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Abstract

Vision-language models are integral to computer vision research, yet many high-
performing models remain closed-source, obscuring their data, design and training
recipe. The research community has responded by using distillation from black-box
models to label training data, achieving strong benchmark results, at the cost of
measurable scientific progress. However, without knowing the details of the teacher
model and its data sources, scientific progress remains difficult to measure. In this
paper, we study building a Perception Language Model (PLM) in a fully open and
reproducible framework for transparent research in image and video understanding.
We analyze standard training pipelines without distillation from proprietary models
and explore large-scale synthetic data to identify critical data gaps, particularly
in detailed video understanding. To bridge these gaps, we release 2.8M human-
labeled instances of fine-grained video question-answer pairs and spatio-temporally
grounded video captions. Additionally, we introduce PLM-VideoBench, a suite
for evaluating challenging video understanding tasks focusing on the ability to
reason about “what”, “where”, “when”, and “how” of a video. We make our
work fully reproducible by providing data, training recipes, code and models at
https://github.com/facebookresearch/perception_models.

1 Introduction

Vision-language models (VLMs) are now a key part of computer vision research and are widely used
in both academia and industry. Many of the strongest performing VLMs are closed-source, meaning
their design, training methods, and the data they use are not publicly shared. To stay competitive,
the research community has started to catch up to the proprietary models by using a straightforward
approach — distillation from black-box models [1-5], where proprietary models are directly used to
label training data [3, 6, 7], directly leading to strong benchmark results.

Although distillation will unlock strong performance, there are two main issues for basic research.
First, it makes it hard to track scientific progress. Specifically, we cannot tell if better results on
benchmarks are due to advances in model design or training, or simply because the proprietary teacher
models were trained on the evaluation sets of widely used benchmarks or internal data collected to
resemble them — this information is not available. Second, the heavy reliance on distillation leads
to a fundamental misunderstanding of the effectiveness of current methods for training VLMs from
scratch. Several key questions remain unanswered, including the significance of each training stage,
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Figure 1: We introduce the largest collection of manually annotated fine-grained activity QA and spatiotemporal
captioning data (left panel). Together with this data, we train and release PLM —open and fully reproducible
models to facilitate research in vision-language model training (right panel).

the influence of synthetic data , the data gaps that the research community should prioritize, and
which of these gaps are currently being artificially addressed by distillation from proprietary models.

To better understand these challenges, we develop the Perception Language Model (PLM), a fully
open and reproducible model for transparent research in image and video understanding (Fig. 1
right). PLM consists of a vision encoder with a small scale (<8B parameters) LLM decoder. We
start by an analysis of standard training pipelines with available data, without any proprietary model
distillation. We investigate large-scale synthetic data and establish key scaling laws to identify critical
data gaps that limit video understanding performance, especially for spatio-temporal reasoning and
fine-grained understanding tasks.

To fill these gaps, we create 2.8M high-quality human-labeled instances of fine-grained video QA and
spatio-temporally grounded video captions, see Fig. 1. This release is nearly an order of magnitude
larger than the largest existing video datasets of each type [8, 9]. Our model, dataset and benchmark
push the boundaries of video understanding, and provide a foundation for reproducible and transparent
training and evaluation of VLM research. Across 40 image and video benchmarks, we achieve compa-
rable performance with existing state-of-the-art open-weight models (e.g., InternVL2.5 [10]), without
distilling from proprietary models, and greatly outperform fully open models (i.e., Molmo [11]).

2 PLM: Overview

In this section, we overview the model, training stages and training data involved in the development
of PLM. Please refer to Fig. 8 for a detailed overview and Appendix A for additional details.

Model. PLM consists of a vision encoder

and language decoder, where a pre-trained Per- :ﬁil; \E(ﬁ%ﬁ"zng btsff 3
ception Encoder (PE) [12] is connected to the  yioq55y Image  Image + Video Image + Video
Llama 3 [13] language decoder (1B, 3B, or 8B Data IM Synthetic  72MMix  19M Mix
parameters) with a 2-layer MLP projector. We  Training Projector Full Full

use PE L/14 for Llama3.2 1B and 3B, and PE =~ Downsampling - 2x2 2x2
G/14 for Llama3.1 8B. For image input, PLM  Tiles/Frames V- 16716 36/32

incorporates dynamic tiling to support high res- Table 1: Summary of three training stages to train PLM.
olution images for up to 36 tiles of 4482 reso- See Appendix Table 8 and Table 9 for data splits.
lution, where each tile undergoes 2 2 average pooling to compress the visual tokens. For video
input, PLM uses 32 frames at 4482 resolution, where the same pooling is applied across the spatial
dimensions of each video frame.

Data. The data used to train the PLM consists of synthetic and human-annotated samples. Synthetic
data enhances the general capabilities of PLM, while human-annotated data broadens these capa-
bilities to encompass more complex tasks. Synthetic data is sourced from a diverse array of image
and video datasets, covering fundamental VLM capabilities such as OCR, chart/document/diagram
understanding, image/video captioning, and visual question answering.

We design data engines for each data modality (e.g., natural images, charts, documents, figures,
egocentric and exocentric videos) to efficiently scale up, creating ~66.1M samples (§3). The synthetic
data can be noisy, but is available at large scale; on the other hand, human-annotated data provides rich,
high-quality supervision for image and video tasks. Here, we combine existing human annotations of
diverse image and video sources, with our own collected human-annotated data, specifically geared
towards fine-grained video understanding and spatio-temporally grounded reasoning (§4).



Training stages.PLM trains in three stages:

1. Projector warm-up. First, we freeze the vision encoder and LLM and only train the vision
projector on a small amount of synthetic image data. Waens-upthe newly initialized parameters
in the projector and improves stability for later stages. Welldeimages from SA-1B14] with the
image captions generated by our data engine (83).

2. Large-scale midtraining with synthetic data. Next, S
we train PLM on diverse domains of images and VideQsy, ;man-annotated (2.67M)

at scale using a maximum of 16 tiles for images and 1&Lv-FGoa 2.4M Fine-grained 3
frames for videos. PLM sees around 64.7M images affgM-STC 476.2KR(D)Cap +RTL 3
videos with synthetically generated captions and questid@\*{jgﬂ%‘;%‘; é%-l’\") 15oM  Capion 123
answer pairs. We employ our data engine to scale Bharte & Dorments 31.0M Caption 23
synthetic data generation (see §3). Videos Mix 17.5M Mix. 2,3
Ego4D 880K Cap.+QA 2.3

3. Supervised ne-tuning with human-annotated data. Eyisting open Source (6.52M)

Finally, we train PLM with higher image resolutions andmage (92 datasets) ~ 5.6M  Diverse 2,3
more video frames, using up to 36 tiles for images ariffleo (27 datasets) 920K Diverse 23
32 frames for videos. In this stage, we tackle more ch@dble 2:Summary of the data mix for train-
lenging video tasks, includinge-grained QAandspatio- ing PLM. See Table 10 for the full data blend.
temporally grounded reasoning

Table 1 shows an overview of our training setup for each stage. Appendix A.1 provides the complete
training recipe for each stage, including hyperparameters and data sources. The compute cost of each
PLM training stage is detailed in Tab. 7 in the Appendix.

3 Synthetic Data Generation and Scaling

The predominant paradigm for VLM training is to generate synthetic annotations as cheap alternatives
to human-labeled datd [10, 11, 15-18]. Although seemingly promising to get the best results on
benchmarks, the majority of such data shared in the communiligrigsed from proprietary models

This trend makes it hard to decouple scienti ¢ progress from proprietary distillation impact. In this
section, we explore the ef cacy of the current paradigm for VLM training treasparentmanner.

We design our data engine entirely frapen-sourcenodels and scale the synthetic data generation

to around 66.1M samples of images and videos. We establish the scaling laws of training from
synthetic data on standard VLM tasks, including image, OCR/document, and video tasks.

3.1 DataEngine
Our data engine is designed to tarbasecapabilities of VLMs for image and video understanding.

Image Data Engine. We generate short and long captions, as well as question-answer pairs, for
natural images and those containing documents, diagrams, and text recognizable by optical character
recognition (OCR). We prompt openly accessible Llama3 inodel to produce factual, detailed
image captions while minimizing hallucinations. To creiafermativequestion-answer pairs, we

utilize OCR data, captions, and othmaetadatawhich are fed into the prompt of a text-only LLM.

Video Data Engine. For videos, we rst use an off-the-shelf scene deteciét fo extract video

clips of approximately 30 seconds duration. Then, we extract the keyframes and generate frame-level
captions using Llama 3, and video captions using our initial PLM trained with Stage 1 and Stage
3 data as shown in Table 2. We then employ an LLM to re ne the frame-level and video captions
by incorporating existing video metada®d, action labels, time tags) into a cohesive, detailed
video-level caption. Similarly, we generate question-answer pairs from the video-level captions.

The resulting synthetic data is large-scale and diverse — 66.1M samples carefully curated from a variety
of image and video sources including natural images, in-the-wild text, chart, gures, documents,
egocentric and exocentric videos. Additional details are in Appendix .



3.2 Scaling Laws with Synthetic Data

We examine scaling properties of our synthetic data under controlled setup and estddlish laws

Figure 2: Synthetic Scaling Plots. Relationship between Average Error across benchmarks and training
compute (in oating-point operations) for various PLM models. We report average errors across Video QA
tasks B, 20-24], OCR QA tasks ?5-28], and Natural Images task8$-34]. Model's performance using only
human-labeled data subset are reportéal Syth.) as well as the actual power-law t of each subcategory.

Setup. To establish power-law relationship between computevatidation-set errorof downstream
benchmarks, we vary the scale of synthetic data, language model decoders (1B, 3B, and 8B), vision
encoders (300M and 2B), and resolution/number of frames. For each con guration, we train a model
with the 66.1M synthetic data from our data engine and 6.5M publicly available human-labeled data,
following stage 2 training described in 82. At every 2M samples, we evaluate PLM on three categories
of downstream benchmarkgileoQA OCR QA Natural QA), constructed from 20 vision-language
understanding benchmarks that provide a comprehensive and general evaluation of multi-modal large
language models. We compute thereto frontierof these data points and t a power law relationship:

Err. =( FLOR and compare the exponentsof the power function ascalability of each

setup, where a smallerimplies better scaling.

Scaling with decoder sizeFig. 2 shows the scaling behavior of PLM across various LLM sizes. We
show validation-set errors and training compute on a logarithmic scale, with the black linear line
representing the power-law relationship between them. Different colors (green, turquoise, and blue)
represent different language model scales (1B, 3B, 8B) while keeping the vision encoder size constant
at 300M. As described in the setup section above, we show the power law t of the pareto frontier
in each benchmark category. We also show the results of PLM only trained dwdidn-labeled
datasets as baselines, denoted with horizontal lines of each color. The gap from the horizontal line to
the data point marks the impact of the synthetic data. Interestingly, all three categories of benchmarks
demonstrate clear power-law relationship between compute and average benchmark errors, with the
power law exponent () of 0:15, 0:20,and 0:11for Video QA, OCR QA, and Natural Image

QA, respectively. In Appendix B, we provide more details and extend the analysisgoa(i)g the
encoder sizeand (2)scaling the image resolution and video frames

Limitation of synthetic data. In Fig. 3, we evaluate stage

2 on an extended set of video benchmarks. Speci cally, we

show the result of ¢hallenging video tasken ne-grained

activity understanding3s-39], temporal grounding40]

and long-video reasoning {]. Unlike generic, high-level

understandingg.g, “what is happening in this video”),

the “challenging” tasks require a thorough understanding

of video in space and time, and ne-grained semantic

details. As shown, the challenging video tasks (“HardQA’

in lavender, plum, magenta) show a poor scaling trend

( 0:03) compared to general video QA 0:15). The Figure 3: Limitation of synthetic data.
stark difference between the two power law ts shows th&hallenging video tasks (HardQA$-41])
scaling synthetic data is only effective for established, ba&@not scale well with synthetic data.
tasks Extending VLMs to these more challenging, complex tasks still remain unsolved. Next, we
address this challenge with high-quality human-annotated videolakd-FGQA andPLM-STC.



Figure 4:0verview PLM-FGQA. Examples of question-answer pairs from PLM-FGQA, focusing

on ne-grained human activity understanding. PLM—FGQA is approximately 8 times larger than
the largest existing human-annotated video QA dataset and addresses a wide range of ne-grained
guestion types that are scarce in existing video QA datasets, such as ones thdireatien of
movementobject statedocationsandspatial relations

4 Human-annotated High Quality Data

As shown in Fig. 3, the current paradigm with synthetic data has run out of steam. Training from
tens of millions of synthetically annotated data hardly improves our model oncheengingvideo
benchmarks. Beyond standard VLM tasks, these benchmarks focus on advanced capabilities such as
ne-grained activity understanding, temporal grounding, and long video understanding. Perhaps, the
knowledge that these benchmarks examine is simply not present in the initial training set of our data
engine nor in existing human-annotated data. Our community lacks high quality datasets for detailed
visual understanding to start from, that covefsat where when andhowof activities in video. To

address this gap, we introduce two large-scale, human-annotated video datasets:

PLM-FGQA is a ne-grained video QA dataset collected by asking human annotators to watch a
short video segment and answer model-generated questions which foaukathdctivities humans
perform and how' they perform these activities. Question types include ne-grained recognition
(action and object), ne-grained temporal perception (direction of movements, repetition counts,
hand pose etc.), and ne-grained spatial understanding (object locations and spatial relationships).
We use a multi-stage data engine to rst extract video segments with salient actions from untrimmed
videos through temporal clustering and shot-detection. Next, we generate questions and answers
using either a text-only LLM or an early version of PLM. Finally, we re ne the answers by asking
humans to verify or replace them if they are incorrect, resulting in a high-quality QA pairs.

Overall, we collect 2.4M question answer pairs from various open-access video datasét} |
spanning over 780k unique video clips from diverse domadtt, cooking, DIY, carpentry, auto-
motive and bike repair) and viewpoints (egocentric and third-person); refer to Fig. 13 for domain
statistics. This is nearly 8 times larger than the size of the largest existing human-annotated video QA
dataset in the communitytf]. Moreover, as illustrated by the breakdown of question tyje&ig. 4
(top-right), PLM—-FGQA contains a large number of annotations about ne-grained details that have
been largely missing in existing training video QA datasets 49-56]. Please refer to Table 19 for
comparison with existing datasets Table 20 for dataset examples and Appendix F for further details.

PLM-STC is a spatio-temporal video captioning dataset that offers detailed activity descriptions
for each video. It includes timestampswier) of each activity and focuses on speci ¢ subjects
identi ed by a masklet (tvhere). We employ a two-stage annotation process to improve ef ciency

in collecting PLM-STC. In the rst stage, annotators select interesting objects that exhibit signi cant
motion changes in the video and use SANMbZ][to generate initial mask tublets, which they then

re ne to ensure high-quality spatial-temporal segmentation. For segments where the subject is out of
frame, we automatically supplement “out of frame” caption. In the second stage, a separate set of
annotators write temporally localized descriptions of the highlighted subject focusing ohahges

in action across time in relation to the whole video

obtained with LLM-based tagging.



Figure 5:0verview of PLM-STC. Examples of spatio-temporally grounded captions from PLM—
STC, the rst dataset to associate each caption both with a temporal interval as well as a high-fps
sequence of segmentation masks of the subjeet masklets (compared to just a temporal interval

or a sparse sequence of bounding boxes).

Overall, we collect 194.2K spatio-temporal captions as the rst existing large-scale dense video-region
captioning dataset. We convert these spatio-temporal captions into three tasks for training: RCap
(194.2K): Given the video region and timestamps, the model generates a caption; RTLoc (194.2K):
Given the video region and caption, the model localizes the action; and RDCap (122.3K): Given the
video region, the model generates dense, localized captions. In total, we construct 194.2K + 194.2K
+ 122.3K = 522.7K samples, of which 476.2K are used for training and the rest for constructing
PLM-VideoBench. Please refer to Fig. 5 for dataset examples, Table 22 for comparison with existing
datasets, Table 23 for dataset statistics and Appendix G for further details.

4.1 PLM-VideoBench

Our high-quality human-annotated data offers VLMs to train for broader range of capabilities for
holistic video understanding. However, existing video benchmarks are not adequately equipped to
evaluate these. To this end, we introduce PLM-VideoBench, a novel benchmark focusing on speci ¢
activities (what) and their execution details (how) within spatio-temporal contexts (where and when).

Fine-Grained Question Answering (FGQA).In this task, a model must answer a multiple-choice
guestion (MCQ) that probes nuanced, ne-grained activity understandiggainting “vertically”

vs. “horizontally” in Fig. 6, rst). We report multi-binary accuracy (MBAcc}9] where each
question is split into multiple binary choice questions. Our test set consists of 4,371 question-answer
pairs. For more information, including statistics on video clips, segment duration, question types, and
benchmark construction, see Table 21 and 8F.2.

Smart Glasses Question Answering (SGQA)In this task, a model must answer open-ended
guestions about activities and objects visible in an egocentric video stream recorded by a smart-
glasses device (see Fig. 6, second). The questions are designed to simulate real-world scenarios
where a user would ask for assistance from their smart glasses. We manually collect the videos
using commercially available smart glasses, providing a completely new, unique dataset that re ects
modern use-cases such as online Al video assistance and activity coaching. For evaluation, we
use LLM-judge accuracy with an open-access model (Llama3.3 70B). The test set consists of 665
human-annotated question-answer pairs. See Appendix H for more details.

Video Region Captioning (RCap). In this task, a model must generate a detailed description of

an event involving a subject of interest in the video. Given a region masklet and a speci ed time
interval, the model is required to output a caption that accurately describes the event occurring within
that interval. Compared to traditional video captionidg, [58, 59 where the aim is to generate a
video-levelkaption, the goal is to generateegion-levelcaption tied to a speci ¢ subjece(g, a

person, object or animal) (see Fig. 6, third). The test set contains 10,060 human-annotated instances
and we report LLM-judge accuracy with Llama3.3 70B. See Appendix C.3 for details.

Region Temporal Localization (RTLoc). In this task, a model must identify the precise time
interval within the video when the speci ed event takes place for the given subject. Given a video,
a region masklet and a text description of the event, the model is required to output the start and



Figure 6:PLM-Video Datasetincludes ne-grained video QA (FGQA), open-ended QA in videos recorded
using smart glasses (SGQA), Spatio-Temporal Captions (STC) post-processed into video region captioning
(RCap), video region temporal localization (RTLoc) and video region dense captioning (RDCap) tasks.

end timestamps that correspond to the occurrence of the event (see Fig. 6 fourth). Notably, this
task is the inverse of RCap — instead of generating the caption, the model receives it as input and
generates the corresponding time interval. We lter the test set to include only the captions that
are unambiguously localizede., they map to a single time window in the video. As a result, the

test set size is reduced to 7,910 instances compared to RCap. We report average recall@1 over loU
thresholdg0:3; 0:5; 0:7; 0:9). See Appendix C.3 for details.

Region Dense Video Captioning (RDCap)In this task, a model must generate a detailed description

of all events involving a speci ¢ subject of interegt g, person, animal, or object) in a video. Given

a video and a region masklet, the model must produce a seque(starbf end, caption)

tuples that cover the entire duration of the video, including periods when the subject is not visible
(see Fig. 6, last). This task is a composition of RTLoc and RCap, requiring the model to produce both
temporal windows for events as well as captions directly from the video. The test set contains 2,620
samples and we report the SODA scas€][which uses an LLM judge. See Appendix C.3 for details.

5 Experiments

We rst overview the baselines and evaluation setting (85.1). We then compare benchmark results of
PLMs with the baselines on a broad collection of image (85.2) and video (85.3) tasks as well as on
our PLM-VideoBench (85.4). Finally, we provide analyses on data and model ablations (85.5).

5.1 Setup

We compare PLMs against the following two classes of baselines:

» Proprietary models such as GPT-406[l] (gpt-40-2024-11-20 ), Gemini-Pro 1.5 §2] and
Gemini-Flash 2.0 [63]. We use API calls to evaluate these models.

* Open-access modelsuch as Molmo-O11], LLaVA-OneVision [64], Qwen2.5-VL [L5] and
InternVL2.5 [LO] — state-of-the-arbpen-accesmodels, for which model scale, architecture and
inference code are available. We use the of cial inference code for all models.

Inference protocol. For mask inputs in PLM-VideoBench, we overlay a colored box on the video
frames to specify the regions. We report validation set performance unless speci ed (in brackets)
under the benchmark name. Metrics marked witlse LLM as a judge. Complete implementation
details including inference hyper-parameters, task prompts, judge prompts and proprietary model
evaluation protocol can be found in Appendix C.4.

5.2 Image Benchmark Results

We evaluate PLM on a total of 20 image benchmafKsarts, Diagrams and Documentsanswer
guestions that require parsing images of documents and diagimage Captioning: generate a
short/detailed captioRerception and Reasoninganswer questions of varying dif culty about ob-
jects, actions, functional correspondence, multi-view reasoning, spatial layout etdabuncination:
evaluate robustness hallucinateddetails. More details are in Appendix C.1.
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1B scale

Qwen2VL-2B [16] 90.1 753 80.3 655 846 809 411 80.0 597 674 729 444 173 626 73.0 872
InternVL2.5-1B [10] 84.8 759 720 560 77.8 785 409 722 515 474 713 424 421 583 654902
PLM-1B 90.7 786 821 630 849 807 348 817 610 59.7 763 468 738 671 688 884
3B scale

Qwen2.5VL-3B [15] 939 831 793 771 902 797 531 808 632 719 731 476 544 654 785 882
InternVL2.5-4B [10] 91.6 840 79.3 721 905 828 523 809 640 618 756 508 559 64.6 80.0 91.0
PLM-3B 938 843 843 746 909 830 412 843 668 640 785 554 814 724 804 887
8B scale

Molmo-7B-O [11] 90.8 80.4 804 700 907 - 393 853 - - - - 67.5 - -
LLavVA-OV-7B [64] 86.7 80.0 773 688 90.1 656 489 83.569.6 634 764 494 750 667 781 89.2
Qwen2.5VL-7B [15] 95.7 87.3 849 826 930 864 586 701 610 735 732 564 119 69.8 803 87.2
InternVL2.5-8B [10] 93.0 848 793 776 928 823 560 80.6 692 643 776 548 539 701 800 906
PLM-8B 946 855 865 809 927 870 461 856 69.6 670 793 560 813 750 828 899

Table 3:Image benchmarks.PLM versus proprietary models and open-access baselines of comparable scale.
Cells with * are reported numbers from literature, and the remaining are reproduced using of cial code.
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1B scale

Qwen2VL-2B [16] 26.8 632 764 539 673 556 384 270 131 257 469 623 428 03 349 599
InternVL2.5-1B [10] 27.7 648 743 594 730 503 60.7 557 277 250 450 564 409 08 310 389
PLM-1B 343 701 803 727 837 492 625 604 182 255 522 646 436 552 492 795
3B scale

Qwen25VL-3B [15] 20.3 67.0 768 669 630 615 592 648 172 235 492 63.0 457 388 452 535
InternVL2.5-4B [10] 29.2 717 825 679 772 623 641 666 237 274 527 652 520 84 496 66.3
PLM-3B 374 747 834 793 848 549 662 669 234 309 604 693 472 577 555 765
8B scale

LLavA-OV-7B [64] 28.0 571 810 581 660 577 605 454 195 276 537 678 412 121 347 611
Qwen25VL-7B [15] 233 69.6 800 705 681 655 637 650 245 246 511 717 498 436 50.1 61.1
InternVL2.5-8B [10] 285 726 855 689 77.6 642 661 662 243 294 535 683 531 143 571 602
PLM-8B 359 771 841 827 849 583 673 688 283 332 614 727 464 586 577 773

Table 4:Video benchmark results.PLM versus proprietary models and open-access baselines of comparable
scale. Cells with * are reported numbers from literature and the remaining are reproduced using of cial code.

Table 3 shows our results. Overall, PLM shows strong performance on a wide spectrum of image
benchmarks witlsolely from open-access data with a white-box data enghaelitionally, we report

Image Grounding task results on RefCOCO/+/d [datasets in Appendix Table 15, and show that
PLM outperforms both specialist models as well as the VLM baselines in all model scales.

5.3 Video Benchmark Results

We evaluate PLM on a total of 25 video benchmarks. We divide these into the following categories.
Video Captioning: generate a short caption for a video, or a dense description of all e&u;

video QA: answer a question about a short video (few seconds to a minute), either by selecting from
a list of options, or providing a free-form answé&igng video QA: answer a question as before,
about a much longer video (minutes to houfsjie-grained QA: answer detailed questions about
spatial location, motion, temporal information etc.; atallucination: evaluate the robustness of
video models tdhallucinateddetails about objects and events.

Table 4 shows video captioning, video QA, ne-grained video QA, and video hallucination results.
We achieve strong results on widely adopted benchmarks, despite only using open-access data mix
free from proprietary model artifacts, outperforming both the open-access and proprietary models.



Further, we achieve competitive performance on the majority of challenging benchmarks, such
as EgoSchema (68.8 %), MotionBench (61.4 %), TOMATO (33.2 %), TempCompass (72.7 %),
TemporalBench (28.3 &), Charades-STA (58.6 %), and more. All our model scales show strong
performance against both proprietary models as well as open-access baselines of same scale.

Lastly, we also show that PLMs at all scale greatly outperform existing approaches on captioning
tasks and hallucination detection tasks, owing to our focus on detailed, ne-grained spatio-temporal
annotations in our human-annotated data collection.

5.4 PLM-VideoBench Results

We report the result on our proposed benchmark PLM-VideoBench from 84.1 in Table 5. We
evaluate our PLM as well as (proprietary and open-access) baselines. In addition, we provide human
performance of each subtask in the rst row. The results show a signi cant gap between the baselines
and PLM. Proprietary baselines and open-source baselines alike perform reasonably on FGQA tasks,
though still 6.5 points lower than PLM (61.2 vs 67.7).

On SGQA, where the video sources and the
guestion-answer pairs are unseen to all models,

. Q S = o
PLM performs reasonably well, yet 2.1 points short §§ §>U Qé‘ g2 3% o
from open-access best (InternVL2.5) and far frondtode! L= o8 o0 &4 xE <
the best proprietary model (GPT-40). ’;‘r’g“;?e'izfy 908 679 666 539 67.0E9
On spatio-temporal tasks (RDCap, DCap, RTE"T4o 61 612 637 205 357 33.190L0

. Gemini 1.5 Pro [63] 57.1 49.9 14.4 33.1 27.6 44.0

Loc), open source baselines are unable to perfor@mini2.o Fiash [63] 58.7 448 132 309 27.6 425
grounded reasoning and default to repeating th@pen-access

H H H H LaVA-OV-7B [64] 40.2 41.5 4.7 24.4 139 32.0

same caption for every time interval. Proprietary, [7o0 0 0 4% u4e 41 176 154 353

models perform reasonably well, yet far from thegwen2svi-78 [15] 498 430 25 215 107 348

_ InternVL2-8B [10] 47.7 45.9 1.2 215 11.6 35.0

h.uman performance' In a” Su.b. taSkS Of PLMInternVLZ.S-BB [10] 53.7 483 5.7 26.1 8.8 385

VideoBench, PLM shows competitive performances m.ss 67.7 462 528 466 591 556

compared to proprietary and 0Open-access b.ase"ﬁ%t%le 5: PLM-VideoBench results. We evaluate
Results for all model scales are in Appendix E.1p| \ against baselines and report breakdowns. We

Tab. 18 in the Appendix reports PLM's perfort@Port human performance in the rst row.

mance when trained without any human-annotated

in-distribution samples. Even in this setting, PLM outperforms Qwen2.5-VL 3B and InternVL2.5 4B
on PLM-VideoBench.

Note that the human performance varies based on the nature of the task and evaluation metrics. For
example, FGQA human scores are naturally higher than RCap because the task is structured (select
the correct option vs. open-ended) and the metric is objective (accuracy vs. LLM-judge accuracy).

5.5 Ablation Studies

Setup. We perform an ablation study to assess the importance of each of our proposed data, both
synthetic and human-annotated. We start with PLM 3B after stage 2 training, and netune on 4M
short image and video SFT data niifor the data ablation. We evaluate and report average video
benchmark performance across ve categories — video captioning, short video QA, ne-grained QA,
and video hallucination, as well as spatial and temporal tasks, PLM-VideoBench and three image
categories — image OCR, image captioning, and image perception. Full details are in Appendix A.3.

Discussion.First, we observe that stage 2 synthetic data training boosts model performance across
the board. Moreover, adding our PLM-STC data further improves a variety of benchmarks, including
PLM-STC #27:4 points), video captioningH2 :4 points), and most importantly, spatial and temporal
tasks ¢6:8 points). Adding our PLM-FGQA data improves a distinct set of categories for ne-
grained activity understanding; PLM-FGQAL3:1 points), PLM-SGQA ¢7 :3 points), Fine-grained

video tasks<€1:3 points), video hallucination task$3:0 points), and spatial and temporal tasks
(+2:2 points). Using our human-annotated data altogether results in the best performance overall.
Further in Fig.7, we show that our human-annotated data improves upon HaBiQ#], effectively
addressing the limitations of synthetic data discussed in §83.2.

23.8M datamix: TextQA 500K, Image QA 2.8M, and Video QA 500K. Each detail can be found in Tab. 10.



Finally, we conduct an ablation study (Tab. 17 in Appendix), where Stage 2 and 3 are merged into
a single training phase using a combined data blend under the Stage 3 setup (36 tiles, 32 frames).
Despite nearly doubling the total training FLOPs, this uni ed setting yields worse results than the
three-stage pipeline—dropping 1.2 points on image benchmarks and 2.0 points on video benchmarks.

PLM-VideoBench ;, Video Tasks
>

(o8

1 magegasks -

e e 2 g™ o
° (o] T T 4G T T T
£ L, 8 88 & 2EF . % 3% 5% ozE s 4%
S £ 0 g 0 O 8 SE 85 SE SE LE gE 8E GE
9 L Z g ? 9 05 % 96 IS5 85 98 98 o
= s = S S< S% S2 03 08 20 066 %o Po Yo o
3 3 3 5 S0 538 3 E o v o o oo g2 gao g2
[ a o F 03 0 & Om Lw 50 50 S0 O Z0 =m =uw
7 7 7 485 39.7 344 66 422 240 675 649 506 76.0 643 633
X 7 7 543 498 359 147 488 299 732 733 56.B4.0 659 655
X X 7 579 499 362 421 486 323 739 742 629 838 675 650
X 7 X 56.7 629 432 152 50.1 304 741763 583 837 640 656

X X X 612 636 440 422 502 343 746 763 64837 742 654

Table 6: Ablation. We show the impact of individual data components in PLM

training. For this ablation, we use a reduced the SFT datamix consists of 4M dpigiire 7: HardQA im-
access image and video data. Results are aggregated validation-set performanggdis with PLM data.
selected benchmarks in each category of tasks, details in Appendix A.3.

6 Related Work

Vision-Language Models.Building on the strengths of large language models (LLMs), several vision-
language models (VLMs) have recently been proposed for image understahdifgl[8, 72, 78-82],
video understandingp, 83-89] and joint understanding of both images and videld$ 1.6, 64, 90].
These works employ several modeling advancements such as dynamic high resolutiorvigjputs [
adaptive token compression [87, 91], and multimodal positional embeddings [16].

Open source, open data VLMs Training data is a key component in developing powerful VLMSs.
Many existing approaches train on proprietary data that is not released to the comnitnity [
63, 92, 93] or on data generated using proprietary modelg,(GPT40) B], effectively distilling the
closedmodels. Doing so make measuring scienti ¢ progress dif cult and limits research on how to
train VLMs ground-up. Molmo11] proposes a class of open-data models, however, they are image
VLMs trained on relatively small-scale data, limiting their performance as our experiments will show.

VLM Benchmarks. Several benchmarks have been proposed to assess the capabilities of VLMs.
Popular image benchmarks cover broad perception and reas@irgf[ 68, 69, 71, 72, 94-10( as

well as capabilities like image captioning [101-103], document/diagram understanding [26—28, 65—
67, 70, 104-10€, mathematical reasonind.(7—109, visual grounding 77, 110 and hallucina-

tion [32, 111]. Popular video benchmarks cover video question answesing0[ 21, 23, 24, 50-

52, 84,112-117], video captioning47, 59, 74, 118-121], and hallucination in videos3[7, 76]. Many

of these video benchmarks rem@image-centric— they have questions that can be answered with a
few frames. Video-centric reasoning in benchmarks has been relatively neglected with benchmarks
proposed only recently for long video understandifg, B5, 41, 48, 122-12€¢] and ne-grained,
temporal reasoning3p, 38, 39, 75, 127]. We introduce PLM-VideoBench— a benchmark suite
aimed at the core, video-centric capabilities that current benchmarks neglect, namely ne-grained
activity understanding and spatio-temporally grounded reasoning.

7 Conclusion

This work presents Perception Language Model (PLM), a fully-reproducible vision-language model

to transparently tackle visual perception tasks without distillation of private black-box models. We
trained PLM using data from existing open-access datasets and synthetic samples generated by
our data engine. We identi ed gaps in detailed video understanding capabilities that cannot be
lled with synthetic data. In response, we collected 2.8M human-labels for ne-grained video
question answering and spatio-temporally grounded captioning, and created a new benchmark, PLM-
VideoBench, to evaluate these capabilities. We hope our open dataset, benchmark, and models will
foster transparent research in visual perception.
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A PLM Training Details

Figure 8: The gure provides an overview of the datasets used in the paper. PLM is trained- i
synthetic image anii8.4M synthetic video, an@.9M human-labeled video samples. Our data enables PLM to
perform a variety of tasks, including standard tasks like Image, Multi-image, and Video QA, as well atdeo
taskssuch as Fine-grained QA (FGQA), Region Temporal Localization (RTLoc), Region Captioning (RCap),
and Region Detailed Captioning (RDCap).

In this section, we describe the training details of PLM. In 8A.1 we describe exact details of training
setting such as hyper-parameters and implementation details. In 8A.2 we describe our datamix for
both synthetically generated and human-annotated parts.

A.1 PLM Training Setting

For all three stages, we use AdamW optimiZEtg] with weight decay 00:05 and use FSDP1R9
with FlashAttention2 [130] for overall implementation based on PyTorch [131].

Stage 1 training. In stage 1, we use a subset of SA-1B]][paired with detailed captions generated

by our data engine (83.1). We use total 1M samples to train PLM with next token prediction loss,
with vision encoder and LLM parameters frozen. This stage is commonly knowaras-upstage.

We use learning raté 10 “ for all model scale with global batch size of 512 a4#B 448
resolution. We use the Perception Encodel] L/14 variant for the 1B and 3B PLM models, and the
G/14 variant for the 8B PLM model.

Stage 2 training. In Stage 2, we train on a total of 72.5M samples. Of these, 66M consist of images
and videos with synthetically generated annotations produced by our data engine. The remaining
6.5M samples are a subset of human-annotated images and videos from open-source datasets, which
are included in our nal datamix described in 8A.2. We train with global batch size of 2048, learning
rate of4 10 5, weight decay 00:05 for the full set of parameters (vision encoder, projector, and
LLM). For both image and video input, we udd8 448resolution for each tile/frame, which
effectively generate 1024 vision tokens. We apbly 2 spatial average pooling to reduce thi2&6.

We use dynamic tiling with a thumbnail to support any resolution and aspect ratio, similar to prior
work [78], and uniform sampling of video frames after preprocessing the videos to 1 fps. We set the
maximum number of tiles/frames to k6, which results in maximum flé + 1) 256 = 4352

and16 256 = 4096vision tokens respectively for images and videos. We train the model with a
sequence length @144allowing a maximum oR048tokens for the text modality.

Stage 3 training. In stage 3, we use total of 19.1M high-quality datamix spanning over multiple
image, video, and text modalities. We describe this datamix in 8A.2. In this stage, we use global
batch size of 1024, learning rate bf 10 ° for 8B and4 10 ° for 1B and 3B PLM models. We

train the full set of parameters for all scales. Similar to stage 2, we adapt dynamic tiling and uniform
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frame sampling for up t@86 tiles for image an®2 frames for video, witl2 2 spatial average
pooling, which generatg86 + 1) 256 = 9472vision tokens for image ang2 256 = 8192
vision tokens for video. For all modalities, we usE264maximum training sequence length.

Training cost. The full training process for the PLM-3B model, including all three stages, takes
approximately 5.5 days on 128 H100 GPUs. The PLM-1B model requires less training time, while
the PLM-8B model takes slightly longer. The detailed breakdown is listed in the Table 7 . Further, at
inference time, all models can run ef ciently on a single GPU: the 1B model on a 24GB GPU, the 3B
model on a 40GB GPU, and the 8B model on an 80GB GPU.

Model Stage 1 Stage 2 Stage 3

PLM-1B (PE L/14) 8 GPUs & 3 hours 128 GPUs & 1.5 Days 128 GPUs & 2.0 Days
PLM-3B (PE L/14) 8 GPUs & 4 hours 128 GPUs & 3.0 Days 128 GPUs & 2.5 Days
PLM-8B (PE G/14) 8 GPUs & 6 hours 256 GPUs & 3.0 Days 256 GPUs & 2.5 Days

Table 7: Training ef ciency of PLM models across scales.

A.2 PLM Training Datamix

Table 10 presents the full data mix used across all training stages apart from our manually collected
data in 84. This contains annotations from existing public datasets as well as synthetically generated
data (see 83). We Iter and include a wide variety of existing datasets spanning across images
(captioning, QA, grounding), videos (captioning, QA, temporal localization, region captioning and
dense captioning) and text-only datasets to preserve the text-instruction following capabilities of
our model. Most importantly, we Iter ouéverydataset that contains annotations generated by
proprietary models. Table 8 and Table 9 shows the exact number of samples for each datasets in Stage
2 and Stage 3 respectively. Marjory of the data in stage 2 are synthetic, with a focus on captioning
samples, since they carry the dense information about the image or video. In stage 3, we have one
third of the data, mostly focusing on human annotated samples, covering a large variety of tasks.

A.3 Ablation Experiment Details

We provide additional details about the ablation experiment in §5.5. We report benchmark average
scores across 5 categories, along with the average across all of them. We select a representative set of
benchmarks from the full set of image and video benchmarks in §5.2 and §5.3 that report comparable
scores so the average results are meaningful. For Video captioning we select Dream 1K and report
the LLM-judge score with Llama3.3 70B as judge. for Short Video QA, and Finegrained QA, we
select benchmarks that report MCQ accuracy (and exclude open-ended QA). For Hallucination, we
include both benchmarks. For Spatial and Temporal tasks, we select BLINK, CVBench, VSR, and
Charades-STA. For Image Perception, we choose SEED, MMMU, VQAvV2, OK-VQA, and VizWiz.

We train the ablation setup of SFT with the exactly matching hyperparameters as our nal run; only
difference is the size of the SFT datamix.
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Dataset Num Samples Type  Dataset Num Samples Type
Image Synthetic Image Synthetic
PDFAcc (QA) [132] 12M QA  PDFAcc (QA) [132] 2M QA
PDFAcc (Cap) [132] 12M Cap. ArxivCap [134] 1.5M Cap./QA
UCSF [133] 6M QA  SA1B[14] 800K Cap.
ArxivCap [134] 1.8M Cap./QA Object365 [135] 300K Cap.
SA1B [14] 10M Cap. Openimages [136] 300K Cap.
Object365 [135] 3.5M Cap. DocVQA [26] 100K QA
Openimages [136] 1.8M Cap. InfographicVQA [27] 50K QA
DocVQA [26] 50K QA PixmoCap [11] 500K Cap
InfographicVQA [27] 20K QA vVideo Synthetic
PixmoCap [11] 600K Cap  YT-1B (QA) [137] 300K MCQA
Video Synthetic Ego4D (Cap.) [43] 180K Cap.
YT-1B (Cap.) [137] 14M Cap. Ego4D (QA) [43] 700K QA
YT-1B (QA) [137] 3M MCQA  Spoken Moments [138] 449K Cap.
Ego4D (Cap.) [43] 180K Cap. Charades [139] 8K Cap.
Ego4D (QA) [43] 700K QA  Kinetics710 [54] 40K Cap.
Spoken Moments [138] 449K Cap. DiDeMo [140] 7.5K Cap.
Charades [139] 8K Cap. Text Synthetic
Kinetics710 [54] 40K Cap.  NaturalReasoning [141] 1M QA
DibeMo [149] 75K Cap. Human Annotated
Text Synthetic Image QA [10] 2.8M QA
NaturalReasoning [141] M QA Image Cap [10] 36K QA
Human Annotated Image Grnd. [10] 1.4M QA
Image QA [10] 2.8M QA Image Misc. [10] 1.4M QA
Video QA [10] 570K QA  Video QA [10] 570K QA
Video TL [10] 16K Temp. Loc. Video Cap. [10] 315K QA
Video Dense Cap. [10] 10K Dense Cayideo TL [10] 16K TL
Text QA [10] 2M Mix Video Dense Cap. [10] 10K DCap.
Total 72.5M Video Region Captioning [10] 15K Cap.
Table 8: PLM Stage 2 training data mix. Text QA [10] 1.5M Mix
Human Annotated (Our)
PLM FGQA 2.4M QA
PLM STC 476K Cap./TL
Total 19.1M

Table 9: PLM Stage 3 training data mix.
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Image QA Grounding Video Temporal Loc
Dataset Size Dataset Size Dataset Size Dataset Size
DVQA [142] 222222 STAR [21] 3032 VisualGenome [110] 154792 HIREST [199] 7919
PlotQA [143] 157070 NEXT-QA [50] 3870 FLickr Entities [196] 296332 Charades [139] 7566
MapQA [144] 42761 . VISION [180] 9900 DCI (Region Caption) [193] 304912 DiDeMo [140] 435
OCRVQA [145] 167646 8 FlintstonessV [181] 22341 RefCOCO/g/+[197] 212923 Towl 15920
Localized Narratives [146] 199998 & ImageCoDe [182] 16594 VCR [105] 855577
FigureQA [147) 119999 T VizWiz [33] 900
Hateful Memes [148] 9713 3 MIT-States (State Coherence) [183]1900 Total 1398690 Video Region Captioning
CLEVR [149] 73181 3 MIT-States (Prop. Coherence) [183]1900 Image Synth Dataset Size
CLEVR v1.0 [149] 70000 @ WebQA [184] 9338 age Sy -
IconQA [150] 116514 = Birds-to-Words [185] 14281 Dataset Size VS Sobsety 56] S960
TextVQA [34] 21953 = AESOP [186] 6915 DocVQA [26] 50170
GeomVerse [151] 11162 RecipeQA (Img. Coherence) [187] 8699 InfographicVQA [27] 21660 Total 15427
RobuT (wikisql) [152] 80757 CLEVR-Change [188] 3885 grap)
PDFAcc (Cap.) [132] 12024670
WebSight [153] 10000 IEdit [189] 3456 PDFACE (QA) [132] 15024670 Video Dense Cap
Visual7W [154] 15061 = Q -
= ChartQA [25] 45820 UCSF [133] 5953490 Dataset Size
TallyQA [155] 100050 @ pooyQA [26] 69562 ArxivCap [134] 1859680
Robut (WTQ) [152] 42495 k3l ActivityNet [58] 8859
DaTikz [156] 47974 = InfographicVQA [27] 32661 SA1B[14] 9834573 YouCook [47] 1030
CocoQA [157] 46287 5 TextVQA [34] 69170 Object365 [135] 3484584
ChartQA [25] 27305 T TextCaps [167] 21324 Openimages [136] 1740864 Total 9898
O ® VisualMRC [171] 24456 PixmoCap [11] 584650
VQAV2 [31] 82772 S Wro 0] 16885 o0 St
Chart2Text [158] 35946 Total 47579011 Video Synth
< VisText [159] 35995 HME100k [191] 74492 Dataset Size
g FinQA [160] 5276 chrome_writting [163] 8825 Video QA Spoken Moments [136] 449044
2 DocVQA [26] 12089 OK-VQA [30] 27536 Dataset Size Charades [139] 7919
8 STVQA[161] 18684 Geometry3k [174] 4802 Kinetics710 [54] 39949
o TAT-QA[162] 2199 VQA-RAD [172] 1793 EgoQA [49] 7813 DiDeMo [140] 7566
£ RenderedText [163] 10435 NEXT-QA (instruct) [50] 34114
=
RAVEN [164] 31418 Total 2796145 NEXT-QA (MCQ) [50] 34114 Ego4D (Cap.) [43] 183029
! Ego4D (QA) [43] 703935
1AM [165] 7549 PerceptionTest [24] 2403
image Cap. YT-1B (Cap.) [137] 14792983
A-OKVQA [69] 17720 A[51] 23530 YT-1B (OA) [137) 3383670
TabMWP [166] 45439 Dataset Size Videolnstruct (human) [52] 25803
CocoQA [157] 9009 CLEVRER (MC) [53] 42620 Total 19568095
TextCaps [167] 21953 ol 3502 CLEVRER (QA) [53] 40000
Screen2Words [168] 16713 Altogether [194] 15166 Kinetics710 [54] 39949 Text-QA
VSR [169] 2157 SSv2 (classi cation) [55] 40000 Dataset Size
TQA[170] 9742 Total 36127 VidLN [56] 43126
Robut (SQA) [152] 12769 VidLN (QA) [56] 75090 no_robots [201] 9485
VisualMRC [171] 3027 Image How2QA [8] 45731 MathQA [202] 29837
ScienceQA [106] 9947 Datasel Size STAR [21] 35297 LIMA [203] 1030
VQA-RAD [172] 313 Memento [198] 40060 GSMB8k (socratic) [204] 7473
InfographicVQA [27] 2118 Al2d [67] 12413 Memento-Multiimage [198] 40060 GSM8k [204] 7473
Hitab [173] 4995 COCO cap. [101] 414113 Towl 569710 FLAN [205] 1386050
AI2D [67] 4863 GQA-Balanced [195] 943000 Dolly15k [206] 15011
Inter-GPS [174] 2555 Total 1369526 ) Magpie Pro (MT) [207] 300000
diagram_image_to_text [175] 595 ol Video Cap _ Magpie Pro [207] 300000
MII\IIIIC_VIT (CGD) [176] 70939 Dataset Size Total 2056359
MultiHiertt [177] 15233 VATEX (en caption) [59] 259910
NLVR2 [178] 136799 i
y Charades (caption) [139] 11593
RAVEN (Muiti-image) [164] 56081
SpotTheDiff [179 19340 ActivityNet (captions) [58] 33375
potTheDiff [179] YouCook2 [47] 10337
Total 315215

Table 10:PLM training datamix. Our mix includes synthetic and manually annotated data across
a combination oimage data(QA, captioning, OCR, Visual groundingyideo data(captioning,
grounded captioning, dense captioning, temporal localization text-only data Importantly, all
data is publicly accessible, andt generated by proprietary models.
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B Synthetic Scaling Experiments

In this section we provide additional results to the synthetic scaling experiments in §3.2. We report
aggregate benchmark accuracies across three categories — Video QA, OCR QA and Image QA —
by selecting representative benchmarks from each category. For VideoQA, these are23JTAR [
EgoSchemaZ?], MVBench [23], VideoMME [20] and PerceptionTes2f]; For OCR QA, these are
ChartQA 5], DocVQA [26], InfographicsQA P7], TextVQA [34] and OCRBenchg]; and for

Natural Image QA, these are RealworldQA [29], OKVQA [30], VQAV2 [31], and VizWiz [33].

Figure 9:Scaling with encoder sizeScaling trends of PE-G vs. PE-L vision encoders. Larger encoders scale
better in Video QA tasks while similar scaling in OCR and Natural QA is seen.

Scaling with encoder size After investigating the impact of the LLM decoder in Fig. 2, we examine
the impact of increasing the vision encoder size from 300M (PE Large) to 2B (PE Giant) for each
language model scale next. In Fig. 9, we overlay the new power-law with the 2B vision encoder
(black dashed) line onto the 300Mgd dashed) line. Notably, we nd that the larger vision encoder
(300M! 2B) leads to greater scaling trend on video QA benchmarks. Quantitatively, the power law
t has improved from 0:15to 0:19. The two lines intersect around 8B scale with PE-G, proving
that 8B and larger PLM will bene t more with larger vision encoder. We use PE-L for 1B and 3B
LLM scale and PE-G for 8B scale by default.

Figure 10:Scaling with input size. Scaling trends of training with 16 tiles/frames vs. 8 tiles/frames. Higher
input size scales better in Video QA and OCR QA tasks while similar trend is seen for Natural QA.

Scaling with input size. In Fig. 10, we show the impact of increasing the input size to VLM through
higher image resolution and more video frames. In this setting, each scale of PLM trains with
dynamic tiling for image input andiniform sampling for video input with maximun® or 16
tiles/frames per sample. In each plot, the average error of PLM trained with 16 tiles/frames are
plotted. All models us@ 2 spatial average pooling before input to LLM, and each tile/frame has
448 448resolution. Similar to Fig. 2, we show power law t withidack dashed line, and compare

to 8 tiles/frames training denoted witbd dashed line. Notably, we nd out that on Video QA and
OCR QA benchmarks, PLM shows better scalability with training with higher input size. This means
with the same FLOP counts &6'3, training with 16 frames makes 2.0 points of metric error lower
than 8 frames counterpafB2.2 vs 30.2). Similar trends are observed with OCR QA going from 8
tiles max. to 16 tiles max. Notably, higher resolution did not make a difference for Natural QA tasks.
We chose thd6 max-tiles and frames to be our nal training setting for stage 2 PLM.
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