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Figure 1. Magma pretraining pipeline. For all training data, texts are tokenized into tokens, while images and videos from different
domains are encoded by a shared vision encoder. The resulted discrete and continuous tokens are then fed into a LLM to generate the
outputs in verbal, spatial and action types. Our proposed method reconcile the multimodal understanding and action prediction tasks.

A. Pretraining and Finetuning

Setting Pretraining Finetuning

Ul Image/Video  Real Robot
batch size 1024 32
base learning rate le-5 le-5 le-5 le-5
learning rate scheduler Constant Cosine Cosine Constant
training epochs 3 3 1 20
optimizer adamw adamw adamw adamw
Image Resolution 512 768 768 256
Number of Crops 4orl 4 4orl 1

Table 1. Experimental settings pretraining and finetuning of
Magma models. We maximally use either 32 Nvidia H100s or
64 AMD MI300 GPUs for all training jobs.

We illustrate the pretraining architecture in Fig. 1. It
comprises a vision encoder and a text tokenizer to encode
the visual and text inputs, respectively. We pretrain our
Magma model using a combination of natural images, in-
structional videos, UI navigation and robot manipulation
data. For all the model variants, we use the same train-
ing recipe as shown in Table 1. To handle different im-
age resolutions from different datasets, we also use a multi-
crop strategy to enable batch forward for a given minibatch,
though the ConvNext vision backbone can naturally sup-
port arbitrary resolutions. Specifically, for our pretraining,
we use 512 as the base image size, and resize an input im-
age maximally to 4 crops for UI and image pretraining data,
while use 1 crop for video and robotics data.

For downstream finetuning, we following common prac-
tice to tune the pretrained magma model as shown in Ta-

ble | right. As mentioned above, the vision encoder can be
effortlessly adapted to different image resolutions required
for different tasks.

B. Datasets
B.1. Pretraining Data

Due to space constraints, we briefly introduced the datasets
for our pretraining in Sec 4.1 of our main submission. To
ensure the reproducibility of our pretraining stage, we pro-
vide additional details of our pretraining data below.

B.1.1. UI Navigation

Our pretraining data related to Ul agent are sourced from
two datasets, SeeClick [7] and Vision2UI [15]. We further
process these source data by adding marks on screenshots
to provide grounded supervisions.

SeeClick. We generally follow the original procedure and
make the following modifications to associate with the Set
of Mark [46] strategy. For each webpage screenshot, multi-
ple (text, bounding_box) pairs are available. Therefore, we
directly overlay all the bounding boxes with corresponding
marks on the screenshot. For each mobile screenshot, only a
single (text, bounding_box) pair is available in the SeeClick
data. To enrich the pairs, we incorporate additional pairs
from the RICO dataset [9], and employ an OCR tool to ob-
tain text boxes. Finally, we display the enriched bounding
boxes along with their corresponding marks on the mobile
screenshot.

Vision2UI. We consider all bounding boxes whose “con-
tent” property is not null. To prevent the marks from over-
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Figure 2. Training samples in our Magma-PT-UL. It covers a wide range of action grounding and UI understanding tasks including: (a)
Given the bounding box or point coordinates as the query, assistant should return the natural language description or the content. (b) Given

the natural language or the exact content as the query, assistant should return the value of the bounding box coordinates..

(c) Given the

natural language as the query, assistant should return the value of the point coordinate. (d) Widget captioning. (e) Ul summarization.

Source Task Size
text_2_point 271K

. text_2_bbox 54K
SeeClick-Web point_2_text 54K
bbox_2_text 54K

text_2_point 274K

text_2_bbox 56K
UI summarization 48K
widget captioning 42K
980K
982K

SeeClick-Mobile

input_2_point

input_2_bbox
text_2_point
text_2_bbox
point_2_text
bbox_2_text

Mixed

Visison2UI

Magma-PT-UI (Ours) 2.8M

Table 2. Statistics of Ul related pretraining data.

whelming the main content of the webpage, we sample
bounding boxes with varying probabilities based on their
“type” property. Specifically, we assign a sampling weight
of 0.5 to boxes of type h1, h2, a, button, option, and
nav with 0.5, while other types are weighted at 0.1. Given
the high importance of input areas for interaction, we in-
clude boxes of type input directly without sampling for
mark plotting. After obtaining the elements of high in-
terest, we apply similar tasks as SeeClick [7] to produce
the instruction data, including (a) grounding task, which

involves two forms: predicting center point coordinates
(text_2_point) and predicting bounding box (text_2_bbox);
(b) generating text for elements, categorized into predicting
text based on the coordinates of center points (point_2_text)
or bounding boxes (bbox_2_text); and further introduce the
task of (C) locating input fields, including predicting center
point coordinates (input_2_point) and bounding box coordi-
nates (input_2_bbox) of the input fields.

Given a webpage, since the first two categories of
tasks are grounding or generating texts for the same
group of web elements, we further weight the four sub-
tasks, i.e., (text_2_point), (text_2_bbox), (point_2_text), and
(bbox_2_text) with [0.4, 0.4, 0.1, 0.1], and sample only one
of them to construct the pretraining data. Similarly, we sam-
ple one subtask from (input_2_point) and (input_2_bbox)
with equal probabilities. We merge the sampled subtasks
from the same webpage into one example to improve train-
ing efficiency. We denote the full pretraining data related to
UI by Magma-PT-UI, and list the sizes of individual subsets
in Table 2 and show a few examples in Fig. 2.

B.1.2. Instructional Videos

As mentioned in the main submission, we curate the super-
visions from human instructional videos to learn the agen-
tic capability for our model. To cover different scenarios,
we considered both 3rd point view videos and egocentric
videos. In particular, we start with Epic-Kitchen [8] video
data sets considering that their text annotations are rela-
tively high quality. Afterwards, we expand to Something-
Soomething v2 [34] to include more human-object interac-
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