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We introduce LLaVA-OneVision-2 (LLaVA-OV-2), the most capable vision-language model in the
LLaVA-OneVision series to date, achieving superior performance across a broad range of multimodal
benchmarks. The model builds on a native OneVision-Encoder and incorporates Windowed Attention
for efficient local computation while maintaining native resolution. Its key advance is codec-stream
tokenization: it treats compressed video as a continuous bit-cost stream, where bit-cost dynamics
determine adaptive temporal groups, and motion-residual cues select salient spatial evidence into
compact visual canvases. This allocation concentrates a limited token budget on event-bearing content,
enabling more stable long-video token compression than fixed groups of pictures. A shared 3D RoPE
further places codec canvases, sampled frames, and images in a unified spatiotemporal coordinate
system. Furthermore, we build the LLaVA-OV-2 data and training stack around large-scale open
supervision: approximately 8M re-captioned video samples for pretraining, a 4M-sample spatial
corpus for fine-tuning. We also introduce JumpScore, a temporal-localization benchmark targeting
fine-grained grounding in high-frequency, densely repeated motion, a regime underrepresented by
existing video evaluations. A standout capability of LLaVA-OV-2 is its unified perception across
video understanding, temporal grounding, spatial grounding, and manipulation-trace reasoning. On
JumpScore, LLaVA-OneVision-2-8B reaches 74.9 JumpScore mAP, surpassing Qwen3-VL-8B (30.1)
by +44.8 points; under matched visual-token budgets on the same benchmark, codec-stream inputs
improve temporal grounding over frame sampling by +9.7 points. Across standard benchmarks,
LLaVA-OneVision-2-8B further outperforms Qwen3-VL-8B by +4.3 average points on video tasks,
+5.3 on spatial tasks, and +15.6 average J&F on tracking tasks. Our code, data, and models are
released as open-source resources.

Date: May 24, 2026

Code: https://github.com/EvolvingLMMs-Lab/LLaVA-OneVision-2

Data: https://huggingface.co/datasets/mvp-lab/LLaVA-OneVision-2-Data

Model: https://huggingface.co/lmms-lab-encoder/LLaVA-OneVision-2-8B-Instruct

1 Introduction

Recent open Large Vision-Language Models (LVLMs) (Bai et al., 2025a,b; Zhu et al., 2025; An et al., 2025;
Yang et al., 2025a,c; Zhang et al., 2026a; Clark et al., 2026; Liu et al., 2024b; Zhang et al., 2025a; Zohar
et al., 2024; Wang et al., 2025¢; Liu et al., 2024a; Shen et al., 2024) largely retain a frame-centric observation
paradigm: Uniform frame sampling or Mized-resolution frames, which combines sparse high-resolution key
frames with denser low-resolution context frames to satisfy a fixed token budget. Yet such designs still
reduce video to a set of decoded frames, underrepresenting continuous spatial structure and motion dynamics
while overlooking the predictive stream signals that make video uniquely informative. Video codecs such as
H.264 and H.265/HEVC (High Efficiency Video Coding) decompose video signals into spatially complete
intra-coded frames (I-frames) that establish global context and predicted frames (P-frames) that encode
inter-frame variations via motion compensation and residuals (Sullivan et al., 2012). The OneVision-Encoder
(OV-Encoder) (Tang et al., 2026) is an early prototype along this path: it introduced codec patchification as
a backbone-side primitive and showed that, under a fixed token budget, codec-selected 1/P patches provide
the language model with denser discriminative evidence than uniformly sampled frame patches.

In this paper, we argue that next-generation perceptual intelligence should move beyond uniformly observing
frames toward selectively allocating evidence in predictive visual streams, where most pixels sustain contextual
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Figure 1 Roadmap of video understanding from token compression to codec-aligned perceptual intelligence. The roadmap
traces the evolution from early frame/clip sampling and hand-crafted visual features, to heuristic token compression,
learned token selection, and the 2026 codec-aligned paradigm represented by LLaVA-OneVision-2.

continuity and only sparse deviations encode discriminative semantic, spatial, and temporal structure.

We introduce LLaVA-OneVision-2, the most capable vision-language model in the LLaVA-OneVision series to
date, achieving strong performance across a broad range of multimodal benchmarks. The model builds on
a native dynamic-resolution OV-Encoder with codec patchification, and augments it with a codec-adaptive
attention interface that combines spatial windowed attention for efficient local computation with group-visible
masks while preserving native resolution. Its key advance is codec-stream tokenization: It treats compressed
video as a continuous bit-cost stream. Bit-cost dynamics adaptively determine temporal group boundaries,
while motion-residual cues condense salient spatial evidence into compact, merge-aligned visual canvases.
Rather than allocating visual tokens by elapsed time or fixed frame slots, this stream-aware design makes token
density follow the evolving bit-cost-residual profile of the compressed stream, densifying around perceptual
transitions while thinning over predictable intervals, thereby enabling more stable long-video token compression
than fixed Group of Pictures (GOPs). A shared 3D RoPE further places codec canvases, sampled frames, and
images in a unified spatiotemporal coordinate system.

LLaVA-OneVision-2 is trained with a progressive four-stage recipe that scales supervision from image grounding
to long-video and spatial reasoning. Stage 1 mixes ~85M image-text samples with 4.2M 30s video captions
at 30 frames; Stage 2 adds large-scale instruction data (~22M LLaVA-OneVision-1.5 and ~24M FineVision
samples) together with 2.7M 30-60s and 700K 60-180s video captions at 60/90 frames; Stage 3 extends
to long-form video with video-instruction corpora and 350K 10-15min captions at 384 frames; and Stage
4 re-encodes long videos through the variable-length-GOP codec pipeline at 384/768 frames while adding
LLaVA-OneVision-2-Spatial-4M for 2D /3D spatial supervision. Across all stages, codec-patchified videos,
uniformly sampled videos, and image/tiled inputs are interleaved in training.

Existing video benchmarks underrepresent fine-grained grounding in high-frequency, densely repeated motion,
where the challenge is not merely recognizing the event category but localizing the correct action instance
among many visually similar cycles. We therefore introduce JumpScore, a temporal-localization benchmark
designed to evaluate perceptual transition-level grounding. On JumpScore, LLaVA-OneVision-2-8B achieves
74.9 JumpScore mAP, substantially outperforming Qwen3-VL-8B (30.1) by +44.8 points. Within the same
benchmark and under matched visual-token budgets, codec-stream inputs improve temporal grounding over
frame-sampling inputs by +9.7 points. At the model level, LLaVA-OneVision-2-8B outperforms Qwen3-VL-8B
by +4.3 points on average across video benchmarks, +5.3 points across spatial benchmarks, and +15.6 average



J&F on tracking benchmarks. Our experiments have revealed: codec-stream inputs favor long-video tasks
governed by coarse temporal structure, such as temporal grounding, event understanding, event ordering, and
salient retrieval, by reallocating tokens to high-bit-cost intervals and high-residual regions. In contrast, frame
sampling remains preferable for detail-sensitive queries, where decisive cues are static, fine-grained, spatially
small, trajectory-specific, or boundary-level, because dense frame observations better preserve local texture,
subtle appearance cues, and frame-to-frame continuity.

In summary, the main contributions of LLaVA-OneVision-2 are as follows:

1. LLaVA-OneVision-2 is a codec-aligned MLLM whose codec-stream tokenization treats video as a continuous
bit-cost stream, aligning visual-token allocation with bit-cost dynamics and motion-residual evidence to
enable stable long-video token compression.

2. We scale training with approximately 8M re-captioned video samples and a 4M-sample 2D /3D spatial
corpus, and introduce JumpScore, a temporal-localization benchmark for fine-grained video grounding in
high-frequency, dense motion. Our code, data, and models are released.

3. LLaVA-OV-2-8B delivers consistent gains over Qwen3-VL-8B, improving the average score by +4.3 points
across 18 video tasks, +5.3 points across 11 spatial-reasoning tasks, and +15.6 average J&F across 4
tracking tasks. Codec-stream inputs further improve temporal grounding over frame sampling by +9.7
points, and LLaVA-OV-2-8B reaches 74.9 JumpScore mAP against Qwen3-VL-8B’s 30.1 (+44.8 points).

2 Architecture

This section describes the model-side design of LLaVA-OneVision-2, as illustrated in Figure 2. §2.1 first
gives the full multimodal stack, consisting of a Vision Encoder, a lightweight vision-language connector, and
an autoregressive language model decoder. §2.2 then focuses on the visual encoder interface: how sampled
frames, codec-patchified videos, and static images are represented as visual canvases with token metadata,
and group-visible attention masks.

2.1 LLaVA-OneVision-2

Vision Encoder. LLaVA-OneVision-2 adopts the OneVision-Encoder (Tang et al., 2026) as a shared backbone for
sampled-frame videos, codec-stream videos, and static images, mapping all inputs into a unified visual-token
interface with patch embeddings, 3D positional coordinates, and encoder-side group assignments. Shared 3D
RoPE provides a common spatiotemporal coordinate system, while group-visible masks define token visibility:
sampled-frame and IPPP-style inputs use fixed four-slot groups, static images use a degenerate single-temporal
group, and codec-stream inputs use bit-cost-adaptive GOP ids to group tokens from the same variable-length
GOP across P-canvases. Following native-resolution vision-transformer designs (Dehghani et al., 2023; Beyer
et al., 2023; Tschannen et al., 2025; Bai et al., 2025b), spatial windowed attention is used in most visual layers
for efficient native-resolution processing and remains orthogonal to the video-level grouping rule.

Vision-Language Connector. A lightweight two-layer MLP maps OneVision-Encoder representations into the
language-model embedding space. Because sampled-frame videos, IPPP-style windows, codec-derived I/P
canvases, and static images share the same encoder-output format, the connector remains interface-invariant
across input forms. Codec-stream processing therefore changes only the evidential structure presented to the
visual encoder, while leaving the vision-language alignment interface unchanged.

Large Language Model. The projected visual tokens are paired with the text instruction and decoded by a shared
Qwen3-8B autoregressive language model under the supervised next-token objective. No codec-specific adapter,
reconstruction decoder, or language-side branch is introduced. Consequently, frame-sampled and codec-stream
inputs differ only in evidence selection and attention-group assignment, whereas the encoder—connector—-decoder
pathway remains architecturally identical.
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Figure 2 LLaVA-OneVision-2 architecture. The model unifies codec-stream videos, sampled-frame videos, and native-
resolution images under a shared visual-token interface. Codec inputs are encoded as I/P visual canvases, sampled
videos as frame-token sequences, and images as spatial visual tokens; all inputs are processed by the OneVision-Encoder.
The resulting visual embeddings are combined with text tokens and decoded by a pre-trained autoregressive language
model, allowing a single architecture to support video and image understanding.

2.2 Codec-stream Tokenization

Unified Visual-token Interface. For a video V), the codec front-end emits visual canvases, token metadata, and
adaptive temporal groups:

V) = (XU, 9), = {(Xs, 6)}259, 4 € {LP}, = {u = (tu fu DT DU ) b (1)

Here X contains S I/P canvases, U contains N visual-token records, and G = {G} denotes the induced codec
groups. For token u, t, is the canvas index, f, is the source- frame id, p$*"* is the packed canvas coordinate,
p;’¢ is the source-frame patch coordinate, and «,, is the bit-cost-adaptive group id. The packed coordinate
supports compact canvas construction, while the source coordinate preserves the spatial origin of each token
for spatiotemporal encoding. The connector and language model do not consume these codec fields directly;
codec-stream tokenization affects the model by selecting visual evidence and assigning token visibility groups.

Groups of Pictures (GOPs) Partition. Rather than assigning visual slots by elapsed time, codec-stream
tokenization partitions video according to the temporal bit-cost profile of the compressed stream. We divide
the video into B bins of duration A and aggregate the packet size of predicted frames within each bin:

Z bytes(q) 1{7(q) € [bA, (b+ 1)A)}, 0= @. (2)

o max (1, K¢ar)

Here Ppg is the set of P/B-frame packets, bytes(q) is the packet size used as a proxy for prediction bit-cost,
7(q) is the presentation timestamp of packet ¢, and Ky, is the target number of temporal groups. Thus, e, is
a bin-level bit-cost rather than a per-frame score, and 6 is the average P/B bit-cost quota per adaptive GOP.
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Figure 3 Codec-stream tokenization. P/B packet bit-cost partitions the video into adaptive GOPs; motion and residual
signals jointly score spatial saliency; high-score 2x2 patch blocks are selected and packed into compact I/P canvases.
Each GOP yields one anchor I-canvas and multiple P-canvases carrying motion-residual evidence, producing merge-
aligned visual tokens whose density follows the bit-cost-residual profile of the stream rather than fixed frame slots.

I-frame packets are excluded because they mainly reflect intra-frame spatial complexity, whereas P/B packets
expose inter-frame prediction difficulty, motion, and residual change.

Starting from bin s, the next boundary is triggered when the current segment either reaches the maximum
span or accumulates sufficient bit-cost after the minimum span:

ik—min{izskZ(i—8k+1ZLmax)\/ i_3k+12Lmin/\Zeb20‘|}7 (3)

bZSk

where Lyin = [Tmin/A] and Lyax = [Tmax/A] are the minimum and maximum group spans measured in
bins. The tentative boundary i is then refined by local valley search:

lex
¢ = argmin(eyp, [b — ix|), G = [sk, ckl, Sp+1 = ¢k + 1. (4)
beN, (ix)

The search window Ny (i) is centered around iy and constrained by the minimum span, maximum span, and
video endpoints. The lexicographic rule first selects the lowest-bit-cost valley and then chooses the closest bin
to the trigger point. High-change intervals therefore reach the quota quickly and form shorter groups, while
predictable intervals span longer groups. A token u receives k,, = k if its source-frame time f;, /fps falls inside
[skA, (¢ + 1)A). Figure 4 visualizes this bit-cost-based adaptive grouping process.

Scoring and Block Selection. Within each bit-cost-adaptive group, motion-residual evidence determines which
spatial regions are preserved. For a predicted frame ¢, the codec exposes motion vectors d; and a luma residual
7Y . As in the OV-Encoder, the motion field is densified to the pixel grid, the residual is interpreted around its
zero point 128, and the two signals are normalized by robust percentile statistics. This gives a dense saliency
map Sy(x) = M;(x) + Ry(x), where R; denotes the normalized residual-response map, obtained by measuring
the absolute luma-residual deviation from the zero point 128, scaling it by a robust frame-level percentile,
and clipping it to [0, 1]. Likewise, M, is the percentile-normalized motion-magnitude map derived from the
densified codec motion vectors.

The difference from the original OV-Encoder patch mask is the selection granularity. Instead of selecting
individual high-score patches, the codec patch-GOP path aggregates saliency into 2x2 patch blocks. Let
Prw denote the pxp region of patch (h,w), with p = 16 in our implementation. The block score is
Atij = 20 pefony erp2i+a,2j+ﬂ S¢(x). Thus, a selected unit always contains the four neighboring patches
(24,25), (24,254 1), (20 +1,2j), and (2i+ 1,25+ 1). This block-level primitive is aligned with the encoder-side
2x2 merge operation: every selected block contributes four spatially coherent patch tokens, avoiding the
downstream merging of unrelated patches from different source regions or frames. We further augment the
motion-residual score with a normalized patch-level bit-cost prior. Since bit-cost is naturally available at block
granularity, it is fused during 2x2 block scoring rather than projected back to the pixel grid. The bit-cost
term reflects local coding complexity and complements motion and residual energy for codec-aware spatial
token allocation.
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Figure 4 Codec-stream grouping by cumulative bit-cost. For example, 448 sampled frames are divided into 13 codec-stream
groups under a cumulative bit-cost threshold of 211,461. The top panel shows the frame-level bit-cost contribution
in blue, where sharp peaks typically indicate rapid motion, viewpoint changes, or abrupt visual transitions. The
bottom panel shows the cumulative bit-cost within each group in orange, which resets after every group boundary and
approaches the red threshold before a new group is opened. Green dashed lines mark the resulting codec-stream group
boundaries, and the bottom color bands indicate the number of frames covered by each group.

Canvas Packing. A global top-ranked selection over an entire codec group can over-concentrate tokens on a
single high-response frame. We therefore construct P-canvases through stratified temporal allocation. Let
Zr ={z=(t,4,4,As: )} be the candidate 2x2 patch blocks inside group k, where ¢ is the source frame, (i, 5)
is the block coordinate, and A;; ; is the block saliency score. For each frame ¢, we sort its candidate blocks
by A;; ; in descending order and denote by p.(z) the zero-based rank of candidate z within that frame. We
then attenuate repeated candidates from the same frame:

A, = M wy = Z max(&gz) + peak max A,. (5)

VI A(2) ecnt) 2E€Ck(t)

Here Ci(t) C Zj is the set of candidate blocks from frame ¢ within group k, A controls the strength of
same-frame attenuation, apeax Weights the strongest frame-level response, and w; is the resulting frame-level
allocation mass. The attenuation prevents a single high-response frame from dominating the entire group,
while the peak term preserves frames that contain a highly localized but important response.

. . . . Me—1 .
To assign P-canvases across time, we sort candidate frames in group k as {t, },.%; = and compute the cumulative
allocation curve

¢
w
Fk(e)z%, 0 << M. (6)
Z’I’L:O wtn
This curve maps the temporal order within group k to the fraction of accumulated saliency mass. If group & is
assigned my, P-canvases, the r-th P-canvas, r € {0, ..., my — 1}, draws high-scoring non-duplicate blocks from

the frames whose cumulative allocation mass falls in [r/my, (r + 1)/my). When the corresponding interval
contains too few candidates, the selector expands to neighboring frames and finally falls back to the full group.
Thus, bit-cost dynamics determine where temporal resolution is needed, while motion-residual saliency and
frame-level allocation weights determine how each group is covered by P-canvases.

Group-visible Attention. Codec-stream inputs, sampled-frame inputs, and static images share the same patch
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Figure 5 LLaVA-OneVision-2 data mixtures. (a) Token-volume proportions of the video-caption corpus and (b) the
spatial-reasoning corpus used during training. The video-caption mixture contains 104.1B tokens from 7.96M clips
spanning four duration buckets, while the spatial mixture aggregates 4M samples drawn from six datasets covering 3D
scenes, spatial reasoning, pointing, and referring expressions.

embedding and 3D positional encoding, forming a unified spatiotemporal token space. The OneVision-Encoder
then uses a non-causal group-visible attention interface to define token visibility: sampled-frame and IPPP-
style inputs use fixed four-slot groups, codec-stream inputs use the bit-cost-adaptive GOP id k, so tokens
from the same variable-length GOP remain group-visible across P-canvases, and static images reduce to a
single-temporal group. Consequently, all input forms share the same encoder parameters, with only evidence
allocation and group assignment varying across inputs.

3 Training Data

The LLaVA-OneVision-2 recipe consumes data from three buckets, each contributing a distinct slice of the
model’s eventual capability surface.

3.1 Inherited Image-Text Foundation

Image-text foundation. We initialise from the image-pretrained checkpoint of LLaVA-OneVision-1.5 and reuse
the LLaVA-OneVision-1.5 mid-training and instruction corpora as-is. The mid-training corpus (LLaVA-
OneVision-1.5-Mid-Training-85M) is concept-balanced over ~85M image—text pairs (20M ZH + 65M EN);
the instruction corpus (LLaVA-OneVision-1.5-Instruct-Data, ~22M samples) covers OCR, GUI, document,
grounding, counting, and chart/diagram tasks. We additionally include FineVision (~24M instruction samples)
for broader image-instruction coverage. Detailed per-source statistics for the mid-training and instruction
corpora are reported in the LLaVA-OneVision-1.5 release; we do not re-derive or modify them here.

Inherited video instruction. For video instruction tuning, we utilize relevant subsets from four publicly available
corpora: LLaVA-Video-178K (Zhang et al., 2024) (1.6M samples covering captioning, open-ended QA, and
multiple-choice QA), VideoChat-Flash-Training-Data (Li et al., 2025b), Molmo2 (Allen Institute for Al,
2025; Clark et al., 2026), and TimeLens. Only the data pertinent to our methodology is selected from each
corpus. These corpora are general video-instruction data rather than long-form sources, and we deliberately



do not synthesize any additional long-video instruction data: all long-context capability is acquired from the
length-stratified caption corpus, while the inherited corpora supply instruction-following diversity.

3.2 Length-Stratified Video Caption Corpus

Length stratification as a design choice. A central component of our training data is a length-stratified video
caption corpus spanning 30 seconds to 15 minutes, totalling approximately 8M captioned clips. We deliberately
stratify by length because uniform-length captioning recipes (typically dominated by short clips) over-represent
semantic perception relative to temporal continuity: the model learns to “describe a scene” but not to “maintain
state across ten minutes.” The four buckets (30s, 30-60s, 60-180s, 10-15min) are sized so that each successive
stage of the training recipe (§4) can extend its frame budget by a factor of 2-4x without out-running its
caption supervision. We compute image tokens at 392x392 input with ViT patch size 14 and a 2x2 vision
merge, yielding 196 visual tokens per frame; caption tokens are measured with the Qwen3 tokenizer over a
1,500-sample average per bucket and then scaled by row count.

Codec-aware re-encoding at Stage 4. The 10—-15-minute bucket is consumed twice in Stage 4 (§4.4): once at
384 frames under the variable-length-GOP, bit-cost-scored codec configuration of §2.2, and once at 768 frames
under the same configuration to densify the temporal axis at the upper end of the recipe’s frame-budget
schedule. No new captions are produced for the densified pass; the same per-clip caption is re-aligned against
a denser visible-patch index.

4 Training Recipe

The LLaVA-OneVision-2 recipe runs in four progressive stages (§4.1-§4.4).

4.1 Stage1-Bootstrap from LLaVA-OneVision-1.5 + 30s Video Captions

We initialize from the image-pretrained LLaVA-OneVision-1.5 (An et al., 2025) 8B checkpoint and bootstrap
it into a video-aware model by mixing in short video-caption data. The training corpus consists of (i)
LLaVA-OneVision-1.5-Mid-Training-85M (An et al., 2025), a concept-balanced image—text dataset, and (ii)

our newly released 30s-Video-Caption-4.2M corpus, where each sample is paired with a caption over a

0-30s video span, sampled at 1 fps with up to 30 frames. All video inputs in this stage are constructed with
standard frame sampling; codec-stream tokenization is not used.

4.2 Stage 2 - Instruction Tuning + 30-60s Video Captions

Stage 2 introduces large-scale multimodal instruction data and extends video understanding to medium-length
clips. The training mixture consists of (i) LLaVA-OneVision-1.5-Instruct-Data (~22M samples) (An et al.,
2025), (ii) HuggingFaceM4 /FineVision (~24M samples), (iii) our newly released 30s-60s-Video-Caption-2.7M
corpus, where each example is paired with a caption over a 30-60s video span sampled at 1 fps with up to 60
frames, and (iv) our newly released 60s-180s-Video-Caption-700K corpus, where each example is paired

with a caption over a 60—180s video span using up to 90 frames. The maximum frame budget is increased
from 30 to 90 in this stage, marking the first expansion step in the cross-stage schedule described in §5. All
video inputs in this stage continue to use standard frame sampling without codec-stream tokenization.

4.3 Stage 3 -Long Video Understanding

Stage 3 extends training to long-form video understanding by combining long-duration caption data with
established video instruction corpora. The training mixture includes LLaVA-OneVision-1.5-Instruct-Data,
HuggingFaceM4 /FineVision, Imms-lab/LLaVA-Video-178K (Zhang et al., 2024), OpenGVLab/VideoChat-
Flash-Training-Data (Li et al., 2025b), and our newly released =10min-15min-Video-Caption-350K corpus,

which pairs captions with 10-15 minute video spans. The maximum frame budget is increased from 90 to 384
in this stage. As in the previous stages, all video inputs are constructed with standard frame sampling.



4.4 Stage 4 - Extended Video and Codec-Stream Training

Stage 4 further extends long-video training and introduces dedicated spatial supervision. Up to Stage
3, the recipe relies predominantly on caption-style supervision, which provides only indirect learning sig-
nals for fine-grained spatial structure. In the final stage, codec-stream tokenization is introduced for the

10min-15min-Video-Caption-350K corpus. Specifically, we revisit this long-video caption corpus with the

variable-length-GOP, bit-cost-scored codec pipeline described in §2.2. The corpus is used both at up to
384 frames and in a densified variant with up to 768 frames under the same codec-stream configuration,
making it the largest visual-budget caption component in the training recipe. All remaining Stage-4 data,
including multimodal instruction-tuning data, spatial QA data, Molmo2-VideoTrack, and Molmo2-VideoPoint,
continues to use the standard input format of the corresponding data source and does not apply codec-stream
tokenization. Therefore, codec-stream is not a global Stage-4 preprocessing rule; it is a targeted input
representation for the long-video caption component.

Stage 4 also incorporates two spatially oriented data sources. Our in-house ' LLaVA-OneVision-2-Spatial-4M

corpus provides 4M structured QA pairs covering size, direction, count, distance, and appearance order over
annotated indoor scans, embodied-simulator trajectories, and pseudo-annotated web video frames. We further
adopt Molmo2-VideoTrack and Molmo2-VideoPoint (Allen Institute for AI, 2025) for point-based tracking and
spatio-temporal pointing. Together, these datasets extend the supervision signal from static spatial relations
to temporally grounded spatial understanding.

5 Implementation Details

Three cross-stage design choices are shared across all four stages and cannot be ablated by reading any single
stage’s data list. Three cross-stage design choices govern the LLaVA-OneVision-2 training recipe beyond the
data mixture of any individual stage:

Mixed-batch Composition. Each training step interleaves three input forms from the unified OneVision-Encoder
interface: codec-stream videos, uniformly sampled videos, and static image inputs. In practice, the mixture is
approximately 50% codec-patchified video, 37.5% uniform chunk-wise video, and 12.5% image inputs. This
composition exposes the model to both stream-aware event allocation and frame-faithful visual evidence, while
preserving image-understanding capability. Because all input forms share the same patch embedding, 3D
RoPE, and visible-token interface, the mixture requires no modality-specific routing or additional input-form
parameters.

Frame-budget Schedule. The visible per-clip frame budget increases progressively across stages: 30 frames
in Stage 1, 60/90 frames in Stage 2, 384 frames in Stage 3, and 384/768 frames in Stage 4. This schedule
matches the temporal span of the supervision: short-video captions support early-stage perception, while
long-video captions and codec re-encoding support dense long-form observation in later stages. Since training
does not exceed 768 visible frames, denser or hour-scale inputs remain an extrapolation regime for future
streaming and ultra-long-context codec modeling.

Cross-stage Codec Scheduling. Stages 1-3 use standard frame-sampling inputs and do not apply codec-stream
tokenization. Codec-stream training is introduced in Stage 4, where we switch the long-video data to the
variable-length-GOP, bit-cost-scored codec pipeline described in §2.2. The 10-15 minute video-caption corpus
is re-encoded under this Stage-4 configuration at 384 and 768 frames. Because codec-stream is enabled only
in the final stage, we evaluate codec-stream versus uniform frame sampling under the Stage-4 setting, where
the two input strategies share the same model, supervision data, training schedule, and evaluation protocol.

6 JumpScore

Standard temporal-grounding benchmarks such as Charades-STA (Gao et al., 2017), ActivityNet (Caba Heil-
bron et al., 2015), and QVHighlights (Lei et al., 2021) target one-shot event localization, where adjacent
visual evidence is already distinguishable. JumpScore probes the opposite regime: fine-grained grounding in
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Figure 6 Representative cycles from the JumpScore benchmark. Four clips, each decomposed into five frames spanning
one jump-rope cycle. The first and last frame of every panel are ground-truth cycle starts (rope behind legs). The four
panels span warehouse, office, sports-court, and tiled-corridor captures.

high-frequency, densely repeating motion where adjacent cycles are visually near-identical and the discrimi-
native signal lives at cycle boundaries. The benchmark consists of 189 in-the-wild jump-rope videos with
complete decimal-second annotations of every cycle start, defined by the moment the rope passes behind the
legs. Figure 6 shows four representative clips spanning the range of scenes, camera angles, and cycle periods in
the benchmark. The dataset is publicly released on Hugging Face' and is integrated into the Imms-eval-ov2
evaluator used elsewhere in this paper.

Dataset Construction. The 189 source videos span multiple indoor scenes, camera angles, and capture devices,
with clip durations concentrated in the 30-90s range so the typical clip contains tens of cycles at sub-second
spacing. Capture resolution is at least 1280x720 on every clip and 1920x 1080 or higher on more than 84% of
them, keeping the rope-and-leg cue visually resolvable. Cycle-start timestamps are annotated at decimal-second
precision and verified against the video’s source frame rate so that the same boundary frame is recovered under
deterministic decoding. Targeting a single, visually well-defined motion primitive isolates cycle-boundary
localization from confounders such as category recognition, scene parsing, and text-and-dialogue cues, which
is what makes sub-second annotation tractable across the full 189-clip set.

Task and Metric. Each video is paired with a fixed natural-language prompt: “List the start timestamps in s of
each jump rope the main character does in the video. The start is defined as the moment the rope is behind
the legs.” The expected output is a list of decimal-precision timestamps in seconds; no auxiliary modality
is provided, and the same prompt is used for every video so that performance differences reflect grounding
capability rather than prompt sensitivity. Predictions are matched greedily to ground-truth timestamps within
a temporal tolerance band of § seconds: a predicted timestamp counts as a true positive if it falls within ¢
of an unmatched ground-truth timestamp, remaining predictions count as false positives, and unmatched
ground-truth timestamps count as false negatives. The headline metric is mean Average Precision (mAP)
averaged across three sub-second tolerance levels, § € {0.1,0.2,0.3}s. Against a median cycle period of
roughly 0.4s, AP@Q.1 is the strict regime, in which a correct match must land within a half-cycle window
of its referent; AP@0.2 and AP@0.3 are looser and admit some drift toward neighboring cycles. We report
the mean across all three so the metric grades both precise cycle attribution and coarser localization, with
AP@Q.1 as the strictest of the three. The mAP aggregation jointly rewards completeness across the full cycle
sequence and precision in placing each prediction near the correct cycle, and penalizes degenerate strategies
such as enumerating evenly spaced timestamps to cover the clip.

Ihttps://huggingface.co/datasets/lmms-lab-encoder/JumpScore
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Table1 Video understanding benchmarks for 8B-class MLLMs. LLaVA-OneVision-2-8B leads the 18-task video understanding
average (62.5) and the 4-task RVOS tracking average (48.0, J&F). We use and to denote the best and
second-best results.

Group Benchmark LLaVA-OV-2 Qwen3-VL Keye-VL-1.5 InternVL-3.5 PLM LLaVA-OV-1.5
MV-Bench 66.2 69.0 56.9 72.1 771 51.2
NextQA 82.5 83.4 75.8 82.0 84.1 73.7
TempCompass-MC 74.5 74.3 75.5 70.4 72.7 57.5
VideoMME 71.9 71.4 73.0 65.9 60.5 61.1
VideoMME (w/ sub.) 76.3 75.6 76.2 68.6 65.6 65.5
VideoMME-v2-64 19.9 18.2 14.1 14.6 8.7 9.1
Vi
Q',ﬁ'e° MLV U-dev 76.6 781 75.0 71.0 66.4 62.1
LVBench 55.5 58.0 42.8 46.7 44.5 40.1
LongVideoBench 66.9 68.0 66.0 62.4 59.6 56.2
MMVU-val 56.2 58.7 68.3 60.2 43.3 50.1
VideoEval-Pro 61.5 59.2 54.9 50.1 47.2 44.8
MMOU 39.5 40.6 35.3 36.1 26.2 30.7
JumpScore 74.9 30.1 39.6 11.0 13.1 2.1
T t/Charades 53.5 48.3 45.4 27.8 34.5 15.6
emp.
Gromng.  t/ActivityNet 53.8 46.8 41.3 31.3 7.6 17.7
t/QVHighlights 66.4 59.4 55.5 31.3 4.2 21.0
Vis. VSI-Bench 70.9 59.1 36.4 56.0 27.9 30.2
Spatial  povsr 57.6 48.9 32.4 47.9 30.7 33.5
Video Average (18 tasks) 62.5 58.2 53.6 50.3 43.0 40.1
DAVIS 58.7 41.3 5.8 4.7 2.0 4.1
Tracking MeViSy 45.7 28.4 7.2 7.5 7.6 6.1
U&F)  ReVOS-ref 58.2 37.8 10.7 10.2 8.5 13.0
ReVOS-reason 29.2 21.9 9.6 9.2 10.2 9.7
Tracking Average (4 tasks, J&F) 48.0 32.4 8.3 7.9 7.1 8.2

7 Evaluation

This section reports end-to-end results for LLaVA-OneVision-2 against 8B-class open MLLMs across three
benchmark domains targeted by our recipe: video understanding, spatial reasoning, and image and document
understanding (§7.1). We further evaluate referring video object segmentation as a robotics-relevant test of
temporally coherent spatial grounding and object-identity consistency. The codec-versus-uniform-sampling
analysis underlying the video gains is reported separately in §8.

7.1 Main Multimodal Benchmark Results

We evaluate LLaVA-OV-2-8B on a comprehensive suite of public benchmarks spanning video understanding,
spatial reasoning, and image and document understanding. We compare against four 8B-class baselines:
Qwen3-VL-8B, Keye-VL-1.5-8B, InternVL-3.5-8B, and LLaVA-OV-1.5-8B; PLM-8B is included where results
are available. Unless otherwise specified, all numbers are obtained with LMMs-Eval (Zhang et al., 2025¢)
using default prompts, identical decoding strategies, and matched token budgets across compared models.

Video Understanding. Table 1 reports results on 18 video benchmarks covering short-clip QA (MV-Bench,
NextQA, TempCompass), full-length VideoMME (with and without subtitles, plus VideoMME-v2 (Fu et al.,
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Table 2 Spatial reasoning,image and documentbenchmarks for 8B-class MLLMs. LLaVA-OneVision-2-8B is most differentiated
on spatial reasoning (notably CrossPoint, TraceSpatial-3D), while staying competitive on image / document understanding

and leading V*-Bench. We use and to denote the best and second-best results.

Group Benchmark LLaVA-OV-2 Qwen3-VL Keye-VL-1.5 InternVL-3.5 PLM LLaVA-OV-1.5
CRPE 77.3 77.7 75.2 75.0 77.0 74.8
MetaVQA 69.1 68.7 59.2 65.7 45.4 67.1
ERQA 43.3 42.3 38.3 41.8 44.3 41.5
CV-Bench 2D 82.6 81.0 78.2 77.9 80.6 76.5
CV-Bench 3D 92.8 92.3 82.0 86.3 82.4 82.9

Spatial ]

Reasoning CrossPoint 61.9 26.9 20.2 20.2 15.7 15.9
EmbSpatial 78.1 77.5 66.3 73.2 73.5 64.2
SAT 69.3 69.3 62.7 54.7 36.7 61.3
MMSI-Bench 29.6 31.0 26.7 28.1 31.4 28.3
BLINK 63.5 65.1 52.2 55.7 56.0 48.3
TraceSpatial-3D 31.0 8.0 3.0 4.0 1.0 1.0

Spatial Average (11 tasks) 63.5 58.2 51.3 53.0 49.5 51.1
MMStar 64.8 62.9 73.6 66.6 57.9 67.9
MMBench-en 85.7 84.9 88.5 87.9 80.2 85.6
DocVQA 95.2 95.7 94.9 92.3 94.6 97.8
ChartQA 85.9 85.1 84.7 86.7 85.5 86.5

Image InfoVQA 74.4 834 76.9 79.1 80.0 79.1

& OCRBench 78.2 84.7 84.8 84.0 83.2 82.6

Document 12D 84.3 83.6 86.0 84.0 92.7 84.0
V*-Bench 85.9 85.3 78.0 81.7 71.2 77.5
CountBench 89.0 89.8 83.1 75.6 91.8 87.8
Pixmo-Count 64.0 62.4 55.6 61.8 68.0 63.1
RealWorldQA 69.7 69.4 69.8 63.1 72.7 68.1

Image & Document Average (11 tasks) 79.7 80.7 79.6 78.4 79.8 80.0

2026)), long-video understanding (MLVU-dev, LVBench, LongVideoBench), expert and omni-modal reasoning
(MMVU-val, VideoEval-Pro, MMOU), temporal grounding (Charades-STA, ActivityNet, QVHighlights),
visual-spatial intelligence in video (VSI-Bench (Yang et al., 2024), ReVSI (Zhang et al., 2026d)), and
JumpScore, for which we report JumpScore mAP. JumpScore targets cycle-level temporal localization in
high-frequency repetitive motion, where models must distinguish the correct action instance among many
visually similar motion cycles. LLaVA-OneVision-2-8B achieves the highest average score across this 18-task
suite, improving over Qwen3-VL-8B by +4.3 points (62.5 vs. 58.2). The largest gains appear on the axes
targeted by our recipe: temporal grounding (Charades-STA: +5.2, ActivityNet: +7.0, QVHighlights: +7.0),
visual-spatial video reasoning (VSI-Bench: +11.8, ReVSI: 4+8.7), and JumpScore (74.9 vs. 30.1 JumpScore
mAP, +44.8 over Qwen3-VL-8B). These results indicate that codec-stream tokenization and shared 3D RoPE
improve event-level video evidence allocation under irregular spatiotemporal token layouts.

M LLaVA-OneVision-2-8B leads the 8B class on the 18-task video suite, with the largest gains on
temporal grounding, visual-spatial video reasoning, and JumpScore temporal localization.

Spatial Reasoning. We next evaluate spatial reasoning, the axis most directly targeted by the Stage-4 spatial
recipe. Table 2 reports 11 spatial benchmarks spanning relation comprehension, embodied scene understanding,
2D /3D spatial reasoning, trajectory reasoning, cross-view correspondence, spatial aptitude, multi-image spatial
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Figure 7 Codec-stream inputs versus frame sampling. Under matched visual settings, codec-stream tokenization improves
event-level temporal grounding by following high-bit-cost intervals and high-residual regions rather than uniformly
sampled frame slots. We evaluate this effect on temporal grounding benchmarks, long-form video QA, and JumpScore,
our fine-grained temporal-localization benchmark for high-frequency repeated motion.

intelligence, and general perception. LLaVA-OneVision-2-8B achieves the best spatial average, improving over
Qwen3-VL-8B by +5.3 points on this 11-task subset (63.5 vs. 58.2). Its largest gains occur where existing
8B baselines are weakest: CrossPoint improves by +35.0 points over Qwen3-VL-8B (61.9 vs. 26.9), and
TraceSpatial-3D reaches nearly 4x the next-best 8B score (31.0 vs. 8.0). The model further leads or matches
the 8B class on MetaVQA, CV-Bench 2D /3D, EmbSpatial, and SAT, while remaining competitive on CRPE;,
ERQA, MMSI-Bench, and BLINK. We attribute these gains to the Stage-4 spatial corpus and point-based
tracking supervision, which explicitly train structured spatial outputs beyond caption-style perception.

M Stage-4 spatial supervision yields the largest gains where 8B baselines are weakest: +35.0 on
CrossPoint and nearly 4x the next-best 8B score on TraceSpatial-3D.

Image and Document Understanding. We also evaluate whether long-video and spatial training preserve image
and document capability. Table 2 summarises results on 11 image and document benchmarks. LLaVA-
OneVision-2-8B remains competitive on DocVQA (95.2), ChartQA (85.9), CountBench (89.0), Pixmo-Count
(64.0), and RealWorldQA (69.7), and leads the 8B class on V*-Bench (85.9). On text-dense or diagram-heavy
tasks, it trails the strongest specialized baselines: Keye-VL-1.5 leads MMStar and OCRBench, Qwen3-VL-8B
leads InfoVQA, and PLM-8B leads AI2D. These gaps indicate that the spatially grounded long-video recipe
preserves strong image-level capability, but does not make the model OCR~ or document-specialized.

M LLaVA-OneVision-2 preserves strong image and document capability, leading V*-Bench while
remaining below OCR- and document-specialized baselines on text-dense tasks.

8 Ablation of Codec-Stream Tokenization

Codec-stream tokenization is designed to make video observation follow the predictive structure of the
compressed stream. To isolate this effect, we compare codec-stream inputs with frame-sampling inputs while
keeping the backbone, language model, decoder, prompts, and evaluation protocol fixed. The results show that
codec-stream tokenization is most effective when the answer depends on event-level evidence: Codec-stream
yields a 17.3-point average gain on JumpScore and a 9.7-point average gain across three temporal-grounding
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Figure 8 Per-skill ablation on VideoMME-v2 at matched visual settings. Teal bars indicate capabilities where codec-stream
inputs outperform frame sampling; coral bars indicate capabilities where frame sampling is stronger.

benchmarks over uniform frame sampling. On long-form video QA, codec-stream inputs preserve parity or
small gains over frame sampling, indicating that stream-aware evidence allocation does not trade off long-video
semantic understanding for compression.

Temporal Grounding. Temporal grounding exposes the core advantage of codec-stream tokenization. Uniform
frame sampling allocates observation capacity by elapsed time, so short event intervals can be missed when they
fall between sampled frames. Codec-stream tokenization instead uses bit-cost dynamics to identify temporally
informative segments and motion-residual cues to retain spatial evidence around perceptual transitions. As
shown in Figure 7, this produces the largest gains at low input scales, where uniform sampling has the highest
probability of missing event boundaries. The gap narrows as the input scale increases, since denser frame
sampling gradually recovers more event evidence. Averaged over all temporal-grounding settings, codec-stream
improves the score from 35.5 to 45.2, yielding a 9.7-point average absolute gain over uniform frame sampling.

M Codec-stream tokenization improves temporal grounding by biasing visual evidence toward high-
bit-cost transitions and high-residual regions, rather than distributing tokens uniformly over time.

Fine-grained Groundingin Densely Repeated Motion. JumpScore targets a complementary failure mode of existing
long-video benchmarks: high-frequency, densely repeated motion, where the challenge is not recognizing the
event category but localizing the correct action instance among many visually similar cycles. In this regime,
periodic frames can appear redundant under visual similarity, even though their cycle boundaries carry the
decisive temporal signal. Codec-stream tokenization is well matched to this setting because bit-cost spikes
and residual responses concentrate around cycle transitions. On JumpScore, LLaVA-OneVision-2-8B reaches
74.9 JumpScore mAP, outperforming Qwen3-VL-8B (30.1) by +44.8 points; under matched visual budgets on
the same benchmark, codec-stream inputs improve temporal grounding over frame sampling by +17.3 points.

M On densely repeated motion, codec-stream tokenization localizes perceptual transitions between
visually similar cycles, the regime where uniform frame sampling and similarity-based deduplication
are least reliable.

Long-form Video Question Answering. Long-form video QA is a more forgiving setting for frame sampling,
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Table 3 Extended long-video frame-budget sweep on LVBench, VideoMME-Long, MLVU-dev, and VideoEval-Pro. Stream inputs
hold parity or a small lead at low budgets and converge closely with Fix inputs at higher budgets.

LVBench VideoMME-L (w/ sub) MLVU-dev VideoEval-Pro
Token Budget

Fix Stream Fix Stream Fix Stream Fix Stream
2k 40.0 38.5 55.1 56.6 60.0 62.4 45.0 46.4
4k 40.4 409 57.7 60.3 62.6 65.0 453 48.3
8k 43.4 429 62.0 61.4 67.1 69.0 48.1 51.6
16k 46.7 471 64.8 67.4 70.2 713 51.4  53.9
32k 48.8 49.5 671 67.0 72,5 737 56.0 55.8

since many answers can be recovered from sparse semantic snapshots. The relevant question is therefore
whether codec-stream tokenization introduces a regression by prioritizing motion-residual evidence. Figure 7
shows that it does not: codec-stream inputs maintain parity or small gains on LVBench, VideoMME-Long
with subtitles, and VideoEval-Pro. This suggests that codec-stream tokenization preserves broad semantic
coverage while reallocating additional capacity toward event-bearing moments. At higher input scales, the
two strategies converge, indicating that abundant frame evidence can partially compensate for less adaptive
allocation.

M On long video QA, codec-stream tokenization preserves the semantic robustness of frame sampling
while allocating additional evidence to stream-indicated event moments.

Figure 8 further clarifies the competence boundary of codec-stream tokenization. Codec-stream inputs gain
on tasks whose decisive evidence is a salient spatial snapshot or a discrete state transition, including visual
recognition, event ordering, counting, and several audio-visual reasoning skills. Frame sampling remains
stronger when the task requires dense trajectory continuity, such as future event prediction, dyadic interaction,
motion properties, and motion trajectory estimation. This pattern supports the coverage-resolution trade-off
identified in our analysis: codec-stream inputs expand event-level coverage, while frame sampling preserves
frame-level evidential resolution for detail-sensitive motion reasoning.

Fixed Versus Stream-adaptive Codec Allocation. To isolate the contribution of stream adaptivity inside the codec
pipeline, we compare F1X, which follows a fixed GOP/slot schedule, with STREAM, which derives temporal
groups and key-frame anchors from the continuous bit-cost stream and packs motion-residual evidence into
compact visual canvases. Across LVBench, VideoMME-Long, MLVU-dev, and VideoEval-Pro, STREAM
matches or improves over FIX in most settings, with especially consistent gains on MLVU-dev and VideoEval-
Pro. The result supports our central design claim: the advantage of codec-stream tokenization comes not
merely from compression, but from making visual observation follow bit-cost dynamics and motion-residual
structure rather than a preset GOP layout.

9 Related Work

LLaVA-OneVision-2 sits at the intersection of five lines of work: open video MLLMs (§9.1), patch- and
token-level efficiency for video transformers (§9.2), temporal grounding with video LLMs (§9.3), spatial
cognition in multimodal LLMs (§9.4), and referring video object segmentation (§9.5). We review each in turn
and position codec-stream tokenization within them.

9.1 OpenVideo MLLMs

The 8B-class open multimodal model has converged into a recognisable design template: a vision transformer
backbone (typically SigLIP-style or a derivative), a connector projecting visual patches into the language-model
embedding space, and an instruction-tuned language model (Qwen, LLaMA, InternLM). Recent representative
releases at this scale include Qwen2-VL / Qwen2.5-VL / Qwen3-VL (Wang et al., 2024b; Bai et al., 2025b,a),
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InternVL-3 / InternVL-3.5 (Zhu et al., 2025; Wang et al., 2025b), Keye-VL-1.5 (Yang et al., 2025a), NVILA (Liu
et al., 2024b), VideoLLaMA 3 (Zhang et al., 2025a), MiniCPM-V (Yao et al., 2024), Aria (Li et al., 2024),
Eagle 2 (Li et al., 2025d), Apollo (Zohar et al., 2024), Oryx-MLLM (Liu et al., 2024a), Tarsier 2 (Yuan et al.,
2025b), LongVU (Shen et al., 2024), LongVILA (Chen et al., 2024b), InternVideo2.5 (Wang et al., 2025¢),
Penguin-VL (Zhang et al., 2026a), and the LLaVA-OneVision-1.5 release (Li et al., 2025a; An et al., 2025) that
LLaVA-OneVision-2 inherits from directly. Most of these models share the same default observation strategy
on video input: a clip is reduced to 8-32 uniformly-spaced frames, every patch in each sampled frame is
encoded, and the rest of the timeline is discarded. The Cambrian-1 (Tong et al., 2024) and Cambrian-S (Yang
et al., 2025¢) releases additionally probe the failure modes of this default, particularly long-horizon continual
reasoning, without altering the underlying frame-sampling prior. VideoChat (Li et al., 2023; Maaz et al.,
2024), ShareGPT4Video (Chen et al., 2024a), and the LLaVA-Video instruction-data line (Zhang et al.,
2024; Maaz et al., 2024) are likewise built on top of uniform sampling. Our contribution is orthogonal to
this template: codec-stream tokenization is a substitution at the input side of the visual encoder, leaving
the connector, language model, and instruction-tuning recipe unchanged. Any of the systems above can in
principle adopt it without touching their downstream stack.

9.2 Efficient Video Tokenization

A large body of prior work has tackled the same redundancy problem we identify, that most patches across most
frames are not informative, but from a different direction. Three families of approaches deserve comparison.

Token dropout and merging. Token dropout (Rao et al., 2021; Yin et al., 2022; Meng et al., 2022) removes a
learned subset of tokens at intermediate transformer layers; token merging (Bolya et al., 2022; Bolya and
Hoffman, 2023) combines similar tokens via attention-key similarity. A second family of recent work pushes
this idea into the video-MLLM stack itself: hierarchical clip-to-video compression in VideoChat-Flash (Li et al.,
2025b), one-token-per-frame summarisation in LLaVA-Mini (Zhang et al., 2025d), Mamba-based temporal
pooling in STORM (Jiang et al., 2025), dual-stream slow-fast token routing (Xu et al., 2025a), training-free
redundancy pruning in ReTaKe (Wang et al., 2024d), and reconstructive or KV-sparsification compression
in the Video-XL family (Shu et al., 2025a; Liu et al., 2025; Shu et al., 2025b). Concurrent 2026 entries
continue this trajectory: visual KV-cache memory mechanisms (FlexMem (Chen et al., 2026¢)), small-VLM-
as-local-compressor pipelines (Tempo (Fei et al., 2026)), extreme one-token-per-frame compression (Zhang
et al., 2026e), density-adaptive samplers (Chen et al., 2026d), RL-learned per-token retention (SCORE (Wang
et al., 2026)), semantic-guided evolutionary compression (EvoComp (Song et al., 2026)), and hybrid KV-
cache compression (Zeng et al., 2026). All of these families typically operate at the model side (inside the
transformer stack or the LLM-side KV cache) rather than at the input side, and require either learned
routing, a similarity-based pooling step, or a task-conditional sparsification policy that adds inference-time
computation. Codec-stream tokenization differs in two ways: it operates entirely at the input side, so any
downstream model can be a plain transformer with no routing logic; and it derives the saliency signal from
the codec bitstream rather than from learned model activations or post-hoc similarity, so the selection is
computed once at preprocessing time and is agnostic to the downstream model.

Compressed-domain video tokenization. A closer line of work directly exploits the codec representation. Video-
LaVIT (Jin et al., 2024) decomposes videos into keyframes and motion vectors for unified generative pretraining.
Run-Length Tokenization (RLT) (Choudhury et al., 2025) exploits temporal redundancy at the token level.
EMA (Zhao et al., 2025) encodes GOP structures with motion-aware mechanisms for efficient video MLLM
understanding. AuroraLong (Xu et al., 2025b) brings RNN-style token compression back for efficient long-form
video understanding. Concurrent 2026 work has further explored this direction: ReMoRa (Yashima et al., 2026)
operates on sparse RGB I-frames augmented with refined motion-vector representations through a hierarchical
motion state-space module, and a recent survey (Jin et al., 2026b) argues for the joint standardisation of
traditional visual coding (H.264/H.265) and visual token technology. Each of these methods extracts a
different signal from the compressed bitstream and demonstrates a different efficiency—accuracy trade-off;
what is missing in all of them is a unified operational pipeline that runs at training and inference under the
same configuration, makes the signal-extraction choices explicit and tunable (variable-length GOP, bit-cost vs.
MV +residual scoring, stratified block selection), and Pareto-dominates uniform sampling across temporal
grounding, R-VOS, and 3D-RoPE token-efficiency under matched token budgets. §2.2 provides exactly that
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pipeline; §8 provides the controlled empirical comparison across temporal grounding, counting, long-form QA,
token-efficiency under 3D-RoPE, and per-skill diagnostics on VideoMME-v2.

Adaptive frame sampling. A simpler line of prior work uses learned or heuristic adaptive frame samplers (Tang
et al., 2025; Wang et al., 2025a) to allocate more frames to motion-intensive segments. The canonical limitation
is that the unit of selection is the frame, not the patch: a single frame contributes either every patch or no
patches, and the quadratic cost of self-attention is unmitigated for the kept frames. Codec-stream tokenization
instead selects at the patch level under a global clip-level token budget, so a high-motion frame can contribute
a small dense patch cluster and a low-motion frame can contribute its I-frame anchor only.

9.3 Temporal Grounding with Video LLMs

A complementary line of work investigates how video LLMs can localise events in time rather than only
describing them. Early approaches augment a frame-sampled video LLM with explicit timestamp tokens
or boundary-aware training, including VTimeLLM (Huang et al., 2024a), TimeChat (Ren et al., 2023),
LITA (Huang et al., 2024b), VTG-LLM (Guo et al., 2024b), and Grounded-VideoLLM (Wang et al., 2024a),
which add per-event captioning supervision or specialised time-token vocabularies on top of the standard
uniform-frame interface. TRACE (Guo et al., 2024a) and TimeRefine (Yan et al., 2024) push this further
with causal event modelling and iterative boundary refinement. More recent work casts temporal grounding
as a reinforcement-fine-tuning problem with verifiable IoU-based rewards: VideoChat-R1 (Li et al., 2025¢),
Time-R1 (Wang et al., 2025d), and Video-R1 (Feng et al., 2025) all post-train a frame-sampled MLLM with
GRPO-style updates against grounding rewards. The 2026 cohort extends this trajectory with instance-level
grounding (STVG-R1 (Zhang et al., 2026¢)), curriculum grounding rewards (Video-TwG (Chen et al., 2026a)),
event-graph reasoning rewards (GraphThinker (Cheng et al., 2026)), and verifiable-reward video reasoning on
flow-based generative models (Wan-R1 (Liu et al., 2026)), alongside broader unified RL post-training recipes
for vision-language models (Yan et al., 2026; Xie et al., 2026). All of these systems retain uniform frame
sampling on the input side; their gains come from the supervision objective, not the visual evidence allocation.
Codec-stream tokenization is orthogonal: it changes which frames and which patches the model sees in the
first place. The two are stackable, and on JumpScore, Charades-STA, ActivityNet, and QVHighlights (§8) we
show that codec-stream inputs alone, with no temporal-grounding-specific objective, already match or exceed
frame-sampled grounding baselines under matched token budgets.

9.4 Spatial Cognition in Multimodal LLMs

Spatial cognition has emerged as a distinct evaluation axis where 8B-class video MLLMs underperform their
headline results. Cambrian-S (Yang et al., 2025¢) formalises “supersensing” — maintaining coherent spatial
state across long-horizon video — as the next bottleneck for video MLLMs and identifies inference-time
mechanisms (predictive sensing with surprise-driven memory management) as the most promising direction;
we read LLaVA-OneVision-2 as a strong spatially-grounded base for that line of work rather than a competing
solution to it. Molmo and Pixmo (Deitke et al., 2024) introduced point-based supervision as a structured-
output format for static images; Molmo2 (Allen Institute for AI, 2025; Clark et al., 2026) extends this to
point-based video tracking and spatio-temporal pointing. We adopt the Molmo2 video-tracking and pointing
data as-is as one ingredient of our Stage-4 spatial supervision (§4.4); the contribution this paper isolates
is codec-stream tokenization, not the point/tracking signal itself. A parallel data-side line of work supplies
structured 2D and 3D spatial supervision for MLLMs: VSI-Bench and the “Thinking in Space” analysis (Yang
et al., 2024), SpatialBot (Cai et al., 2024), SpatialRGPT (Cheng et al., 2024), EmbodiedScan (Wang et al.,
2024c¢), RoboSpatial (Song et al., 2024), RoboRefer / RefSpatial (Zhou et al., 2025), SPAR (Zhang et al.,
2025b), MMSI-Bench (Yang et al., 2025b), and the SG-RLVR recipe of SpaceR (Ouyang et al., 2025).
Concurrent 2026 work continues this thread: GR3D (Yuan et al., 2026) attaches geometrically referenced 3D
scene representations to MLLMs without training, Spa3R (Jiang et al., 2026) learns view-invariant spatial
fields via predictive novel-view feature synthesis, and “Thinking with Spatial Code” (Chen et al., 2026b) feeds
explicit oriented-bounding-box code into the LLM for physical-world video reasoning. New benchmarks tighten
the evaluation protocol: ReVSI (Zhang et al., 2026d) re-annotates VSI-Bench scenes to remove protocol
artefacts (we report ReVSI in §7.1), VAEX-Bench (Bang and Song, 2026) probes abstractive spatiotemporal
evidence at object/room /floor-plan level, and SFI-Bench (Zhang et al., 2026b) jointly benchmarks spatial and
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functional intelligence over video. These datasets converge on a similar three-source taxonomy (annotated
real videos, simulated trajectories, pseudo-annotated web video) that our LLaVA-OneVision-2-Spatial-4M
corpus (§4.4) follows. The novelty on the data side is not the taxonomy but the decision to pair structured
spatial QA with Molmo2-style point/tracking supervision exclusively in Stage 4 of the recipe; §4.4 explains
why this stage ordering matters empirically.

9.5 Referring Video Object Segmentation with Multimodal LLMs

Referring video object segmentation (R-VOS) on MeViS (Ding et al., 2023) and ReVOS asks the model to
follow a single physical reference across many frames given a language query, and is the closest public proxy for
the cross-frame coherence that robotics deployment needs. Recent MLLM-based R-VOS systems pair an LLM
with a promptable segmentation backbone, typically SAM 2 (Ravi et al., 2024): VideoLISA (Bai et al., 2024)
introduces a single <TRK> token under a sparse-dense sampling regime, Sa2VA (Yuan et al., 2025a) marries
SAM 2 with LLaVA-OneVision for unified image / video grounding, VideoGLaMM (Munasinghe et al., 2025)
extends GLaMM (Rasheed et al., 2024) to pixel-level video grounding, Vitron (Fei et al., 2024) unifies twelve
image/video tasks under one pixel-level LLM, and VideoMolmo (Rasheed et al., 2025) couples Molmo-style
point supervision with bidirectional SAM 2 propagation. Concurrent 2026 work pushes toward agentic and
tracking-aware R-VOS: AgentRVOS (Jin et al., 2026a) first generates SAM 3 object tracks and then asks
the LLM to reason over them for zero-shot R-VOS, while SPARROW (Alansari et al., 2026) learns dual
box/segmentation prompts with tracked features for spatially precise, temporally consistent pixel grounding.

10 Conclusion

We presented LLaVA-OneVision-2 as a codec-aligned long-video MLLM that moves video observation beyond
frame-centric sampling toward stream-aware perceptual evidence allocation. Built on a native-resolution
OneVision-Encoder, the model treats compressed video as a continuous bit-cost stream: bit-cost dynamics
determine adaptive temporal groups, while motion-residual evidence is condensed into compact visual
canvases and processed through a unified group-visible attention interface. Together with a progressive
open training stack of approximately 8M re-captioned video samples, a 4M-sample 2D&3D spatial corpus,
and the JumpScore temporal-localization benchmark, LLaVA-OneVision-2 demonstrates strong gains across
video, spatial, temporal grounding, and tracking evaluations. More importantly, our analysis shows that
codec-stream tokenization is not merely a token-reduction mechanism, but a perceptual allocation principle:
it expands event-level coverage for long-video reasoning while retaining frame sampling as a complementary
path for detail-sensitive perception. Looking forward, we will extend this codec-aligned paradigm toward
streaming perception and hours-scale or longer codec-context modeling (Guan et al., 2026; Shen et al., 2026;
Chen et al., 2026¢), where visual evidence must be continuously updated, compressed, and retrieved over
ultra-long temporal horizons.
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12 Details

121 Codec-Stream versus Uniform Frame Sampling

Figure 7 compares codec-stream inputs with uniformly sampled RGB frames under matched nominal frame
budgets. To make the scaling curves auditable, we report the exact numerical values used in the figure in
Tables 4 and 5. “Uniform” denotes standard uniform frame sampling, and “Codec” denotes the codec-stream
input representation.

Table 4 Numerical values for the video QA and JumpScore curves in Figure 7. Each benchmark is reported under matched
nominal frame budgets.

B ‘ VideoMME-L-sub ‘ LVBench ‘ VideoEval-Pro ‘ JumpScore
udget
‘ Uniform Codec ‘ Uniform Codec ‘ Uniform Codec ‘ Uniform Codec
4 - - - - - - 32.5 39.4
8 55.1 56.6 - - 43.1 46.4 35.2 40.2
16 57.7 60.3 38.9 40.9 44.8 48.3 36.7 46.9
32 62.0 61.4 41.6 42.9 48.6 51.6 37.6 58.3
64 64.8 67.4 45.6 47.1 52.3 53.9 39.9 71.3
128 67.1 67.0 47.7 49.5 54.0 55.8 45.4 74.9

Table 5 Numerical values for the temporal grounding curves in Figure 7. Each benchmark is reported under matched nominal
frame budgets.

Budget ‘ QVHighlights ‘ Charades-STA ‘ ActivityNet Captions
‘ Uniform Codec ‘ Uniform Codec ‘ Uniform Codec
4 12.3 27.7 174 42.4 12.0 23.1
8 23.3 40.4 37.1 48.2 18.5 31.8
16 24.9 51.5 48.1 51.0 28.1 40.6
32 53.2 59.2 53.1 49.9 39.9 47.5
64 61.7 63.5 53.5 50.1 48.9 51.2

Across the general long-video QA benchmarks, codec-stream inputs provide modest but mostly positive gains
over uniform frame sampling. The average absolute improvements are 1.2 points on VideoMME-L-sub, 1.7
points on LVBench, and 2.6 points on VideoEval-Pro. The gains are not strictly monotonic at every budget:
for example, VideoMME-L-sub shows small drops at 32 and 128 frames. Nevertheless, the overall pattern
suggests that codec-stream tokenization can preserve useful temporal evidence without increasing the nominal
frame budget.

The advantage becomes larger on motion-sensitive temporal localization tasks. On JumpScore, codec-stream
improves the average score from 37.9 to 55.2 across the six evaluated budgets, corresponding to an average
absolute gain of 17.3 points. At the 4-frame budget, the score improves from 32.5 to 39.4, which corresponds
to 6.9 absolute points and 21.2% relative improvement over uniform frame sampling. The gains further
increase at larger budgets, reaching 20.7, 31.4, and 29.5 points at 32, 64, and 128 frames, respectively.

For temporal grounding, codec-stream is most beneficial under low- and medium-frame budgets. On QVHigh-
lights, the gains are 15.4, 17.1, and 26.6 points at 4, 8, and 16 frames, respectively. On Charades-STA,
codec-stream substantially improves the 4-frame setting from 17.4 to 42.4, while uniform sampling becomes
competitive at higher budgets. On ActivityNet Captions, codec-stream improves over uniform sampling at all
evaluated budgets, with gains ranging from 2.3 to 13.3 points. Overall, the numerical values behind Figure 7
show that codec-stream inputs provide the largest benefit when temporally sparse, motion-relevant evidence
must be recovered from a limited visual budget.
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12.2 Video Tracking

Tracking protocol. Across all benchmarks, segmentation metrics are computed at the original video frame
rate, whereas point-based metrics are evaluated at 1 fps and marked as correct when a predicted point
falls inside the ground-truth mask. For segmentation-capable baselines, we evaluate the masks produced
by the corresponding open segmentation models and report their mask-level quality. When a model can
produce discrete points for the referred object, such as VLM-style point outputs, we additionally evaluate
its point-based localization accuracy. LLaVA-OneVision-2-8B does not introduce a new segmentation head.
Instead, it predicts discrete point tracks with explicit object IDs, and these ID-associated points are directly
used as SAM 2 point prompts to obtain per-frame segmentation masks. The reported mask metrics for
our model therefore evaluate the quality of ID-consistent point tracking together with the point-to-mask
conversion, rather than a separately trained segmentation decoder.

Table 6 Referring video object segmentation and point-to-mask tracking. Evaluation on DAVIS, MeViS-U, REVOS-Referring,
and REVOS-Reasoning with three metrics: F, HOTA, and J&F. For LLaVA-OneVision-2-8B, predicted ID-associated
point tracks are converted into masks using SAM 2 point prompts before computing mask-level metrics. The final
Overall column reports the aggregate tracking score used by our evaluation protocol, rather than the unweighted mean
of the four J&F columns. Bold indicates the best result in each column.

DAVIS MeViS-U REVOS (Ref.) REVOS (Reason) | Overall
Method F HOTA J&F| F HOTA J&F | F  HOTA J&F | F HOTA J&F

InternVL3.5-8B | 12.8 9.4 4.7 1 7.2 6.6 75 (222 208 102 79 7.2 9.2 11.0
LLaVA-OV-15 [ 11.9 88 4.1 | 7.3 9.0 6.1 | 16.8 174 13.0| 6.2 178 9.7 10.8
Keye-VL-1.5 146 122 58 |10.1 1568 7.2 (221 265 10.7| 99 120 9.6 12.1
PLM-8B 78 328 20 |50 344 76 | 6.8 51.2 85 | 0.1 0.1 10.2 9.0
Qwen3-VL-8B |39.7 36.6 41.3]29.9 345 284|407 415 378|247 324 219| 3038

LLaVA-OV-2-8B | 52.7 447 58.7\37.1 31.7 45.7\60.8 561 58.2[27.4 225 292| 41.0

Results. Table 6 shows that LLaVA-OneVision-2-8B achieves the best overall tracking score, improving over
Qwen3-VL-8B by +10.2 absolute points (41.0 vs. 30.8). The gain is consistent on the mask-overlap metric J&F
across all four evaluation splits: +17.4 on DAVIS (58.7 vs. 41.3), +17.3 on MeViS-U (45.7 vs. 28.4), +20.4
on REVOS-Referring (58.2 vs. 37.8), and +7.3 on REVOS-Reasoning (29.2 vs. 21.9). These results support
our hypothesis that codec-stream dense observation is useful for cross-frame correspondence: at matched
token budgets, retaining I-frame patches densely while sparsifying P-frames toward motion-relevant regions
provides more temporally aligned visual evidence per token. The Stage-4 point-based tracking supervision from
Molmo2-VideoTrack provides a complementary mechanism, teaching the model to maintain a single physical
reference across frames instead of re-grounding the object from text independently at every frame. Although
Qwen3-VL-8B remains stronger on HOTA for MeViS-U and REVOS-Reasoning, LLaVA-OneVision-2-8B
obtains higher J&F on every split, indicating better mask overlap after point-to-mask conversion.
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13 Case Study

13.1 Temporal Grounding on TimeLens-Bench

Figure 9 reports ten temporal-grounding cases from Charades-STA, ActivityNet-Captions, and QVHighlights;
per-row metric is mean IoU over five runs.

Temporal Grounding Case Studies — LLaVA-OneVision2-8B on TimeLens-Bench —e— prediction —@- ground truth

Task 1. “A man takes a bag from the bottom cabinet.” Charades-STA - IoU 1.00 - 19 s

Task 2. “A boy puts his hand on top of his head in the bathroom and takes a selfie.” CharadesSTA 10U 1.00 - 325

15.0s — @18.0s
15.0s

18.05
b “ . (19 0 k | ) e li

Task 3. “A person puts on a red plaid shirt.” Charades-STA - IoU 1.00 - 33 s

Task 5. “A man wearing white clothes is practicing Tai Chi by the sea.” ActivityNet-Captions - loU 0.98 - 209 s

s

i
1
i

=
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Task 6. “A boy is wearing boxing gloves practicing boxing.” ActivityNet-Captions - IoU 0.98 - 94 5

Task 7. ActivityNet-Captions - IoU 0.98 - 54 5

@
)
k v
Task 8. QVHighlights - IoU 1.00 - 150 s
134.0s
134.0s
Task 9. QVHighlights - 10U 0.98 - 150 s

Figure9 Temporal grounding on TimeLens-Bench. Ten cases from Charades-STA, ActivityNet-Captions, and QVHighlights;
per row, mean loU over five runs.
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13.2 Referring Video Object Segmentation and Tracking on ReasonVOS

ReasonVOS evaluates referring video object segmentation given a free-form referring expression and a video.
Our model emits a per-frame (z,y) tracking point for the referred object rather than a dense mask directly;
the dense mask shown in the figure is produced by feeding these per-frame points to SAM2 (Ravi et al., 2024)
downstream as prompts. Figure 10 shows a 36-frame “Track the animal moving forward” case in which a
cat moves diagonally across the scene; the point sequence follows the cat through pose change and partial
occlusion, yielding J&F = 0.939 and HOTA = 0.954 on the SAM2 mask.

“Track the animal moving forward.” ReasonVOS - J&F 0.939 - HOTA 0.954

RGB

MASK

Predicted points: (@s, 231, 493) (1s, 273, 500) (2s, 295, 500) (3s, 408, 593) (4s, 482, 600) (5s, 445, 593)

Figure 10 R-VOS on ReasonVOS — “Track the animal moving forward”. The two strips show eight evenly-sampled frames of
the input RGB (top) and the corresponding SAM2-derived dense mask (bottom) for a 36-frame clip; the per-frame
(z,y) tracking points emitted by our model and used as SAM2 prompts are listed below the strips.

13.3 Referring Video Object Segmentation and Tracking on Ref-DAVIS17

Ref-DAVIS17 evaluates the same referring video task on a different visual domain that emphasises high-motion
outdoor footage. The pipeline is identical to the ReasonVOS case above: per-frame tracking points are emitted
by our model and the dense mask is recovered by SAM2 (Ravi et al., 2024) downstream. Figure 11 shows a
52-frame Drift-Chicane “Track a sport car” case where the point sequence stays aligned through tire smoke,
motion blur, and viewpoint change, yielding J&F = 0.961 and HOTA = 0.963 on the SAM2 mask.

“Track a sport car.” Ref-DAVIS17 - J&F 0.961 - HOTA 0.963

Predicted points: (@s, 230, 454) (1s, 366, 481) (2s, 466, 496) (3s, 512, 500) (4s, 532, 504) ..4 more

Figure 11 R-VOS on Ref-DAVIS17 — “Track a sport car”. Same two-strip layout as Figure 10: the top strip is the input
RGB and the bottom strip is the SAM2-derived dense mask, with the model’s per-frame (z,y) points printed below.
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13.4 Real-World Robot Manipulation

We deploy the model on two tabletop manipulation tasks (apple-to-plate, left; bread-to-oven, right) and
re-query it online at three moments during execution. At each query the model receives only the natural-
language instruction and the current RGB observation, and returns an image-space list of (x,y, z) waypoints
that a downstream IK module follows; the waypoint count contracts as the gripper approaches the target,
and the trajectory updates whenever the scene state changes.

Task 1: “Put the apple on the green plate placed on the table.” Task 2: “Put the bread into the oven.”

t=0s (9 wpts) t=10s (7 wpts) t=11s (6 wpts) t=0s (5 wpts) t=7s (3 wpts) t=13s (5 wpts)

Figure 12 Real-world trajectory predictions on a robot manipulation setup. Cyan polyline = trajectory order; magenta dots
= waypoints; green dot = start; z is a normalised depth.

13.5 JumpScore Validation

Figure 13 compares uniform 128-frame sampling and codec-stream sampling on a single JumpScore clip
with 85 ground-truth cycle starts at matched visual-token budget. Uniform sampling attributes 14 of 85
cycles correctly (mean IoU 0.116), while codec-stream sampling attributes 82 of 85 (mean IoU 0.894). The
improvement reflects codec sampling’s ability to concentrate visual tokens on motion-residual regions, exactly
where cycle boundaries live in densely repeated jump-rope motion.

® LEFT: UNIFORM 128 FRAMES ® RIGHT: CODEC-SELECTED PATCHES

® Pred event (red flash) @ GT event (green box)

Hover the timeline to pause & scrub. GT events stay green; predictions light up at their video time.

6T e 97 LT LT
FRAME o 16 siitUsil nnUsaUSHi sl iy e
CODEC e 92 1IN LT

UNIFORM 128 FRAMES CODEC-SELECTED PATCHES

0.116.~ 0.894..
Pred 16 GT 97 Pred 92 GT 97
APEO.1 e 0.050 — 6.796
APRD.2 e— 0.149 — 0.938
APRD.3  co— 0.149 — 0.948

Figure 13 JumpScore validation: uniform vs. codec-stream sampling on a single 85-cycle clip. At matched visual-token
budget, codec-stream sampling attributes 82 of 85 cycle starts (mIoU 0.894) versus 14 of 85 for uniform 128-frame
sampling (mlIoU 0.116); each predicted cycle start is drawn green when it lands within 0.1s of a ground-truth start
and red otherwise.

24



13.6 2D Spatial Grounding

Figure 14 reports eight 2D pointing cases covering object references, relational queries, and free-space queries;
the model emits an (z,y) pixel coordinate (overlaid in red).

2D Spatial Grounding — predicted reference points overlaid on the input image

Please point to the top piece of paper Please point out the white object that Please point to the left pillow on the
on the white table. is the second closest to the wooden sofa. Please point out the free space
shelf. between the cat tree and litter box.
POINT (265, 600) POINT (293, 458) POINT (495, 425) POINT (485, 775)

X Please point out the free space Please point out the free space
Please point out the free space on the Please point out the object on the between the black water bottle, the between the black water bottle and the
table between the speaker to the right windowsill farthest from the viewer. pot lid, and the scissors. pot lid.

of the monitor and the mouse.

POINT (599, 469) POINT (199, 985) POINT (340, 945) POINT (256, 974)

Figure 14 2D spatial grounding. Eight examples; predicted point overlaid in red.

13.7 3D Spatial Grounding

Figure 15 reports five 3D pick-and-place cases (“pick up X, and move it to Y”); the model emits a continuous
3D trajectory in image space with relative depth.

3D Spatial Grounding — predicted pick-and-place trajectory overlaid on the input image

Pick up the second black remote controller from the
front on the table, and move it to the left of the
closest pillow on the bed.

Pick up the gray toy on the left, and move it so
spacing matches the other toys. Pick up the red object on the rightmost table, and
move it onto the center cabinet.

TRAJECTORY 8 waypoints z 0.50-1.85 TRAJECTORY 5 waypoints - z 0.57-1.35 TRAJECTORY 7 waypoints z 0.71-1.85

Pick up the brown small bottle on the table, and Pick up the calculator on the right table, and move
it to I bl

move it to the left of the white mouse. o left of the phone on the left table.

TRAJECTORY 7 waypoints - 2z 0.50-1.05 TRAJECTORY 7 waypoints - z 0.50-1.83

Figure 15 3D spatial grounding. Five pick-and-place examples; predicted 3D trajectory overlaid.
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