explain relationship to the surrounding environment.

Use singular pronouns (he/she) for single individuals rather than "they".

16. **Mathematics*x*:

Describe mathematical concepts: geometric shapes, equations, numeric values, relationships.
For graphs, describe axes, scales, and key points.

Explain how mathematical operations are visualized.

17. **Information Extractionx:

Extract textual and contextual information.

For documents, transcribe content accurately.

For GUI or structured data, describe layout, labels, and functionality.

18. **Planning#x*:
Identify sequences or logical arrangements.
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For processes, explain steps in correct order.
For puzzles or games, provide rules and possible solutions.

19. **Coding*x*:

If code appears, output it line by line first.

Explain syntax, function, and purpose.

For debugging tasks, identify issues or provide equivalent code in other languages.

20. **Perceptionx:

Provide detailed perception-based descriptions.

Identify object attributes (color, shape, size) and spatial relationships.

For facial analysis or pose estimation, include expressions, poses, and physical traits.

21. **Metricsk*:
Evaluate image quality, authenticity, and adherence to caption content.
For comparative tasks, provide constructive feedback or preference reasoning.

22. **Science**:
Explain scientific content or phenomena depicted.
Include details on experiments, natural phenomena, or theoretical concepts with relevant terminology.

Output Requirements:

- Generate a single, coherent caption integrating all applicable dimensions

- Do NOT format as separate sections (e.g., **Scene Description¥*, *xActions**, etc.)
- Omit dimensions that are not applicable to the image

- Maintain a detailed, comprehensive description

- Ensure all details are visually verifiable from the image

The prompt is obtained through the iterative optimization procedure described in Section 4.2.1,

with the goal of improving visual coverage, reducing redundant descriptions, maintaining coherent
organization, and preserving rendered text with high OCR fidelity. The final prompt is used to
generate the approximately 350M image—caption pairs employed in our image-caption training
stage.

Optimized image captioning system prompt

Write a single, detailed, and strictly objective caption for this image. Describe only what is directly visible. Be assertive and precise
--state facts, not possibilities.

Writing style: Write in natural, flowing prose as a single coherent paragraph. Integrate details organically into sentences rather than
listing attributes one by one. Use varied sentence structures--combine related details within the same sentence using clauses,
appositives, and conjunctions. Transition smoothly between subjects (e.g., from foreground to background, from one object to the
next) so the description reads like a cohesive narrative, not a feature inventory.

BAD (mechanical listing): "The dog has brown fur. The dog has floppy ears. The dog’s eyes are dark. The dog is sitting. The dog is on a
wooden floor."

GOOD (flowing prose): "A brown dog with floppy ears and dark eyes sits on a wooden floor, its front paws resting side by side."

BAD (repetitive structure): "The shirt is blue. The pants are black. The shoes are white. The hat is red."
GOOD (integrated): "The person wears a blue shirt tucked into black pants, paired with white shoes and a red hat."

Cover the following aspects where applicable (do NOT use headers, bullet points, or labels):

*k0bjects & Attributes**: Key objects, people, and elements with observable attributes: color, shape, size, material, texture, quantity.

- **Fine Details**: Intricate or small-scale details that add precision--wrinkles in fabric, scratches on surfaces, visible stitching,
watermarks, tags, labels, logos, serial numbers, or distinctive marks.

**%Text & Data (OCR)**: Transcribe any visible text exactly as it appears in its original language. If the text is not in English,
provide an English translation in parentheses immediately after (e.g., "Libro (book)", "Sortie (Exit)"). Briefly explain the
meaning or role of the text within the context of the image (e.g., a sign, a label, a title, a watermark). Reproduce key data from
tables, charts, and labels accurately, including column headers, row labels, and numerical values.

- **Documents & GUI**: For screenshots, documents, or structured interfaces, describe the layout, navigation elements, buttons, menus,
input fields, and content hierarchy. Transcribe visible text content accurately.

**Spatial Layout**: Positions, arrangements, and spatial relationships between elements. State each spatial relationship only once.

*xActions & Poses**: Observable body positions and actions factually (e.g., "mouth open, eyes wide" not "expressing surprise"). Never
infer emotions, intentions, or mental states.

- **People**: Describe age range, gender, hairstyle, clothing, posture, and physical features factually. For facial expressions, state
only the physical configuration (e.g., "corners of the mouth turned upward") without labeling emotions. Use singular pronouns (he/
she) for single individuals rather than "they."

*#*Setting & Environment*#*: Indoor/outdoor, background elements, weather, time of day, and season only when indicated by visible cues (e.
g., snow on ground -> winter; long shadows and orange sky -> late afternoon).

**Color Palette & Lighting**: Colors, lighting direction/type (sunlight, artificial, diffused), shadow patterns, and reflections
factually.

- **Perspective & Composition**: Viewpoint (top-down, eye-level, side view, aerial) and compositional structure (symmetry, focal point,
leading lines, depth of field).

**Identifiable Entities**: Use specific names for recognizable people, places, brands, characters, or landmarks. Always prefer precise
identification over generic descriptions.

Examples: "The Eiffel Tower" instead of "a tall metal tower"; "Pikachu" instead of "a yellow cartoon creature"; "a Nike swoosh logo"
instead of "a checkmark-shaped logo"; "Barack Obama" instead of "a man in a suit."

This applies to fictional characters from anime, comics, movies, TV shows, games, and virtual idols--state their names when
recognizable.

**Sequential & Multi-panel Content**: For images showing step-by-step processes, numbered panels, comic strips, or before/after
comparisons, describe each step or panel in order, noting panel numbers or labels if present.

- **Code & Programming#*: If code is visible, transcribe it line by line. Describe the programming language, syntax structure, and

visible function/variable names. Note any syntax highlighting colors.

30



- **Mathematics & Graphs**: For equations, render them in LaTeX. For graphs and charts, describe axes (labels, units, scale), data points
, trends, and legends. For geometric figures, describe shapes, angles, and measurements.

- *xScientific Content**: For scientific images (experiments, specimens, diagrams, phenomena), use appropriate technical terminology.
Describe apparatus, measurements, labels, and observable processes.

Strict rules--violation of any rule makes the caption unacceptable:

1. NEVER start with "The image" in any form (e.g., "The image shows/displays/features/presents/depicts/is/contains"). Instead, begin

directly with the subject: "A dog...", "Two women...", "An aerial view of...", "A close-up of...".
2. NEVER use any form of these words anywhere: "suggest/suggesting/suggests", "indicate/indicating/indicates", "imply/implying/implies",
"evoke/evoking/evokes", "convey/conveying/conveys", "hint/hinting/hints at", "allude/alluding/alludes". State the visual fact

directly without inferring purpose or meaning.
BAD: "green leaves suggesting spring" -> GOOD: "green leaves"
BAD: "open mouth indicating speech" -> GOOD: "open mouth"
BAD: "a pattern suggesting movement" -> GOOD: "a curved, flowing pattern"
BAD: "shadows suggesting depth" -> GOOD: "shadows fall across the surface"
BAD: "colors hinting at sunset" -> GOOD: "orange and pink tones in the sky"
3. NEVER use "creating", "creates", or "created" to describe visual effects or impressions. Use concrete verbs instead: casts, produces,
forms, results in, yields, adds, gives, lends.
BAD: "red light creating a warm tone" -> GOOD: "red light casts a warm-toned glow"
BAD: "lines creating depth" -> GOOD: "lines converge toward a vanishing point"
BAD: "contrast creating emphasis" -> GOOD: "the high contrast between the dark background and bright subject draws focus"
BAD: "bokeh creating a soft background" -> GOOD: "bokeh dots fill the out-of-focus background"
BAD: "shadows creating texture" -> GOOD: "shadows accentuate the surface texture"
4. NEVER use "appears to", "appears", "seems to", "seems", "likely", "possibly", "presumably", "probably", or "perhaps"--state what IS
visible as fact.
BAD: "The surface appears rough" -> GOOD: "The surface is rough"
BAD: "appears to be a cat" -> GOOD: "a cat"
. NEVER use "overall" anywhere in the caption. Do not summarize the scene at the end; instead, continue describing visible details.
6. NEVER add emotional, atmospheric, or aesthetic commentary. Banned words include: "warm" (except for color temperature like "warm-toned
lighting"), "serene", "calm", "peaceful", "gentle", "intimate", "heartfelt", "elegant", "cozy", "dramatic", "striking", "vibrant
mood", "whimsical", "enchanting", "playful", "inviting", "charming", "delicate", "lively", "cheerful", "magical", "dynamic" (except
physics), "graceful", "sense of", "gives a feeling of", "atmosphere", "mood"
7. NEVER describe what is absent. Only describe what IS present and visible. Banned phrases: "no visible", "no text", "no people", "no
other", "no additional", "no distinct", "no further", "nothing else", "without any", "lacks". Simply omit anything not present.
BAD: "No text is visible. No people are present. No other objects are seen."
BAD: "no additional decorations or objects in the visible area"

o

BAD: "no distinct shadows are cast"
GOOD: (simply omit--say nothing about absent elements)
8. NEVER summarize or restate information already described. Each fact appears exactly once.
9. Every statement must be visually verifiable from the image alone.
10. Omit any aspect that does not apply.
11. Do NOT write in a mechanical, checklist style. Avoid sequences of short, isolated sentences that each describe one attribute. Instead
, merge related details into richer, compound sentences.

Before finalizing, perform this mandatory self-check word by word:

- Scan for: "suggesting", "indicating", "implying", "hinting", "creating", "creates" -> replace with concrete verbs
- Scan for: "appears", "seems", "likely", "possibly", "overall" -> delete or rewrite as fact

- Scan for: "no visible", "no other", "no additional", "no distinct" -> delete the entire sentence

- Scan for: "warm", "gentle", "calm", "delicate", "striking", "elegant" -> delete the adjective

- Check the first word: if "The image" -> rewrite to start with the subject
- Check for 3+ consecutive short sentences -> combine them

Examples:

Example 1 (Table image):
A table titled "Table 2. Variation in content of lipids, EPA and DHA in livers from cod fish during 21 months" spans the full width of
the frame against a white background, with the title set in bold black serif text centered above the grid. The header row is filled
in solid red with three column labels in white bold text--"Total lipid content (g/100g)", "EPA (% of total fatty acids)", and "DHA
(% of total fatty acids)'"--separated by thin black vertical borders. Five data rows sit below, each beginning with a fish species
name in the leftmost column: Ling, Saithe, Hake, Cod, and Monkfish, followed by their corresponding numerical ranges--Ling: 51-66,
5.1-7.7, 10.2-12.9; Saithe: 48-76, 4.4-9.0, 10.5-13.3; Hake: 42-67, 5.5-7.7, 11.7-13.0; Cod: 50-64, 6.0-8.6, 12.3-14.4; Monkfish:
31-43, 4.6-6.3, 10.8-13.1. All numerical values are center-aligned in black regular-weight serif font, and thin black borders
outline every cell. The top-down perspective captures the complete table with uniform row heights and consistent cell spacing.

Example 2 (Outdoor scene with people):

A crowded outdoor market extends along a narrow cobblestone street, with vendor stalls on both sides sheltered under canvas tarps in
faded blue, green, and beige. In the foreground, a woman wearing a long olive-green coat and brown leather boots reaches toward a
pile of red and yellow apples arranged in tiered wooden crates, while the vendor--a man in a gray wool cap and dark blue apron over

a plaid flannel shirt--extends a small brown paper bag toward her with his right hand. To her left, a child in a red puffy jacket
and jeans holds a half-eaten pretzel in one hand and grips the woman’s coat with the other, standing at hip height beside her.
Further down the street, clusters of shoppers move between stalls stacked with root vegetables, hanging sausages, and loaves of
bread on wire racks, their forms becoming progressively blurred with distance. Strings of bare Edison-style light bulbs hang in
parallel rows above the stalls at roughly three-meter intervals, and late-afternoon sunlight enters from the upper right, casting
long shadows to the left across the cobblestones and illuminating the stone facades of three- and four-story residential buildings
lining both sides of the street. The eye-level perspective is centered in the street, with the converging lines of stalls and
overhead lights leading toward a clock tower with a copper-green spire at the far end.

Example 3 (Animal close-up):

A chimpanzee with dense black fur sits on a thick horizontal tree branch, its left hand gripping the rough bark while its right hand
holds a partially peeled banana near its open mouth, the lower lip pulled down to reveal a row of flat white teeth. The chimp’s
dark gray face is creased with deep wrinkles around the eyes, and it has a broad, flat nose with flared nostrils, small rounded
ears set high on the head and partially obscured by tufts of coarse fur, and sparse white hairs along its chin and lower jaw. Its
dark brown eyes, with visible round pupils, are directed downward toward the banana. Behind the chimpanzee, layers of out-of-focus
green foliage--broad tropical leaves, thin vertical stems, and patches of brown bark from adjacent trees--fill the frame in varying

shades of emerald and olive. A thin shaft of sunlight cuts diagonally from the upper left through the canopy, catching the fur
along the chimp’s right shoulder in a bright highlight while the rest of the body remains in dappled shade. The eye-level
perspective places the chimpanzee slightly left of center, with the branch running horizontally across the lower third of the frame
and the dense canopy occupying the upper two-thirds.

Now write the caption for the provided image:
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Video captioning em prompt

# Video Description Prompt & Requirements

Please describe the video in detail, including but not limited to the user pre-defined dimensions. Please make sure your description is
visually grounded for the user-provided video, namely the user can find visual cues in the video for your generated video caption.

> #*IMPORTANT:** Your response must be in English plain text format only. Do not use any markdown formatting such as ‘**bold**‘, ‘*italic
*¢, ‘### headers‘, or any other markdown symbols. Use only regular text without any special formatting characters.

## User Pre-defined Dimensions

### 0. Context and Environment

Describe the setting of the image, including:

* *xLocation:** Indoor or outdoor

**xTime & Weather:** Time of day, weather conditions

**Background Elements:** Sky, buildings, roads, etc.

**xImpact:** How the environment contributes to the overall scene and whether the setting enhances the mood or theme.

* * %

### 1. Main Subject of the Video

Identify the primary subject of the video (e.g., a male athlete, a running lion, a plane taking off, a flying bird, a swimming fish, a
female dancer performing a dance).

* *Note:* If the main subject is a character, you **must** specify his or her name (including characters from movies, TV shows, anime,
comics, literature, video games, virtual idols, or virtual characters).

### 2. Actions and Interactions
Describe any named actions occurring in the video (e.g., butterfly stroke, pole vault, jazz dance). Specify who is performing these
actions and how they interact with other objects or people.

### 3. Motion Detail Description

For dynamic elements in the video:

* **State:** Running, jumping, flying, waving, swimming, cooking, etc.

* **Direction of Motion:** Left to right, front to back, clockwise/counterclockwise rotation, etc.

* **Speed of Movement:** Sudden acceleration, gradual deceleration, etc.

* **Sequence of Actions:** Step-by-step chronological order (e.g., *first open the refrigerator, then take out the food, next wash the
food, and finally cook it*).

### 4. Background Changes

If the environment or scene in the video changes, provide a detailed description of how the background evolves over time.

* *Example 1:* At around the 30-second mark in the latter half of the video, the weather shifts from sunny to rainy.

* *Example 2:* Around the 20-second mark in the middle of the video, the street gradually transitions from noisy and crowded to quiet and
empty.

* *Example 3:* At approximately 50 seconds, gentle ripples begin to appear on an otherwise calm sea surface, escalating by 80 seconds
into turbulent, stormy waves.

### 5. Highlight Moments

If the video contains significant or impactful events (e.g., a soccer goal, a person falling, a tiger hunting prey, a boxer knocking down
an opponent), specify the exact time each event occurs and provide a detailed description.

* *Example 1:* At approximately 15 seconds, the player wearing a white jersey, number 5, kicks the soccer ball into the goal.

* *Example 2:* At around 3 seconds, the boxer in red shorts knocks down his opponent, who is dressed in black.

### 6. First-Person Perspective

If the video is shot from a first-person point of view (POV):

* Clearly state the main activity being performed (e.g., cooking, painting, playing soccer).

* Provide a detailed chronological description of the subject’s actions and their timing (e.g., *at around 2 seconds, the viewer opens a
laptop; at 5 seconds, they navigate to a video website; at 8 seconds, they open a can of beverage*)‘

## Response Generation Rules

* *xxQutput Style:** Do **not** generate your response split by dimension (e.g., do not write ‘*xContext and Environment**: ...¢). Provide
*xone single overall image/video caption** that naturally integrates all dimensions into a cohesive text.

### Critical Formatting Requirements

**Structure:** The format of your answer should be a **single continuous paragraphx**.

*#*%Plain Text Only:** Use #*ONLY plain text** -- strictly NO markdown formatting whatsoever (mo ‘x*‘, “x‘, ‘###‘, etc.).
**No Special Symbols:** Do not use any special characters for emphasis or formatting.

**Tone & Flow:** Write in natural, flowing sentences without any markup symbols.

I NI
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