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Abstract +Ai2

Today’s strongest video-language models (VLMs) remain proprietary. The strongest open-weight
models either rely on synthetic data from proprietary VLMs, effectively distilling from them, or
do not disclose their training data or recipe. As a result, the open-source community lacks the
foundations needed to improve on the state-of-the-art video (and image) language models. Crucially,
many downstream applications require more than just high-level video understanding; they require
grounding—either by pointing or by tracking in pixels. Even proprietary models lack this capability.
We present Molmo2, a new family of VLMs that are state-of-the-art among open-source models and
demonstrate exceptional new capabilities in point-driven grounding in single image, multi-image, and
video tasks. Our key contribution is a collection of 7 new video datasets and 2 multi-image datasets,
including a dataset of highly detailed video captions for pre-training, a free-form video Q&A dataset for
fine-tuning, a new object tracking dataset with complex queries, and an innovative new video pointing
dataset, all collected without the use of closed VLMs. We also present a training recipe for this data
utilizing an efficient packing and message-tree encoding scheme, and show bi-directional attention
on vision tokens and a novel token-weight strategy improves performance. Our best-in-class 8B
model outperforms others in the class of open weight and data models on short videos, counting, and
captioning, and is competitive on long-videos. On video-grounding Molmo?2 significantly outperforms
existing open-weight models like Qwen3-VL (35.5 vs 29.6 accuracy on video counting) and surpasses
proprietary models like Gemini 3 Pro on some tasks (38.4 vs 20.0 F1 on video pointing and 56.2 vs
41.1 J&F on video tracking).
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Figure 1 Molmo2 is trained on one of the largest fully open video-centric multimodal corpus to date, including nine
new datasets for dense video captioning, long-form and long-video QA, and open-vocabulary pointing and tracking over
images, multi-images, and videos. Molmo2 accepts single images, image sets, and videos as input and can produce both
free-form language and grounded outputs such as spatio-temporal points, object tracks, and grounded chain-of-thoughts
that localize objects and events over time. Across diverse video-language and grounding benchmarks, Molmo2 matches
or surpasses prior open models, approaches proprietary systems, and remains fully open.

1 Introduction

Visual data (especially videos) is now ubiquitous, streaming continuously from phones, home cameras,
social media, autonomous systems, and industrial sensor84]. Understanding this video is fundamental for
applications such as video search, household and industrial robaotics, assistive technologies, sports analytics,
security and tra ¢ monitoring, and autonomous driving [ 83, 84, 87]. Yet the strongest video language models
remain proprietary [135, 113, 17, 145], with closed weights, data, and training recipes.

A key missing capability in current video language models is grounding. Grounding would allow models to
answer How many times does the robot grasp the red block? , by emitting points for each grasp event in
space and time. It would identify When did the cup fall o the table?" by returning a track of the cup so
users can precisely locate the event. Although image grounding is now standar@()], video grounding is only
supported in some proprietary systems, and even there in a limited form.

We present the Molmo2 (Multimodal Open Language Model), a family of fully open state-of-the-art vision-
language models. Molmo2 supports single image, multi-image, as well as video, bridging the aforementioned
gap by bringing grounding capabilities to video understanding. To promote open research, we release our
training data, model weights, and training code. To ensure our work is transparent and fully open, all our
data is constructed without distilling from proprietary models.

A core contribution of this work is a suite of 9 novel datasets targeting crucial skills underrepresented in
existing open data for video and multi-image inputs. This includes: (1) two open-vocabulary video pointing
and tracking datasets (520k instances), enabling models to pinpoint when and where events or objects occur



in videos; (2) a dense video captioning corpus (104k videos) with captions far longer and more detailed than
in any prior work (e.g., GPT-generated video captions in LLaVA-Video [184] and ShareGPT4Video [L9)); (3)
two long-form QA datasets (212k instances), including user questions on multi-image/video inputs with rich
human-crafted answers (without distilling proprietary models); and (4) two long-video question answering
datasets (around 1.3M instances) that tackle videos longer than those in current benchmarks (addressing a
known weakness of open models on long-duration conteni.1g); (5) two multi-image datasets to improve
multi-image pointing and document understanding.

Our data collection uses multiple innovative pipelines (Figure 1). For dense video captioning, we devised a
multi-stage process: human annotators rst narrate each video clip in detail via spoken descriptions (allowing
much more detail than text typing), which are transcribed and then enriched with frame-level visual details
sourced from Molmo [29] to ensure no detail is overlooked.

Because existing large-scale datasets for video or multi-image are largely distilled from proprietary modelS9,
93, 59, 76, 19], we develop a human-and-LLM collaboration pipeline to create high-quality, long-form QA
data from scratch. To add more data for medium (1-3 minutes) length videos, we introduce a synthetic data
generator that uses our own captioning model to summarize and annotate extended videos (segmented into
clips) and then formulates questions from those captions and the video's transcript.

Grounding capabilities are vital. We extend the 2D pointing paradigm popularized in image-based VLMs 79,
60, 179 into the temporal domain. Our models can not only point to objects in a frame, but also identify the
moment an action happens or continuously track an object across a video. We created dedicated datasets
for both video-pointing in space and time (e.g. click the moment and location where X occurs), and
video-tracking (continuously indicating an object's position whenever it appears).

Existing video grounding datasets tend to be narrow in scope or vocabulary, which is insu cient for training
general models that can respond to arbitrary user input B, 111]. We address this by generating large-scale
video grounding data covering diverse actions and objects (including many high-frequency everyday objects
and complex referring expressions), and we complement it with data converted from several academic sources
(e.g. reference video segmentation benchmarks) to ensure broad coverage. Finally, we construct a multi-image
pointing dataset using PixMo-Points [29], enabling our model to output points on multiple images.

All Molmo2 variants are trained in a three-stage pipeline: (1) an image-captioning and image-pointing
pre-training stage, (2) a joint supervised ne-tuning stage on our integrated multimodal dataset mixture
(images, videos, and multi-image inputs), and (3) a short long-context training stage on the same data. We
introduce several training innovations that further boost performance: a novel token-weighting scheme during
ne-tuning to balance learning from diverse tasks, as well as e cient training techniques like sequence packing
and a message-tree schedule that dramatically increase training throughput. We also show that enabling
bi-directional attention between visual tokens yields notable gains.

We evaluate Molmo2 across a broad spectrum of established benchmarks, and also propose new evaluation sets
for the less-explored capabilities we target (such as dense video captioning and open-vocabulary video pointing).
On short-video understanding, Molmo2 achieves results on par with or better than existing models; for example,
it outperforms previous open models on benchmarks like MVBench78] and MotionBench [54], and even
challenges some proprietary models' performance on these tasks. In tasks like visual counting and captioning,
Molmo2 (even at 4B scale) is only outperformed by the strongest closed-source systems (e.g. Gemini 348]],
demonstrating the bene ts of our ne-grained grounding data. Molmo2 also establishes new state-of-the-art
results in video grounding (both tracking and pointing), substantially ahead of prior open models B, 111], all
while maintaining strong performance on traditional image and multi-image benchmarks $9, 93]. A human
preference evaluation ranks Molmo2 as equal or better than existing open-weight models and ahead of a few
proprietary models, including GPT-5 [114] and Claude Sonnet 4.5%], showing its general-purpose capabilities.

We release three versions of Molmo2: 4B and 8B models based on the Qwen3 LLM$§, and a 7B model
based on the OLMo LLM [117], to demonstrate what can be achieved with a fully-open language model. All
our code, data, and models will be made open source.



Dataset Group  Description Rate(%) Datasets Examples

Captions/Long QA Captioning and long-form question answering data on images and 13.6 6 1.2m
videos, including Molmo2-Cap, -AskModelAnything , -MultiimageQA
and PixMo-Cap, -AskModelAnything and -CapQA.

Image QA Multiple-choice and short answer image QA data, including Molmo2- 22.7 32 2.4m
SynMultilmageQA, open-source image datasets [ 48, 130, 101, 102,
103, 105, 65, 125, 94, 95, 14, 2, 61, 62, 107] following Molmo with
CoSyn [172] instead of PixMo-Docs, and open-source multi-image
datasets [132, 89, 58].

Video QA Multiple-choice and short answer video QA, including Molmo2-CapQA, 18.2 32 2.4m
-SubtitleQA, and various open video datasets [ 80, 74, 154, 184, 115,
160, 57, 167, 163, 174, 155, 156, 138, 38, 86, 54, 46, 109, 64, 42, 134,
188, 15, 49, 26, 141, 75, 77, 161, 123, 159]. Downsampled since video-
benchmarks converge quickly.

Image Pointing PixMo-Points and PixMo-Count, CoSyn-Point [ 172], and Molmo2- 9.1 4 1.1m
MultilmagePoint. PixMo-Points is weighted to emphasize high counts.
Downsampled since it was seen during pre-training.

Video Pointing Molmo2-VideoPoint and AcademicVideoPoint. Upsampled since this 13.6 7 0.37m
task is slow to converge.

Video Tracking Molmo2-VideoTrack and AcademicVideoTrack. Re-weighted to em- 13.6 22 0.80m
phasize tail concepts.

NLP Text-only SFT data from Tulu [ 71] to preserve performance on natural 9.1 1 0.99m
language understanding.

Table 1 We create nine new datasets (in pink) to train Molmo2. We also include a suite of image and language data
from academic datasets into our training mix. We categorize all datasets into categories and show each categories'
sampling rate, dataset count, and total training examples after Itering and formatting the data into message trees.
See Section 2 and the appendix for details.

2 Data

We create ve human-annotated datasets and four synthetic datasets, and additionally curate two datasets by
repurposing existing open-source data. We summarize their design and collection pipelines below; see the
appendix for details.

Molmo2-Cap (human). We collect 104k video-level and 431k clip-level dense captions from annotators,
targeting both high detail and broad diversity. Videos are drawn from multiple large-scale sources180, 147,
153 184, starting from a pool of over 10M clips, then lItered for informativeness and sampled for diversity to
obtain a balanced subset.

Obtaining dense video captions is challenging because annotators must describe dynamic events alongside ne-
grained visual details B9]. We use a two-stage pipeline: annotators rst describe short clips, then summarize
the entire video. As in PixMo-Cap [29], annotators speak their descriptions, which are transcribed with
Whisper-1 [120] and then rewritten by a text-only LLM for coherence. We condition annotators to describe
dynamic visual details (e.g. object or event changes over time) by prompting them with a set of prede ned
guestions. To add any missing low-level details, we use Molmo to generate frame-level captions and an LLM
to merge the clip and frame captions into a single long caption. This produces the densest video caption
dataset to date, averaging 924 words per video, compared to 75 words in Video Localized Narrative$41], 89
and 100 in RCap and RDCap [22], 280 in ShareGPT4-Video [19], and 547 in LLaVA-Video-178K [184].

Molmo2-AskModelAnything (human). We collect 140k human-authored video QA pairs. Using video captions,

we cluster videos into 31 categories and sample them evenly to promote data diversity. Annotators then
write speci ¢, ne-grained questions (e.g. about text, actions, or temporal relations), while we discourage
counting questions (handled separately by pointing data), overly generic prompts, or questions requiring
expert knowledge. For each question, we rst obtain an initial answer from an LLM (Claude Sonnet 4.5)
conditioned on a caption generated by an early Molmo2 captioner. Annotators either accept the answer or



iteratively re ne it through dialogue with the LLM. Finally, we post-process all QA pairs with an LLM lter
to remove non-English, mismatched, or counting questions. We remove counting questions since the model
should point for those questions instead of producing a pure text response.

Molmo2-CapQA and -SubtitleQA (synthetic). To build large-scale synthetic video QA, we use a video captioner
trained on Molmo2-Cap to caption videos from YT-Temporal [18( and YouTube keyword search. We segment
each video into multiple scenes and caption each scene instead of the entire video to encourage detailed
descriptions. An LLM then uses these captions and video metadata to generate 1M QA pairs (200k videos, 5
QA per video). For SubtitleQA, we transcribe the video audio with Whisper-1 and additionally prompt the
LLM with the transcript to create 300k QA pairs (100k videos, 3 QA per video) that require reasoning over
both visual content and language.

Molmo2-VideoPoint (human). To improve Molmo2's counting and spatial-temporal localization, we collect

over 650k video pointing queries on 280k videos, with an average of 6 points per video, targeting eight diverse
categories: objects, animals, actions/events, referring expressions, indirect references, spatial references,
comparative references, and visual artifacts/anomalies (for generative videos only). We generate queries by
using LLM on video captions from an early version of Molmo2. Annotators rst identify the frame where an
object appears and then click on its exact location in the frame. Frames were obtained at 2 fps.

Molmo2-VideoTrack (human). We collect point-based object-tracking data covering 3.6k video clips and
15k complex natural language queries, with an average of 2.28 objects per query. Our dataset collection
follows Ref-VOS [LZ] by asking users to re-label existing tracking annotations. For each video, we display
either segmentation or bounding box object tracks, and ask annotators to craft non-trivial text queries
that apply to a subset of objects. The queries are then validated in a separate validation round. We
source videos and tracks from diverse open-source segmentation track?] 33, 108 127 and bounding-box
tracks [133, 183, 126, 144, 44, 30, 186, 37, 140, 175].

AcademicVideoPoint and AcademicVideoTrack (curated). For pointing, we convert existing object tracking
annotations from six datasets p, 143 117, 12, 66, 31] into 49k pointing and counting QAs. We rst obtain
the timestamp of the rst frame in which an object appears and then randomly sample a point in the object's
mask with a Gaussian distribution around the mask center. For tracking, we repurpose 7 existing Ref-VOS
datasets p6, 127, 31, 6, 143 166, 7] to obtain point tracking supervision data. In addition, we process 11
bounding-box based tracking datasets {82, 55, 116, 110, 53, 39, 181, 72, 151, 152, 189 by using SAM-2 to
generate segmentation masks and corresponding point tasks.

Molmo2-MultiimageQA (human). We collect QA data on semantically related image sets to support real-world
multi-image queries. We form image sets by grouping images whose captions (generated by a PixMo-
Cap trained model) have high sentence-level similarity; each set contains 2 5 images (2.73 on average).
Human annotators then write questions over each set, and answers are re ned through the same human LLM
loop as above. In total, we construct 45k image sets from 96k unique images and 72k QA pairs.

Molmo2-MultiimagePoint and -SynMultiimageQA (synthetic). To improve multi-image grounding, we construct

a dataset of over 470k pointing and counting examples by applying soft clustering over images in PixMo-
Points. Image sets are formed using a combination of single-token and sentence-level label embedding
similarities, producing sets of 2 5 semantically related images (mean set size: 3.24). For each image set, we
rst normalize all human-provided labels via lowercasing, punctuation, and whitespace normalization, and
synonym consolidation. We then use a large language model to resolve these normalized labels into a single
canonical description that is semantically consistent across the set. This canonical label de nes the shared
entity or concept to be pointed to and counted across all images in the set. During training, we stochastically
sample from the original (pre-canonicalized) human annotations rather than always using the canonical label,
thereby preserving lexical diversity and improving robustness to annotation variability.

For Molmo2-SynMultiimageQA, we adapt CoSyn [L77 to create 188k synthetic multi-image examples with
text-rich images such as charts, tables, and documents.



Figure 3 Attention mask for a packed se-
guence with two examples. The rst con-
tains two QA pairs for one image. Frame
tokens (dark pink) have forward attention,
while masking blocks cross-attention between
Figure 2 Molmo2 follows the standard design of connecting a vision ~ di erent examples (lower-left empty block)

encoder and a language model to process video inputs. and between distinct QA pairs within the
same example (upper empty block).

3 Training

This section provides an overview of our model and training pipeline. See the appendix for additional details.

3.1 Architecture

Our model architecture follows the common design of combining a pre-trained LLM and a vision transformer
(VIiT) [ 36] via a connector module P9, 89]. Visual inputs are split or resized into xed-size crops, which are

encoded into patch-level features by the ViT. The patch-level features are then pooled, projected by the
connector, and passed as visual tokens, along with any text inputs, to the LLM. Figure 2 provides an overview.

Cropping. For input images, we use a single crop of the down-scaled image as well as up @ overlapping
crops tiling the image to allow higher-resolution processing49]. Images that cannot be tiled by K crops are
downscaled. We useK 8 during training and K 24 during inference. For videos, we sample frames at

S 2 fps as single crops (downscaling if needed) to reduce computational costs when processing long videos.
We set a maximum of F 128 frames (orF 384 for long-context training). If the video length is longer than
FOS we uniformly sample F frames. In both cases, the last frame is always included since most video players
will display the last frame after the video nishes playing, and it therefore might have special importance to
users.

Vision-language connector. The connector uses features from the third-to-last and ninth-from-last ViT layers,
following [29]. For images, 2 2 patch windows are pooled into a single vector using a multi-headed attention
layer, where the mean of the patches serves as the query. For video frames, a3patch window is used
instead to reduce the token count. We use the same shared parameters for the connector for both image and
video frame pooling. Finally, the pooled features are projected using a shared MLP.

LLM. The LLM takes as input the visual tokens interleaved with text timestamps (for videos) or image indices
(for multi-image input). For multi-crop images, we include column tokens [29] to indicate the image's aspect
ratio. We do not include column-tokens for single-crop images since they are always square. We also add
image and frame start tokens and include subtitles (marked with text timestamps) as text after the visual
input if available. We allow image tokens (even if they are from di erent frames/images) to forward-attend to
one another [43, 136], which we nd can increase performance.



3.2 Training

We use a simple three-stage design: a light-weight image-only pre-training stage, a joint video/image supervised
ne-tuning (SFT) stage, and then a short long-context SFT stage. We train on the Molmo2 data, image data
from PixMo, and various open-source datasets. We review those stages and additional training details here,
but leave most details to the appendix.

Pre-training. Our pre-training stage includes dense captioning with length conditioning and transcript
prediction using PixMo-Cap, following [29]. We add NLP data using the supervised ne-tuning data
from Tulu [71], Itered to remove non-English content and code, to better preserve language capabilities.
Additionally, we add pointing data from PixMo-Points, PixMo-Count, and CoSyn-Point [ 172. We nd that
adding pointing data during pre-training leads to better and more stable pointing performance. We use 60%
captioning, 30% image pointing, and 10% natural language for the mixing ratios. We train for 32k steps with
a batch size of 128, which results in about 4 epochs of training on PixMo-Cap. All parameters are ne-tuned,
and we use separate learning rates for the ViT, connector, and LLM following [29].

SFT. Our data mixture combines PixMo [29], the Molmo2 datasets, Tulu, and other open-source video and
image datasets. We divide these datasets into categories and manually assign each category a sampling rate
based on empirical tests; see Table 1. Within each category, we sample datasets proportionally to the square
root of each dataset size, with the addition of some manual rebalancing, such as downsampling large synthetic
datasets. We train for 30k steps with a batch size of 128 and a max sequence length of 16,384.

Long-context SFT. Finally we do a third stage of training with a longer context length [ 17, 135 on the same
SFT data mixture. During this stage we increase the sequence length to 36,864, st 384, train for 2k
steps, and use context parallelism (CP) on the LLM so each example is processed by a group of 8 GPUs.
We employ Ulysses attention (6] for the LLM context parallelism as its all-gather o ers exibility with the
custom attention masks used by our packing and message tree syster.[ We also distribute video frame
processing by the vision encoder and the attentional pooling after that across each context parallel group and
nd it very e ective in reducing the memory footprint of the model. We only do long-context training as a
short nal training stage since its adds signi cant overhead to the training.

Pointing and tracking. We represent point coordinates with a compressed plain-text format that includes
normalized x and y coordinates, a timestamp (for video) or an image index (for images), and an integer ID
that is unique for each distinct object to enable tracking and counting. Points are sorted based on time/image
index, then X, y coordinates. During SFT, we use a maximum of 24 crops instead of 8 for 30% of images with
pointing annotations to ensure that pointing can generalize to high-resolution images. For video pointing,
we train with examples with up to 60 points annotated. Additionally, we construct and train on multi-turn
conversations with multiple pointing or counting queries for the same videos. For tracking, we also add
auxiliary tasks of predicting only the rst and last frames in which the objects appear, or tracking from an
input query and point.

Token weighting. Our data includes both multiple choice questions with a single output token and long video
captions with 4,000+ output tokens. These long-output examples can easily become the large majority of
loss tokens even if they are sampled rarely, which can cause degradation on short-answer or multiple-choice
tasks. As a solution, we adjust the weighting of some examples when they are used with the loss. We use a
xed weight of 0.1 for video captions and 0.2 for pointing, since both of these tasks can have very long, dense
outputs. For other tasks we follow the heuristic of é% where n is the number of answer tokens, which better

balances long and short output training examples.

Packing. Examples can have anywhere from hundreds (pure-text or small images) to 16k+ (videos with
subtitles or long videos during long-context training) of tokens. To avoid wasteful padding when creating
training batches, we use packing to merge multiple short examples into a single long sequence. Packing is
non-trivial for vision-language models due to the need to e ciently pack both crops for the VIiT and tokens
for the LLM, and the need to support models with di erent approaches to converting images/videos into
tokens. We develop an on-the-y packing algorithm that builds maximally e cient packed sequences from a
small pool of in-memory examples and can be integrated into standard PyTorch data loaders.

Message trees. We encode videos and images with multiple annotations as message-trees. The visual input is



encoded as the rst message, and each annotation becomes a di erent branch. The tree is linearized as a
single sequence with a custom attention mask to prevent branches from cross-attending to each other. On
average, examples in our data have 4 annotations, and packing is able to t 3.8 examples into a 16348 token
sequence during SFT, leading to 15x training e ciency. Figure 3 shows the attention masking.

4 Evaluation

We evaluate Molmo2 on standard video academic benchmarks and on our new benchmarks for video captioning,
counting, and pointing, as well as a large-scale human-preference study. Then we report results for ablations,
task-speci ¢ Molmo2 variants, and test-time scaling. See the appendix for details, additional ablations,
evaluations on NLP benchmarks, and additional discussion.

4.1 Overall results
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GPT-5 [114] 86.3 79.4 74.1 53.0 65.4 80.4 83.3 86.9 72.6 77.7 65.2 68.8 75.6 50.1 35.¢ 73.1 76.3 70.6 1031 10
GPT-5 mini [114] 83.2 72.0 66.5 44.1 59.9 74.9 77.3 82.3 69.7 69.1 54.7 60.1 70.9 56.6 29.£ 66.8 69.8 65.0 1076 4
Gemini 3 Pro [45] 84.3 77.6 70.4 48.3 62.6 82.8 88.6 87.5 75.9 75.7 77.0 78.0 68.9 36.0 37.171.0 78.8 70.0 1082 3

[uy

Gemini 2.5 Pro [25] 85.3 78.4 70.6 48.6 62.0 81.9 87.8 87.8 76.8 81.5 75.7 78.4 72.2 42.1 35.€71.1 80.4 71.2 1096
Gemini 2.5 Flash [25] 81.8 74.7 67.0 39.1 59.3 80.2 84.2 84.2 73.1 75.1 64.9 69.6 70.2 46.0 31.€67.0 74.5 66.7 1084 2
Claude Sonnet 4.5 [5] 79.2 64.3 62.1 39.6 58.5 72.8 74.2 80.5 65.1 64.0 50.5 50.5 73.1 26.0 27.262.8 66.4 59.6 1008 12
Open weights only

InternVL3.5-4B [149] 80.3 68.1 71.2 26.8 56.5 68.8 65.4 68.6 60.8 52.0 43.2 46.5 58.9 7.7 26.262.0 56.5 53.4 935 18
InternVL3.5-8B [149] 81.7 72.7 72.1 24.6 56.6 70.3 66.0 68.6 62.1 53.2 43.4 48.1 58.6 7.8 26.163.0 57.1 54.1 941 19
Qwen3-VL-4B [169] 81.4 70.7 68.9 31.8 58.6 70.8 69.3 74.0 62.8 58.4 56.2 49.8 68.4 25.2 25.263.7 62.7 58.1 1048 7
Qwen3-VL-8B [169] 83.4 72.7 68.7 35.7 56.9 74.3 71.4 75.2 62.4 57.6 58.0 50.3 69.8 26.7 29.6 65.3 63.5 59.5 1054 6
Keye-VL-1.5-8B [170] 75.8 64.2 56.9 33.0 55.1 75.,5 73.0 76.2 66.0 53.8 42.8 54.9 56.3 25.4 27.260.1 60.4 55.7 952 17

GLM-4.1V-9B [137] 81.3 74.2 68.4 30.0 59.0 72.3 68.2 75.6 65.7 56.6 44.0 51.1 62.6 18.4 26.€¢64.2 60.5 56.9 962 14
MiniCPM-V-4.5-8B [173] 78.8 70.9 60.5 29.8 59.7 72.7 67.9 73.5 63.9 60.6 50.4 54.9 49.6 29.3 26.262.1 60.1 56.6 975 13
Eagle2.5-8B [17] 85.0 81.0 74.8 31.0 55.7 74.4 72.4 75.7 66.4 60.4 50.9 58.6 72.2 22.8 28.9 67.0 65.2 60.7 1019 11
Open models

PLM-3B [22] 83.4 79.3 74.7 30.9 60.4 69.3 54.9 59.4 57.9 48.4 40.4 46.2 66.9 12.3 24.£66.3 53.5 53.9 841 20
PLM-8B [22] 84.1 82.7 77.1 33.2 61.4 72.7 58.3 65.4 56.9 52.6 44.5 47.2 68.8 10.9 26.€68.5 56.2 56.2 853 21

LLaVA-Video-7B [184]  83.2 68.8 58.6 24.9 54.2 66.6 63.3 69.7 58.2 52.8 44.2 47.8 57.3 19.9 21.£59.4 56.2 52.7 959 15
VideoChat-Flash-7B [79] 85.5 76.5 74.0 32.5 60.6 69.4 65.3 69.7 64.7 56.0 48.2 51.2 51.3 14.8 21.€66.4 58.1 56.1 956 16

Molmo2 family: Open weights, Open data (no distillation), Open code

Molmoz2-4B 85.5 81.3 75.1 39.8 61.6 72.8 69.6 75.7 68.0 63.0 53.9 59.9 61.2 39.9 34.269.3 64.5 62.8 1041 8
Molmo2-8B 86.2 82.1 75.9 39.6 62.2 73.4 69.9 75.8 67.5 60.2 52.8 60.4 62.0 43.2 355 69.9 64.1 63.1 1057 5
Molmo2-O-7B 84.3 79.6 74.8 36.2 60.6 73.0 64.9 69.2 63.7 55.2 49.6 55.1 56.8 40.133.2 68.1 59.2 59.7 1033 9

Table 2 Video benchmarkresults for a range of proprietary APIs, open-weight baselines, video-specialized models, and
our Molmo2 family across video understanding, captioning, and counting benchmarks. The result of the best-performing
open-weight model is in bold, and the second best is underlined.

We evaluate captioning by constructing Molmo2-CapTest, an eval set of 693 Creative Commons-licensed
videos with at least four human-annotated captions. We use an LLM-as-a-judge to compute precision, recall,
and F1 for statements made in the model's caption relative to statements from the annotator's captions,
similar to Molmo's image captioning metric [29]. For counting, we construct Molmo2-VideoCount by using
our Molmo2-VideoPoint pipeline to collect 533 diverse examples that cover object, action, and animal queries
with up to 60 points.



For the human preference study, we collect questions from human annotators and manually Iter them to
prioritize open-ended questions over straightforward ones, resulting in 450 questions. We added another 51
videos for captioning queries. We sample two model outputs and gather pairwise preferences on them from

annotators. We collect over 105K ratings (501 per model pair). From this data, we calculate an Elo ranking
using the Bradley-Terry model [21].

We obtain results for all models on all tasks. We prioritize author-published results but Il in missing results
with the best previously reported values from technical reports or papers. If data is still missing, we compute
it ourselves. We try to follow the author's eval setup, but note that eval details (e.g., prompting or number of
frames) are sometimes not public, so results should be interpreted carefully.

During inference, we use 384 frames and greedy decoding. For human evaluations and video captioning, we

use top_p=0.95, temperature=0.7, and frequency_penalty=0.1 instead, which produces more natural results
when generating long outputs.

Results are in Table 2; we highlight a few key takeaways:

" Molmo2 is SoTA on short video benchmarks, captioning, and counting among non-proprietary models

~ Molmo2 outperforms previous fully-open models but lags behind the best open-weight models. We believe
this is due to a lack of open-source long (10+ minutes) training data and computational limitations that
made it challenging to run extensive ultra-long context training.

" Molmo2 ranks equal to or better than other open-weight models on human preference, and is far ahead of
previous fully-open models.

4.2 Grounding results

BURST [6] VC (test) Molmo2-VC Molmo2-VP
Model Acc. Close acc. Acc. Close acc. F1  Recall Precision
API call only
GPT-5 [114] 43.1 73.7 358 50.3 4.1 4.4 4.2
GPT-5 mini [114] 46.0 73.0 29.8 49.3 22 22 22
Gemini 3 Pro [45] 44.0 71.7 37.1 53.1 20.0 27.4 19.8
Gemini 2.5 Pro [25] 41.6 70.0 35.8 56.5 13.0 14.5 13.6
Gemini 2.5 Flash [25] 38.7 70.0 31.9 48.2 11.1 11.2 12.2
Claude Sonnet 4.5 [5] 424 72.6 27.2 45.1 35 3.7 4.3
Open weights only
Qwen3-VL-4B [10] 38.9 74.7 25.3 44.3 0.0 0.0 0.0
Qwen3-VL-8B [10] 42.0 74.4 29.6 47.7 15 15 15
Molmo2 family: Open weights, Open data (no distillation), Open code
Molmo2-4B 61.5 76.1 34.3 56.1 39.9 427 39.4
Molmo2-8B 60.8 75.0 355 53.3 384 393 38.7
Molmo2-O-7B 61.6 76.0 33.2 50.5 35.8 35.8 37.9

Table 3 Video counting and pointing results. Molmo2 scores highest on BURST-VC and Molmo2-VP and second
highest on Molmo2-VC's close accuracy, slightly behind Gemini 2.5 Pro.

Video counting and pointing. For counting, we also evaluate on BURST-VideoCount, a counting benchmark of
2.2k examples derived from the ground-truth tracks in the BURST test set p]. We report the close accuracy
metric (correct if {pred gty & , where 1 0:05 gt$), which rewards being close to the correct
answer. For pointing, we build Molmo2-VideoPointVal (Molmo2-VP) by running SAM 2 [ 127 to gather object
segmentation masks within a 3-second window centered around the annotated spatial-temporal points in
Molmo2-VideoPoint, and manually Iter out examples with incorrect masks, leaving a total of 181 examples.

For video pointing, we report the F1, recall, and prediction metrics, measuring how well the generated points
match the ground-truth masks.



MeViS[31]  MeViS[31] Ref-YT-VOS[127]  Ref-Davis[66]  ReasonVOS [11]

valid valid-u valid valid test
Model J&F J&F F1 HOTA J&F F1 HOTA J&F F1 HOTA J&F F1 HOTA
API call only
GPT-5 [114] 23.4 265 17.3 140 309 21.0 184 252 17.0 116 247 13.6 10.7
GPT-5 mini [114] 15.7 154 85 6.8 16.2 7.4 6.2 84 34 23 146 4.2 3.4
Gemini 3 Pro [45] 425 51.1 423 36.0 55.0 49.1 455 66.6 60.8 557 526 485 421
Gemini 2.5 Pro [25] 40.7 52.8 412 350 451 445 405 456 627 56.6 440 50.2 424
Gemini 2.5 Flash [25] 27.6 318 240 199 36.0 328 30.0 316 36.7 300 265 258 21.0
Open weights only
Qwen3-VL-4B [169] 29.7 30.6 23.3 18.7 321 290 265 444 331 269 265 17.0 135
Qwen3-VL-8B [169] 35.1 34.4 30.1 238 48.3 421 376 410 416 332 249 223 175
Specialized open models
VideoLISA [11] 44.4 53.2 63.7 68.8 47.5
VideoGLaMM [121] 45.2 50.6 66.8 69.5 33.9
Sa2VA-8B [177] 46.9 57.0 70.7 75.2 55.5
Sa2VA-Qwen3-VL-4B [177] 36.7 57.1 68.1 76.0 50.0
Molmo [29] + SAM 2 [122] 46.9 515 53.8 646 71.1 65.2 745 45.7 50.3
VideoMolmo-7B [3] 53.9 57.0 59.4 67.3 73.7 725 75.4 51.1 50.3
Molmo2 family: Open weights, Open data (no distillation), Open code
Molmo2-4B 63.3 70.0 75,5 724 70.2 804 788 735 831 811 619 66.5 64.0
Molmo2-8B 62.3 70.8 759 726 70.2 787 77.3 727 81.3 78.7 658 70.8 68.6
Molmo2-O-7B 58.4 69.7 76.1 723 679 77.7 761 704 792 76.0 6267.5 65.1
Table 4 Tracking Results on Academic Benchmark. J &F is reported for specialized segmentation or points-to-

segmentation models. F1 is the point accuracy measured for VLMs that can generate points per frame. HOTA [ 97] is
the tracking accuracy that accounts for association accuracy for models that provide tracking IDs.

Animals Person Sports Dancers Misc Overall
Model J&F F1 HOTA J&F F1 HOTA J&F F1 HOTA J&F F1 HOTA J&F F1 HOTA J&F Fl HOTA
API call only
GPT-5 [114] 414 206 203 165 45 42 144 20 25 338 11.7 115 146 22 6 235 75 75
GPT-5 mini [114] 217 78 8.0 86 16 15 107 06 08 156 21 20 135 06 04 127 21 21
Gemini 3 Pro [25] 70.4 62.3 60.0 445 30.7 29.2 234 103 88 556 443 37.8 353 183 144 446 322 29.1
Gemini 2.5 Pro [25] 69.3 56.8 53.2 500 336 319 29.7 108 89 559 394 322 347 176 183 479 312 278
Gemini 2.5 Flash [25] 58.0 46.6 444 389 214 201 132 6.2 55 480 290 251 219 57 |46 362 21.8 198
Open weights only ‘
Qwen3-VL-4B [169] 57.2 115 123 351 120 112 38 04 04 346 69 57 175 6.2 2 285 72 6.7
Qwen3-VL-8B [169] 638 523 50.2 354 203 189 52 17 14 313 19.0 16.7 16.3 6.2 ﬁ.Z 28.7 18.0 16.5
Specialized open video models
VideoLISA [11] 67.8 35.8 32.9 53.6 25.8 43.3
VideoGLaMM [121] 63.9 26.2 343 46.0 22.3 37.9
Sa2VA-8B [177] 74.3 455 30.7 53.3 49.1 46.9
Sa2VA-Qwen3-VL-4B [177] 73.3 48.6 31.6 50.1 31.4 46.7
SAM 3 [16] 41.1 35.2 43.3 29.2 36.8 36.3
Molmo [29] + SAM 2 [122] 71.8 76.0 527 7.0 52.8 2.6 51.7 7.55 40.9 37.5 54.2 14.0
VideoMolmo-7B [3] 68.4 69.5 511 6.3 432 2.1 538 7.2 39.9 30.8 51.3 12.7
Molmo2 family: Open weights, Open data (no distillation), Open code
Molmo2-4B 81.0 83.0 837 437 483 47.7 59.7 531 54.3 604 644 644 431 351 313 |56.7 57.5 57.6
Molmo2-8B 80.1 82.0 83.0 431 479 480 598 533 548 599 639 635 416 315 29.7| 56.257.1 57.5
Molmo2-O-7B 80.1 819 828 415 455 454 541 476 486 57.7 61.0 60.3 4806 347 |53.7 54.2 542

Table 5 Tracking results on Molmo2-Track by video domain. Overall is the accuracy across all samples.
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Results are shown in Table 3. Molmo2 is strong on the close metric, outperforming GPT 5. For Molmo2-VP,
we carefully tune the prompts and try both point and bounding-box formats for our baseline models; however,
we were unable to nd a formulation that achieved very strong performance. Gemini Pro 3.0 reached the best
score, but Molmo2 still signi cantly outperforms it.

Video object tracking. We evaluate video tracking on referring video object segmentation (VOS) benchmarks,
where a point is considered correct if it lies within the ground truth segmentation mask. We additionally
introduce Molmo2-Track, a benchmark covering more diverse domains with complex object movements
and occlusions, to evaluate Molmo2 on more challenging and realistic tracking tasks (see the appendix).
Following [3], we use SAM 2 to convert point predictions to segmentation masks for evaluation. We report
the Jaccard and F-measure J &F) metrics for measuring segmentation quality across all frames, and the
F1 score for the points at 1 fps. For APl models, we generate the bounding box and extract their center
points as they fail to generate accurate points. Tables 4 5 show the results: 1) Molmo2 outperforms all
baselines, including specialized segmentation models (in gray), across all benchmarks, particularly excelling
on ReasonVOS and Molmo2-Track, which require complex reasoning and occlusion handling skills. 2) Gemini
2.5 Pro is the strongest APl model, but it still struggles to generate accurate object tracks.

o 85 & . 5 E

0. - 32 Q- 32 2 0w E2 2E Em £U €3 23 ¢ @ = 8
Model 98 58 38 28 8¢ Q% 348 3¢ £¢ 3= ¥8% 33 25 5¢ B 2 32
API call only
GPT-5 [114] 97.1 89.6 88.9 83.0 78.7 79.7 80.8 81.8 82.7 90.8 67.2 78.6 71.0 66.5 83.7 72.1 81.2
GPT-5 mini [114] 95.8 88.2 86.7 82.2 79.1 72.1 77.0 78.7 79.2 87.1 74.4 71.4 64.5 68.7 81.9 68.2 78.9
Gemini 3 Pro [45] 98.7 93.7 87.1 86.9 74.1 74.1 73.6 85.2 89.1 96.1 90.0 86.1 72.1 87.4 86.2 81.9 85.3
Gemini 2.5 Pro [25] 94.3 82.7 91.5 82.0 70.3 67.1 77.4 79.6 84.6 90.8 73.8 74.5 68.9 73.7 81.3 72.4 79.4

Gemini 2.5 Flash [25] 95.9 76.8 91.1 80.9 73.0 69.4 74.5 79.0 81.2 86.7 63.9 73.5 61.2 70.2 79.3 68.3 76.9
Claude Sonnet 4.5 [5] 91.5 88.1 91.7 65.9 67.2 77.0 61.1 77.8 73.1 87.3 58.3 59.6 54.1 64.8 76.3 59.5 72.7
Open weights only

InternVL3.5-4B [149] 82.6 86.0 92.4 78.0 77.9 78.1 66.3 66.6 77.1 82.2 62.4 53.1 49.2 58.1 77.2 53.5 72.1
InternVL3.5-8B [149] 84.0 86.7 92.3 79.1 78.2 79.5 67.5 73.4 78.4 79.6 61.9 55.8 49.4 59.5 78.2 54.9 73.2

Qwen3-VL-4B [169] 84.1 84.6 95.3 80.3 81.0 81.7 70.9 67.4 73.7 85.5 58.0 63.8 43.2 65.8 78.4 57.6 73.9
Qwen3-VL-8B [169] 85.7 89.6 96.1 83.1 82.8 82.3 71.5 69.6 77.2 90.4 65.0 64.4 35.3 69.1 81.2 56.3 75.9
Keye-VL-1.5-8B [170] 89.5 94.1 934 749 81.5 79.3 735 71.4 81.2 81.6 57.4 51.2 50.3 54.9 79.8 52.1 73.9
GLM-4.1V-9B [137] 87.9 70.0 93.3 80.3 79.6 68.3 70.7 68.0 80.7 88.0 60.7 74.7 62.4 65.1 77.0 67.4 75.0
MiniCPM-V-4.5-8B [173] 86.5 87.4 94.7 73.4 82.2 64.1 72.1 67.7 79.9 83.9 62.8 53.3 46.5 42.0 77.7 47.3 71.2
Eagle2.5-8B [17] 84.5 87.5 94.1 80.4 83.7 82.4 76.7 55.8 67.8 90.2 90.2 61.8 48.4 45.8 81.2 52.0 75.0
Open models

PLM-3B [22] 90.9 84.3 93.8 74.6 84.3 84.4 72.4 41.2 59.1 87.1 63.0 25.7 40.6 55.4 75.9 40.6 68.3
PLM-8B [22] 92.7 85.5 94.6 80.0 86.5 85.6 75.0 46.1 59.9 91.8 68.0 23.5 27.4 56.0 78.7 35.7 69.5
Molmol family: Open weights, Open data (no distillation), Open code

MolmoE-1B [29] 86.4 78.0 77.7 53.9 78.8 83.9 60.4 34.9 34.0 87.2 79.6 - - - 686 - -
Molmo-7B-0 [29] 90.7 80.4 90.8 70.0 80.4 85.3 67.5 39.3 445 89.0 83.3 - - - 746 - -
Molmo-7B-D [29] 93.2 84.1 92.2 72.6 81.7 85.6 70.7 45.3 51.6 88.5 84.8 - - - 773 - -
Molmo-72B [29] 96.3 87.3 93.5 81.9 83.1 86.5 75.2 54.1 58.6 91.2 85.2 - - - 812 - -
Molmo2 family: Open weights, Open data (no distillation), Open code

Molmo2-4B 95.6 86.1 87.8 78.6 85.0 86.6 75.4 50.9 56.7 93.9 88.1 60.5 55.5 57.5 80.4 57.8 75.6
Molmo2-8B 95.8 86.0 93.2 80.1 85.7 87.0 77.6 53.0 58.9 93.7 88.5 63.7 54.2 51.3 81.7 56.4 76.3
Molmo2-O-7B 93.7 84.9 90.4 77.9 84.7 86.6 73.6 45.8 54.2 95.1 88.9 58.4 51.7 50.5 79.7 53.5 74.1

Table 6 Image benchmark results for a range of proprietary APIs, open-weight baselines, and our Molmo2 family
across image understanding and counting benchmarks. The result of the best-performing open-weight model is in bold.
The Molmol models do not support multi-image input, so those evaluations are left blank.
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4.3 Image results

We present image and multi-image benchmark results in Table 6. We follow the evaluation protocol from
Molmo [29] and report the same 11-benchmark average for single-image benchmarks. As with videos, we
collect results for all models by testing them ourselves if needed.

Generally, Molmo2 robustly outperforms previous open-data models. Molmo2 is a bit behind the best
open-weight model on OCR-heavy benchmarks (such as DocVQA or InfoQA) but performs well on general QA
tasks, including state-of-the-art performance on VQA v2.0 and RealWorldQA (RWQA). Counting is also a
strength, most notably on the challenging PixMo-Count test set. However, Molmo2 is behind on open-weight
reasoning benchmarks (MathVista, MMMU), possibly due to the lack of multi-modal reasoning training data.
On multi-image tasks, Molmo2 performs competitively with most open-weight models, with the exception of
GLM-4.1V-9B, which is notably ahead of all other models.

Model Affordance Spatial Reasoning Steerability Counting Average
Human 92.3 83.6 87.8 86.3 95.6 89.1
API call only

Gemini-Robotics-ER-1.5 [1] 69.7 69.7 60.1 67.5 68.5 67.1
Gemini-2.5-Pro [25] 72.7 70.3 71.0 41.0 59.2 62.8
Open weights only

Poivre-7B [171] - - - - - 67.5
Qwen2.5-VL-32B-Instruct [168] 76.8 60.0 54.4 46.5 57.1 59.0
Qwen2.5-VL-72B-Instruct [168] 76.8 60.0 54.4 46.5 57.1 59.0
Qwen3VL [169] 81.3 65.6 60.6 235 61.2 58.5
Qwen3-VL-235B-A22B-Instruct [169] - - - - - 58.3
Open models

VisionReasoner-7B [92] - - - - - 64.7
Molmo1 family: Open weights, Open data (no distillation), Open code

Molmo-7B-D [29] 82.8 67.7 70.5 28.5 58.7 61.6
Molmo-72B [29] 87.9 70.3 69.4 37.0 54.6 63.8
Molmo-7B-0 [29] 84.9 63.1 63.2 455 59.7 63.3
Molmo2 family: Open weights, Open data (no distillation), Open code

Molmo2-4B 84.8 78.5 76.7 46.5 73.0 71.9
Molmo2-8B 85.9 76.9 77.2 50.5 73.0 72.7
Molmo2-0O-7B 82.8 75.4 74.1 49.0 73.0 70.9

Table 7 Point-Benchresults, baseline scores taken from the Point-Bench leaderboard. Qwen3-VL-235B-A22B-Instruct
and VisionReasoner-7B scores were taken from their evaluation in Poivre [171], which did not include sub-category
scores.

We evaluate image pointing on Point-Bench P0], results are in Table 7. Molmo2 surpasses all other models on
the Point-Bench leaderboard and the recent dedicated pointing model Poivre 171]. We attribute the gain on
pointing compared to Molmo to the improved vision encoder, pointing pre-training, and token-weighting.

4.4 Ablations and specialized models

Next, we present ablations on our model, training strategy, and data. To avoid the high compute cost of
training the full model, we train specialized 4B models on subsets of our data and use them for ablations.
These tables use Gray rows to show specialized models with default settings; key takeaways are in the
captions.

Video ablations. Table 8 shows results and ablations with video-only and video-captioning-only data. We
see that video QA data transfers positively to captioning (Table 8a) and vice versa (Table 8c). Table 8b

1As of 12/15/25
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Model QA avg. Cap. F1

Video-Only 64.8 39.5
No bidir 64.4 38.5
Data QA avg. Cap. F1 No token weighting 64.0 40.0
Video-Only 64.8 39.5 No time tokens 64.5 37.4
Molmo2-Cap Only - 35.8 Video pool size 3x3 to 4x4 64.3 37.0
(a) Caption Specialization. Joint training with other (b) Modeling. Bidirectional attention, token weight-
video data improves the video caption performance. ing, and time tokens signi cantly improve performance,
while a larger pool size degrades video captioning.
Data QA avg. Cap. F1 Data Cap. R Cap. P Cap. F1
Academic 62.9 5.0 \Y, 13.3 66.7 221
+ QA 64.5 17.2 VF 254 59.5 355
+ Cap 65.3 38.4 VF+V 25.6 59.6 35.8
+ Cap/QA 64.8 395 VF + F 22.4 59.4 35.6
VF+V+F 22.6 57.3 35.7_
(c) Video SFT data. Both Molmo2-Cap and (d) Caption data. Using the video and frame merged
Molmo2-QA improve performance compared to aca- caption (VF) is critical, but adding video (V) and/or
demic datasets only. frame (F) captions does not bring improvements.

Table 8 Video ablations. For ablations (a)(b)(c) we train models on only video data; ablation (d) has models with
only video captions.

Strategy BvVvC MVC Data BVC MVC MVP
Count 61.3 28.1 Both 615 345 318
Point then count 61.5 345 Molmo2-VP 60.0 343 350
Academic-VP  61.6 9.0 9.0
(@) Counting strategy. Pointing is the key (b) Data source. Including both Molmo2- and Aca-
ingredient in Molmo2's counting abilities. demicVideoPoints performs the best overall.

Upsampling BVC MVC MVP
Med-high 615 345 318
No 62.4 32.1 28.1

(c) Sampling strategy. Upsampling medium and
high-count examples helps on MVC and MVP.

Table 9 Counting and pointing ablations. BVC represents Burst-VideoCount accuracy; and MVC and MVP are
Molmo2-VideoCount accuracy and Molmo2-VideoPoint F1 on the validation sets.

shows bi-directional attention and token-weighting both boost QA performance, although token-weighting
can slightly degrade caption performance. Meanwhile, removing frame timestamps diminishes both metrics,
indicating that including temporal information is important, especially for captioning. Increasing the video
pool size from 3x3 to 4x4 slightly lowers QA performance but causes a signi cant drop in captioning quality.
We believe that this is because the video benchmarks are relatively high-level and do not require understanding
small details, so decreasing the pooling size is not very harmful. This illustrates the importance of tracking the
captioning metric in addition to the other benchmarks, which requires a much more ne-grained understanding
of the video. Finally, captioning models based solely on human transcripts (V) produce worse results than
those that include frame-level captions (VF), but training on a mixture of these captions does not lead to
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Data J&F F1 HOTA

Model J&F F1 HOTA Academic (VOS) 64.3 68.8 66.7
Tracking only 649 70.0 684 + Academic (bbox) 63.9 69.3 67.5
Tracking + Pointing  65.7 71.1 69.4 + Molmo2 (VideoTrack) 64.9 70.0 68.4
(@) Adding pointing. Training with pointing (b) Tracking data source. We see progressive improvements from
tasks helps tracking performance. academic VOS, bounding box (bbox) tracks, to Molmo2 data.
Strategy J&F F1 HOTA
Tracking 64.2 68.4 66.2
+ Temporal grounding 64.8 69.4 67.2

+ Single-point object tracking  64.3 68.8 66.7

(c) Tracking sub-tasks ablated on Academic VOS only. Temporal grounding
helps, while single-point object tracking slightly degrades performance.

Table 10 Tracking ablations. We report average metrics across the ve tracking benchmarks (the valid-u split for
MeViS). HOTA [97] measures association accuracy.

improvements (8d).

Video counting and pointing. Table 9 reports the performance of a specialized pointing model and ablating
counting strategy, data, and data sampling. We observe that our two sources of pointing are complementary
(Table 9b), that pointing before counting is much better than directly predicting the count (Table 9a), and
that upsampling high-frequency points improves both counting and pointing (Table 9c).

Video object tracking. Table 10 shows ablations on task mixtures and data sources for tracking with a
model trained only on our tracking data. Including our video pointing data improves performance, showing
a moderate transfer from pointing to tracking (Table 10a). Using bounding box tracks and the Molmo2-
VideoTrack dataset also leads to improvements (Table 10b). Supporting temporal grounding helps, while
adding point-based single object tracking causes a slight degradation (Table 10c).

Post-training Short video QA Long video QA Molmo2 Video Cap. Image QA
With long-context SFT 69.4 67.4 39.9 80.6
No long-context SFT 69.6 64.4 42.3 80.5

Table 11 Long-context SFT ablation. Columns show the average of our 12 video benchmarks divided by short/long
video benchmarks, using validation sets for EgoSchema, PerceptionText, and MLVU, video captioning F1, the average
of the 11 image benchmarks using validation sets for InfoQA, DocQA, ChartQA, VQA v2, and AI2D.

Long context SFT. We compare the Molmo2-4B performance before and after long-context post-training in
Table 11. We nd that long-context post-training signi cantly improves model performance on long video QA
benchmarks, while the video caption performance drops and performance on short video QA benchmarks and
image QA benchmarks do not signi cantly change.

5 Related works

Multimodal LLMs. Multimodal LLM models have become popular in the last few years for image understanding
and grounding tasks P9, 70, 136. A common strategy for multimodal LLMs is to use CLIP-style image
encoders and align image embeddings with the LLM input space via a connector modul@, 90]. Video
LLMs also commonly extend the CLIP-style image encoding and use image embedders to individually embed
each frame in a video 17, 22, 99]. Some have explored using pretrained video encoders in combination with
per-frame encoding or encoding 2 frames togetherd PO, 146, 137, but using video encoders with more frames
lags behind using image encoders (such as SigLIP 239). However, when encoding each frame of a video
individually, the number of visual tokens increases linearly with the frame sampling rate and the length
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of the video. This leads to a high compute cost and has led to a rise in works exploring e cient video
encodings [129, 164, 170, 79, 149].

The best performing video LLMs [L14, 5, 25] are closed-source proprietary models. While they are very
capable, not much is known about how these models are trained and what data they use. By contrast, while
some open weight models have been releasetp, 149 170, 190, 17], most don't release their training recipes
or don't release their training data. A few projects do release all the training details and data P2, 184, but
use biased data generated by proprietary VLMs (such as GPT4 and LLaMA3 18, 4]). Hence, there is a need
for a fully open SoTA training pipeline for Video LLMs that does not use previously trained multimodal
LLMs to generate data.

Video-language instruction tuning datasets. The popularity of Video LLMs has also led to an increase in
methods to develop instruction-tuning data for them. The current dominant paradigm involves generating
synthetic instruction data by rst segmenting videos into clips, generating descriptive captions for each clip,
and then using a powerful LLM to synthesize video-level captions and QA pairs84, 17, 22, 19]. However, a
critical limitation of these approaches is their reliance on closed-source Video-Language Models (VLMs) for
the initial clip captioning step. This introduces an inherent, often proprietary, bias into the generated data,
as the underlying VLM's training data and biases are inaccessible to the research community.

Our Molmo2-CapQA dataset is generated through a similar pipeline but utilizes a video captioner trained
on our fully open Molmo2-Cap to generate video captions. We segment each video into multiple scenes,
caption each scene, and then provide these to an LLM along with the video metadata to generate 1M QA
pairs. Another strategy used for generating QA pairs is to have annotators work with an LLM provided
with an image caption when generating QA pairs P9], and we extend the same to video data to generate our
Molmo2-AskModelAnything.

Video tracking. Early video tracking focused on bounding boxes for a closed set of objects 110, 30]. Since
then, the eld has branched into speci ¢ subtasks, including track any point (TAP) [ 63, 35] and tracking
object segmentations $3, 6]. Object segmentations improved accuracy and granularity, but tracking was still
limited to a closed set of objects. Moving beyond a closed set of objects to an open vocabulary has led to a
rise in language-guided video object segmentation (VOS)1[66. A variety of new specialized models have
been trained to track object [11, 81, 3]. Unlike Molmo2, these models are specialized and do not support
other capabilities.

Previous methods, like Ref-VOS [2] and MeVis [31], support the language-guided VOS task by augmenting
existing tracking datasets with complex referring expressions. However, we noticed a lack of language prompts
referring to multiple objects or diverse actions. For our Molmo2-VideoTrack dataset, we similarly add to
existing datasets by asking annotators to craft non-trivial text queries that apply to object tracks, with a
focus on queries that describe multiple objects. For segmentation masks, we source videos and tracks from
diverse open-source segmentation trackslp, 33, 108 127 and use a data pipeline to produce masks from
bounding-box tracks [133, 183, 126, 144, 44, 30, 186, 37, 140, 175].

Video pointing. Multimodal LLMs that support point grounding in an image have recently become quite
common P9, 171, 25, 1, 10, 20]. The training data used in these works is collected using automated object
detectors, using existing referring expression datasetsLf6, 88, 68 or through manual human annotation [29].
We extend the human annotation pipeline approach to videos by adding a frame-selection phase. We also
propose generating some queries through an LLM based on the caption to ensure the queries are complex and
diverse.

6 Conclusion

Open research needs open-source. Molmo2 supports open science by closing the gap between proprietary
VLMs and the rest of the community.
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