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1. Segementer Training Details
In the TrajAdapter and TrajVLM settings, we pretrain the
trajectory segmenter once and reuse its weights for initial-
ization during downstream probing and VLM training. This
section provides full details of the dataset construction, an-
notation pipeline, filtering criteria, and training configura-
tion for our segmenter training..

1.1. Dataset Construction
Sources. We construct a video & image corpus for
segmenter training by combining: Panda (video) [3],
CC12M (image) [1], CC3M (image) [10], and a subset of
DataComp-50M (image) [6]. All samples are annotated
with pseudo panoptic trajectory masks using the TrajViT
trajectory–generation pipeline, followed with data filtering.
We describe the details below.
Annotation Pipeline. We adopt the same annotation pro-
cess as in the TrajViT paper [12]. In summary, the pipeline
consists of four steps.
1. sample frames and detect keyframes based on feature

changes in colorspace and Luminance Histogram.
2. generate panoptic object masks in the key frames using

DirectSAM [2] model.
3. track objects across frames via SAM2 [9].
4. merge instance masks between CLIPs using heuristics

like IOU overlaps to form long-term trajectories.
The pipeline uses external models like DirectSAM and
SAM2 [2, 9]. For images, only spatial segmentation steps
are applied.
Quality Filtering. We apply two filtering criteria to remove
low-quality pseudo labels:
• Coverage filter: remove samples where the union of all

trajectory masks covers less than 80% of pixels.
• Object-count filter: remove samples containing fewer

than 10 detected objects.
After filtering, we retain roughly 2.5M images and 2.0M
videos for segmenter pretraining.

1.2. Training Configuration
The segmenter is trained on the filtered dataset. Different
from TrajViT2 where all modules are trained from scratch,
we initialize the ConvNext-small patch encoder from DI-
NOv3’s weights, which helps in the generalization perfor-
mance of produced segments. Other modules are initialized
from scratch. We train the model for 20 epochs with 8 A100
GPUs. We use the base learning rate of 1×10−3, and adopt
a linear decay learning-rate schedule with warm-up. Addi-
tional hyperparameters are summarized in Table 1.

Hyperparameter Value

Resolution 224
Frame sampling uniform 16 frames (videos only)
Optimizer AdamW
Base LR 1× 10−3

Weight decay 0.01
Optimizer momentum β1 = 0.9, β2 = 0.999
Batch size video-128, image-512
Training epochs 20
LR schedule linear decay
Warm up epochs 1
Warm up schedule linear warm-up
Random crop scale (0.2, 1.0)
Random crop ratio (3/4, 4/3)
Horizontal flip probability 0.5
Color jitter probability 0.8
Gaussian blur probability 0.5
Grayscale probability 0.2

Table 1. Hyperparameters used for segmenter pretraining.

2. More Qualitative Examples of the Seg-
menter

We show examples of generated trajectories from our train-
ing set in Fig. 1. Overall, the segmenter exhibits strong
semantic grouping ability, consistently discovering object-
level regions that are sufficiently accurate for downstream
understanding tasks. From the perspective of pixel-level
segmentation quality, however, the lightweight design and
low output resolution introduce several expected limita-
tions: the model occasionally misses very small objects,
may over-merge background regions, and produces impre-
cise object boundaries. These imperfections, while notice-
able visually, do not hinder its effectiveness as a trajectory
proposal module, as our downstream tasks primarily rely on
correct semantic grouping rather than pixel-perfect masks.

3. Quantitative Evaluation of the Segmenter

Although the proposed segmenter in the main paper is inten-
tionally lightweight—prioritizing semantic grouping over
pixel-level precision—we additionally study how well it can
perform on the standard panoptic video segmentation task
when its capacity is scaled up. This experiment is conducted
purely for analysis and is not used by any model in the main
paper.
Scaling up the segmenter. We keep the same training
dataset as described in Sec. 1.1, but increase the segmenter
capacity in two ways: (1) replacing the ConvNeXt-Tiny
patch encoder with a ConvNeXt-Large backbone and ex-
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Figure 1. Qualitative Examples of the trajectory masks produced by our segmenter.

panding the Perceiver stack from 2 layers to 4 layers, and
(2) producing full-resolution predictions by adding a pixel
decoder identical to the one used in SAM [9], applied on
top of the downsampled patch features. The input and out-
put resolution are both set to 512× 512.
Benchmark and competitors. We evaluate on the ViPEnti-
tySeg [8] benchmark and compare against two state-of-the-
art video panoptic segmentation systems: EntitySAM [11]
and SAM 2.1 [9]. We report VEQ-SQ, VEQ-RQ, and STQ-
EN following the benchmark protocol.
Results. Table 2 shows that the scaled-up version of our
segmenter achieves competitive performance, surpassing
EntitySAM in VEQ-SQ and improving VEQ-RQ relative to
SAM 2.1. While its STQ-EN score is slightly lower than
EntitySAM, these results demonstrate that our grouping-

centric design can approach state-of-the-art performance
when augmented with a strong visual backbone and a full-
resolution decoder, confirming our segmenter design is rea-
sonable.

VIPSeg Benchmark VEQ-SQ VEQ-RQ STQ-EN

EntitySAM 84.7 64.5 43.3
SAM 2.1 83.1 36.7 41.7
Ours (scaled-up) 85.5 45.1 40.2

Table 2. Evaluation of a scaled-up version of our segmenter
on the ViPEntitySeg benchmark. This model is not used in any
main-paper experiments; it serves only as an isolated study of seg-
mentation quality under increased capacity.



4. Training Details for TrajViT2
For all TrajViT2 experiments and baseline models, we op-
timize using the AdamW optimizer [7] with a base learning
rate of 10−4, weight decay of 10−2, and mixed-precision
training. We use a cosine annealing schedule with a linear
warm-up of one epoch. The contrastive batch size is 128
for video clips and 1024 for images. All models are trained
for 20 epochs using 8 NVIDIA A100 GPUs. During train-
ing, we apply standard video augmentation including ran-
dom ColorJitter, Grayscale, Gaussian blur, horizontal flip,
and resized cropping. At evaluation, we use only a sin-
gle resizing operation for consistency. All models adopt a
ViT-Large transformer and operate on 224-resolution inputs
with 16 uniformly sampled frames.

5. Training Details for TrajAdapter
For all TrajAdapter experiments, we follow the standard
protocol for probing pretrained video encoders. We use
the AdamW optimizer with a learning rate of 1 × 10−4

and weight decay of 0.5. The pretrained backbone is kept
frozen, while the trajectory encoder and probing head are
updated. Before classification, video features are layer-
normalized. We train with a batch size of 128 for 10 epochs.
This configuration is used for all TrajAdapter experiments
on both Kinetics-400 and Something-Something-V2 prob-
ing tasks.

6. Training Details for TrajVLM
We provide more training details for TrajVLM in this sec-
tion.
Data sources. As discussed in the main paper, Tra-
jVLM is trained using a two-stage procedure. For the
pretraining stage, we closely follow the Molmo training
paradigm [5] and use the same PixMo captioning split to
align visual representations with the language model. For
the instruction-tuning stage, we adopt the mixture of pub-
lic academic VideoQA datasets and synthetic QA pairs cu-
rated in Molmo-2 [4]. These datasets span a wide range
of reasoning skills—including temporal grounding, causal
inference, long-horizon understanding, and multi-step pro-
cedural reasoning—and are summarized in Table 3. In to-
tal, the mixture contains approximately 5 million training
examples.
Training hyperparameters. The training hyperparaemters
of the first stage follows Molmo [5]. We summarize the
training hyperparameters for the second stage at Table 4.
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Table 3. Datasets used for training TrajVLM under the “fi-
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VideoQA datasets, temporal reasoning datasets, and synthetic cap-
tioning/QA corpora.

Category Dataset Name(s) Notes / Source

Academic VideoQA
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intent qa Human intent reasoning
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countix oe Counting QA (open-ended)
camerabench qa Camera-motion VQA

Action / Activity QA

nextqa mc Next-QA multiple-choice
news video qa filtered News comprehension QA
how2qa How-to instructional QA
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social iq2 Social reasoning
sportsqa oe Sports QA (OE)
cinepile Movie understanding QA
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activitynet all qa ActivityNet QA/caption
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Internal / Synthetic VideoQA
vixmo syn video capqa v2 200K synthetic QA pairs
vixmo3 top level captions min 3 101K curated human captions
vixmo clip qa all CLIP-constructed QA corpus

Hyperparameter Value

Max video frames 128
Total training steps 10,000
Training stages Pretraining + Instruction tuning
Sequence length 8192
Global batch size 32
Device batch size 4
Number of GPUs 8×A100 (80GB)
Precision bfloat16 (AMP)
Optimizer AdamW
LLM learning rate 1× 10−5

ViT learning rate 5× 10−6

Connector learning rate 5× 10−6

Learning rate warmup 200 steps
LR schedule Multimodal cosine decay
Weight decay 0.0 (LLM / ViT / connector)
Adam momentum β1 = 0.9, β2 = 0.95
Adam ϵ 1× 10−6

Gradient clipping 1.0

Table 4. Key hyperparameters used for training TrajVLM.
Values reflect the shared configuration across all VLM experi-
ments.
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