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Abstract. Grounding has become a fundamental capability of vision-
language models (VLMs). Most existing VLMs point by generating coor-
dinates as part of their text output, which requires learning a complicated
coordinate system and results in a high token count. Instead, we pro-
pose a more intuitive pointing mechanism that directly selects the visual
tokens that contain the target concept. Our model generates a special
pointing token that cross-attends to the input image or video tokens and
selects the appropriate one. To make this model more fine-grained, we fol-
low these pointing tokens with an additional special token that selects a
fine-grained subpatch within the initially selected region, and then a third
token that specifies a location within that subpatch. We further show
that performance improves by generating points sequentially in a consis-
tent order, encoding the relative position of the previously selected point,
and including a special no-more-points class when selecting visual to-
kens. Using this method, we set a new state-of-the-art on image pointing
(70.7% on PointBench), set a new state-of-the-art for fully open models
on GUI pointing (61.1% on ScreenSpotPro), substantially improve VLM
video tracking (62.5 on J&F vs 56.7 for Molmo2 on Molmo2Track), and
improve video pointing (59.1% human preference win rate vs. Molmo2).
We additionally show that our method significantly improves learning
efficiency and discuss the qualitative differences that emerge with this
design change. Our model weights, new datasets, and source code are
available at https://allenai.org/blog/molmopoint.
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1 Introduction

Grounding through pointing is a key capability for vision-language models (VLMs).
Pointing has direct applications to robotics, where points have been shown to be
an effective way for VLMs to build plans for grasping or navigation [37, 66, 86].
Computer user agents have increasingly used pointing to determine how to in-
teract with graphical user interfaces (GUIs) [58, 69, 74, 100]. Pointing can also
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Fig. 1: MolmoPoint. To point, our model scores coarse-grained image patches using
the LLM’s hidden states, then scores finer-grained subpatches using the ViT patch
features, and finally selects a point within the highest-scoring subpatch.

be used with chain-of-thought to improve performance on tasks like count-
ing [19,22], and it can be used to refer back to visual input when communicating
with users to provide clearer and more interpretable responses.

VLMs typically point in one of two ways: by directly generating text coordi-
nates [22,28,83], or by generating special tokens that correspond to discretized
coordinate bins [14,45]. Instead, as shown in Figure 1, we propose to use ground-
ing tokens that directly select visual tokens from the input video or image.

To predict a point, the model emits three special grounding tokens, <PATCH>,
<SUBPATCH>, and <LOCATION>, that generate a point in a coarse-to-fine manner.
The <PATCH> token is used to select a coarse-grained patch in the input image
(or video) by attending to the hidden states of the LLM’s visual tokens. The
<SUBPATCH> token selects a subpatch within that patch by attending to the
ViT features of finer-grained patches within that patch. Finally, the <LOCATION>
token selects a point within the subpatch. When used as input, the <PATCH>
token and <SUBPATCH> token use embeddings derived from the selected patch
and subpatch. This allows the model to carry forward location information as it
generates future tokens.

To give the model additional awareness of what it has already pointed to, we
apply rotary embeddings (RoPE) [64] when selecting a patch to encode how far
candidate patches are from the patch selected by the previous <PATCH> token.
This encoding makes it easier for the model to generate consistent, ordered
points and avoid double-pointing. We also allow <PATCH> tokens to emit a no-
more-points class instead of selecting a token to indicate that the model should
stop pointing. We show that this prevents degenerate behavior where the model
generates an excessive number of points.

Our approach has several practical advantages. First, the model no longer
needs to learn or memorize a coordinate system, which we show makes learn-
ing faster and improves generalization across image resolutions unseen during
training. Second, it reduces the number of output tokens required to represent
each point, lowering the decoding cost and improving inference latency. Third,
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it more tightly couples visual recognition and pointing: if the model has already
encoded an object, action, or part in the hidden state of a visual token, it be-
comes trivial to point to that content by generating a query vector that matches
its embedding. We show that this leads to stronger pointing performance and
shows signs of improving transfer to tasks beyond grounding.

To explore this approach, we train three models: (1) MolmoPoint-8B:
a general-purpose image and video VLM following the Molmo2 pipeline, (2)
MolmoPoint-Img-8B: a model specialized for GUI pointing, and (3) MolmoPoint-
Vid-4B: a lighter-weight model specialized for video pointing. To train MolmoPoint-
Img-8B, we construct MolmoPoint-PointSyn, a new synthetic dataset of high-
resolution GUI grounding examples by extending the code-guided data gener-
ation method of CoSyn [89]. To improve tracking in MolmoPoint-8B, we also
contribute MolmoPoint-Track, a dataset of human-annotated and synthetic
tracks for broader object and scene coverage.

We evaluate these models across many pointing tasks. For natural images,
MolmoPoint-8B sets a new SoTA on PointBench [16] and PixMo-Points [22],
beating the previous methods by 2 points and 4 points, respectively. For GUI
pointing, we find MolmoPoint-Img-8B achieves over 5 points better on ScreenSpot-
Pro [38] and 4 points better on OSWorldG [80] compared to a baseline using text
coordinates, and is SOTA among models of a similar size that have open data. For
video pointing, MolmoPoint-8B shows a several-point gain on counting metrics
and better human preference scores compared to Molmo2, despite being trained
on the same data, and MolmoPoint-Vid-4B further improves these metrics. For
video tracking, MolmoPoint-8B reaches 62.5 on J&F vs 56.7 for Molmo2 and
shows large gains from both our new data and model design. We also show that
our approach improves training and sample efficiency and has notable qualita-
tive effects on the pointing behavior. Our models, code, and data are available
at https://allenai.org/blog/molmopoint.

2 Related Work

Generating Coordinates. Generating text coordinates or discrete tokens for
grounding is an old approach for VLMs [14, 45, 46, 71]. Large-scale pointing
datasets such as PixMo-Points [22] have allowed VLMs to handle pointing across
a wide range of objects and images [22], and many recent VLMs have adopted
this capability [8,28,44,73,83,93]. MolmoPoint-8B shows that using grounding
tokens can provide a stronger and more efficient way to learn this skill.

GUI Grounding. Pointing for GUIs has gained interest due to its use for
computer-use agents [42,74,76]. Existing methods often try to improve perfor-
mance by enhancing data generation [15,24,58,81] or by using reinforcement
learning [67, 69, 94, 100]. Other works have improved GUI grounding through
agentic, multi-step strategies such as zooming in and cropping the input screen-
shot [96,100], although this comes at the expense of higher compute costs. Our
work shows that improving the point representation can also significantly en-
hance GUI grounding.



4 C. Clark et al.

K, ® o
KP ® QP
RoPE RoPE
linear linear linear linear linear
eoe *** <PATCH> <SUBPATCH> <LOCATION>
VLM
.o .o
image question
pooled
ViT
U

Fig. 2: Pointing with grounding tokens. Keys are built from image tokens and ViT
patch features, and queries are built from the <PATCH> token and <SUBPATCH> token
hidden states, to score patches and subpatches. The <LOCATION> token predicts the
final output points within the highest scoring subpatch.

GUI Grounding Datasets. Existing GUI grounding datasets have been built
both purely synthetically [29,29, 77,89, 90] and with humans [11, 24, 32]. Our
MolmoPoint-PointSyn differs in that it focuses on high-resolution images with
greater diversity across domains, resolutions, and aspect ratios.

Video Grounding. Open-vocabulary video grounding is still generally done by
specialized models [2,7,41,82], with only a few VLMs supporting this capabil-
ity [19,28]. We believe that grounding should not be limited to images, which is
partly why we build on top of the Molmo2 models that support video pointing.
Our results suggest that token referencing can help in this domain as well.

Grounding Tokens. Grounding tokens have been used for tasks such as im-
age segmentation [7,8,35,59] or depth estimation [9,36]. These methods typi-
cally require a pre-trained decoding model, whereas our method only uses a few
lightweight projectors.

More similar to our work, PaDT [65] builds embeddings from the hidden
states of the visual tokens and adds them to the output vocabulary so they
can be directly selected. However, their approach still uses a separate decoder
instead of our coarse-to-fine approach, and is not applied to GUIs and videos.

GUI-Actor [76] also allows cross-attention between a special <ACTOR> token
and visual patches; however, it does not add refinement stages to allow high-
precision pointing and only applies their methods to GUIs and single points.

3 Method

Our approach trains the model to point by directly selecting which visual to-
ken contains the target object and then refining that location by generating
additional tokens. We describe it in more detail below.
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3.1 Patch Selection

First, we add a special <PATCH> token to the model’s vocabulary. When this
token is generated, a query vector is built from its hidden state:

qp = WpeNorm(hy)

Here W, is a learned parameter with shape M x D, hy, is the hidden state
of the <PATCH> token with shape D x 1, Norm is a layer norm layer, D is the
model’s hidden size, and M is a hyper-parameter. We also generate key vectors
for each <IMAGE> token that embeds visual input as:

K, = WyNorm(H,)

where Wy, is another learned parameter with shape M x D, H; are the hidden
states of the <IMAGE> tokens with shape D x I, and [ is the number of image
tokens. Finally, we score each image token as

Sp = K;—qp/\/M

The score vector s, has shape I x 1. During training, we compute the loss of
this selection process as:

L, = cross_entropy(softmax(s,), t,)

where ¢, is the ground truth target token. L,, is added directly to the token-level
loss from the LLM before that loss is averaged by the number of tokens.

During inference, we select the highest scoring token p* = argmax(s,). Dur-
ing training, we instead use p* = ¢,. Then, when <PATCH> token is an input, we
add the input embedding of the <IMAGE> token that was selected to its embed-
ding: ¢, + E;[:, p*], where E; are input embeddings of the <IMAGE> tokens. This
is important so the model is aware of which token it pointed to.

During training, we sort ground truth points so that the <IMAGE> tokens
the <PATCH> tokens select are ordered based on where they appear in the input
sequence. We mask out <IMAGE> tokens that come before previously selected
<IMAGE> tokens during both training and inference to enforce this pattern.

3.2 Location Refinement

In most VLMs, image tokens are constructed by pooling multiple patches from
the underlying ViT. For example, in Molmo2 models, each <IMAGE> token is
built from 4 ViT patches that each cover 14x14 pixels, so it represents a 28x28
pixel area. To get a more fine-grained location, our model emits a <SUBPATCH>
token that selects one of the ViT patches that were pooled to build p*, also using
dot-product scoring. The hidden state of the <SUBPATCH> token h, is projected
to create a query vector ¢s, and key vectors K, are built by projecting the ViT
features for the subpatches Uy, where U, is a T' x K matrix, K is the number of
subpatches, and T is the dimensionality of the ViT.
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We similarly use the ground-truth subpatch location to compute a loss Ly
for this component during training and select a subpatch index s*. When a
<SUBPATCH> token is used as input, its embedding is built from the hidden state
of the selected ViT patch: g5+ W Usl:, s*] where W, with shape D x T projects
the ViT patch feature to the LLM’s dimension. Adding this embedding indicates
to the LLM which subpatch was selected and gives the model access to the
unpooled features of the selected patch, which we find important when trying to
further refine the location.

This gives us a 14x14 resolution, which can still be too coarse-grained. To
produce a precise point, we emit a final <LOCATION> token. The hidden state of
the <LOCATION> token is used to predict one of 9 locations within the subpatch
(arranged in a 3x3 grid) using a single linear layer. With 14x14 ViT patches, this
results in a precision of about 4.7 pixels. Unlike pointing with text coordinates,
this method maintains a 4-pixel resolution regardless of input size, potentially
enabling fine-grained pointing even with ultra-HD images.

3.3 Rotary Embedding

We add rotary embeddings to better encode how <IMAGE> tokens are positioned
relative to the previously selected <PATCH> token. This is important to help the
model follow the sorted order of points or to track what frames the previous
points were generated for when doing video pointing. This is implemented by
rotating the <PATCH> token key and query vectors:

Sp = ROt(Kpapi)TROt(QPqu)/V M

Where p; contains the <IMAGE> token position [0,1,2, ..., I] and p, is the image
position selected by the previous <PATCH> token if there is one, or 0.

3.4 No-More-Points Class

One issue with this approach is that if the model chooses to generate a <PATCH>
token, it is forced to select a point, even if none of the scores in s, are high.
We observe that this can sometimes lead to degenerate output, where the model
generates an excessive number of points. To solve this, we add a special no-more-
points class with a fixed key embedding that the <PATCH> token can attend to,
meaning we have:

K, = [WprNorm(h;); haone]

Where hgone is a learned M x 1 vector. We use a position of 0 for Agyne when
applying rotary embeddings. If the no-more-points class is selected, the model
is prevented from generating a <SUBPATCH> token and stops pointing.

4 Training and Inference

We train three models using this proposed method. We present high-level details
of how they are trained but leave the specifics to the appendix.
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4.1 Implementation

During pre-processing, we map input points to the corresponding target <IMAGE>
token index, ViT patch index, and location index, and use those triples as ad-
ditional input to the model. Our text input for points follows the Molmo2 [19]
format, but replaces the string coordinates with the grounding tokens, including
an additional <PATCH> token at the end of each list of points that is assigned
the no-more-points class. This reduces the number of tokens per coordinate from
8 (6 digits and 2 spaces) to 3. For video, we also remove the text timestamps
used by Molmo2 since they can be recovered based on which <IMAGE> token was
selected, further reducing the token count.

As with Molmo2, we also give an integer object ID for each point, but place
it after the coordinates instead of before. Following Molmo2, we use a separate
learning rate and gradient norm for the new pointing parameters. In general, we
set the learning rate to match that used for the image-text connector parameters.
We set M = 512 for all experiments. In all training runs, we use packing and
message-trees to support training on multiple examples per sequence [19].

4.2 Inference

During inference, we cache the keys of the image tokens and ViT patches during
prefilling. This adds additional memory overhead, but the low-dimensionality
of the keys means this uses roughly the same memory as the cached keys and
values for 1-2 LLM layers, and it is only required for the image tokens.

We constrain the model to generate a <SUBPATCH> token and <LOCATION>
token after each <PATCH> token, and to only select <IMAGE> tokens that are the
same, or after, any <IMAGE> token it has already selected in the input sequence, so
output points are ordered correctly. We also prevent the model from generating
multiple points with the same <IMAGE> token and ViT subpatch since we observe
that this is almost always a case of the model pointing to the same thing twice.
If the model selects the no-more-points class, we constrain the model to generate
the "> token, which ends a list of points in the Molmo2 pointing format.

To convert the selected patches back into coordinates, we retain a map of
token id — coordinates for every ViT patch during pre-processing and combine
it with the location predictions to get the output point.

4.3 Models

MolmoPoint-8B. We conduct a full end-to-end training run following the
pipeline of Molmo2-8B. To improve tracking, we also incorporate MolmoPoint-
Track, a new dataset of human-annotated and synthetic tracks (see below). We
also slightly adjust the training mixture to better exploit the improved learning
efficiency of the pointing data, and make minor adjustments to training setup
to better utilize the hardware we have available (see the appendix for details).
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Fig. 3: Generating MolmoPoint-PointSyn. We prompt an LLM to generate the
HTML for the screenshot and extract all bounding boxes of its Ul elements. Then we
use LLMs to annotate each bounding box with its interaction intents.

MolmoPoint-Img-8B. The image pointing data in the Molmo2 mixture does
not contain many instructional/GUI examples. To train a model better opti-
mized for this task, we build MolmoPoint-PointSyn, a synthetic GUI instruc-
tional dataset (see below for details), and fine-tune on it for 2000 steps with a
batch size of 128 while increasing the image resolution to 48 crops per image.
MolmoPoint-Vid-4B. As in Molmo2, we find specialized models on video
grounding can outperform generalist models. We therefore train a specialized
video grounding model by training a 4B version of MolmoPoint with the same
pre-training stage, but only fine-tuned on video-grounding data.

4.4 MolmoPoint-PointSyn

As shown in Figure 3, we extend the code-guided synthetic data generation
framework (CoSyn) [89] to screenshot generation, in which we prompt the lan-
guage model to generate HTML code that mimics digital environments for web,
desktop, and mobile. Given access to the underlying HTML code in each screen-
shot, we use the Playwright library with custom JavaScript to automatically
extract bounding boxes for all elements in the screenshot. We then feed the
bounding box information to the language model to generate 5 pointing instruc-
tions per element that a user may ask when interacting with it. In total, we
synthesize 36K screenshots, with 2M densely annotated points and over 10M
pointing instructions. Qualitative examples are in Figure 8 in the appendix.

4.5 MolmoPoint-Track

We contribute MolmoPoint-Track, consisting of (1) MolmoPoint-TrackAny,
human-annotated tracks on videos with diverse objects and (2) MolmoPoint-
TrackSyn, synthetic tracks with diverse motion and occlusion patterns. For
MolmoPoint-TrackAny, we extend Molmo2-VideoPoint annotations into full tracks
via human annotation (Figure 4). For MolmoPoint-TrackSyn, we generate multi-
object tracking videos in Blender with complex occlusion and motion dynamics,
paired with automatically generated referring queries (Figure 7). See Appendix I
for details and qualitative examples.
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Fig. 4: MolmoPoint-TrackAny. Annotators are given a text query and an object of
interest, and provide point tracks on frames where the object is visible.

Table 1: PixMo-Points results. Table 2: Point-Bench results. Scores

MolmoPoint-8B is SoTA. We collect are from the Point-Bench leaderboard or

results for GPT5.2, Gemini3, and Qwen3 [87].

ourselves.
Model Avg
Model R P Fi API call only
API call only Gemini-Robotics-ER-1.5 [1] 67.1
GPT-5.2 [56] 31.0 32.9 31.6 Gemini-2.5-Pro [20] 62.8
Gemini3-Pro [28] 77.3 81.3 77.8 Open weights
Open weights Poivre-7B [87] 67.5
Qwen3-VL-8B [83] 54.3 53.5 53.4 Qwen3VL [83] 58.5
Qwen3-VL-4B [83] 45.1 44.2 43.7 Qwen3-VL-235B [33] 58.3
Fully open Fully open
Molmo-7B-D [22] 76.4 76.2 75.7 VisionReasoner-7B [44] 64.7
Molmo-72B [22] 74.9 74.9 74.5 Molmo-7B-D [22] 61.6
Molmo2-4B [19]  83.3 85.1 83.4 Molmo-72B [22] 63.8
Molmo2-8B [19]  85.5 86.4 85.2 Molmo2-4B [19] 67.7
- C
Y —— Molmo2-8B [19] 68.7
MolmoPoint-88  90.4 89.3 89.2 MolmoPoint
MolmoPoint-8B 70.7
5 Results

5.1 Image Pointing

We show results on natural image pointing in Table 15 and Table 1. MolmoPoint-
8B is state-of-the-art on PointBench [16], surpassing Molmo2 by almost 2 points,
including a 5 point gain in reasoning and spatial reasoning. On PixMo-Points [22]
MolmoPoint-8B surpasses Molmo2 by 4 points. Molmo2 and MolmoPoint-8B
used the same data and training procedure, so these results show that using
grounding tokens significantly boosts pointing capabilities on natural images.

5.2 GUI Pointing

We show results on ScreenSpot-V2 [38], ScreenSpot-Pro [38], and OSWorldG [80].
In addition to other models, we also compare to a baseline, Molmo2-GUI-8B,
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Table 3: GUI grounding results. 64crops denotes increasing the number of crops
to 64 during inference. Scores with * are from evaluations in [58,69].

Model ScreenSpot-V2 ScreenSpot-Pro OSWorldG
API call only

Claude 3.7 [3] 87.6 27.7 -
OpenAI CUA [55] 87.9 23.4 -
Gemini-3-Pro [28] 93.7 2.7 35.5
Open weights

Holo2-8B [21] 93.2 58.9 70.1
ULTARS 1.5-7B [58] 94.2 61.6 64.2*
UI-Venus-1.5-8B [69] 95.9 68.4 69.7
Qwen3-VL-8B [6] 92.1* 52.7* 57.5%
MAI-UI-8B [100] 95.2 65.8 60.1
Fully open

GUI-Actor [76] 90.9 41.8 -
JEDI-7B [81] 91.7 50.2 54.1
GroundCUA-TB [24] 89.3 50.2 67.2
OpenCUA-7B [74] 92.3 50.0 55.3
GTA1-7B [88] 92.4 50.1 60.1
Molmo2-8B [19] 89.5 30.4 54.1
Molmo2-GUI-8B 88.8 52.3 66.1
MolmoPoint

MolmoPoint-8B 89.8 36.4 54.9
MolmoPoint-8B (64crops) 89.8 39.4 56.5
MolmoPoint-Img-8B 93.4 60.2 70.0
MolmoPoint-Img-8B (64crops) 93.9 61.1 70.0

built by fine-tuning Molmo2-8B on the same data MolmoPoint-Img-8B was
trained on. The Molmo2 data mixture does not contain instruction-point pairs, so
MolmoPoint-8B sometimes does not point when given them as input. To fix this,
we use constrained decoding for both the Molmo2 models and MolmoPoint-8B
(but not MolmoPoint-Img-8B) to force the model to generate exactly one point.
We also show results when we increase the number of crops to 64 during infer-
ence. This breaks the ability of models with text coordinates to map patches to
coordinates (e.g., Molmo2-GUI-8B loses 30-60 points on high-res images, see the
appendix), therefore we do not use it for other models.

Results are shown in Table 3. Compared to Molmo2, MolmoPoint-8B shows
significant improvements on ScreenSpotPro and OSWorldG. Fine-tuning with
instruction-image data makes MolmoPoint-Img-8B SoTA among fully open mod-
els on all tasks. Open-weight models UI-Venus and MAI-UI show better results,
likely because both models utilize large-scale proprietary data collection efforts
as well as more elaborate training pipelines that include RL.

We observe a gap of 2 to 9 points between MolmoPoint-Img-8B and our
baseline, showing that our model design is critical for this high performance. We
hypothesize the 9-point on ScreenSpotPro comes from grounding tokens being
particularly important for high-resolution input.
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Table 4: Video counting and pointing results. MolmoPoint-8B scores highest
on BURST-VC and MolmoPoint-8B-VP and second highest on MolmoPoint-8B-VC’s
close accuracy, slightly behind Gemini 2.5 Pro. Best open model results are bold.

BURST VC (test) [5] Molmo2-VC Molmo2-VP

Model Acc. Close acc. Acc. Close acc. F1 Recall Precision
API call only

GPT-5 [56] 43.1 73.7 35.8 50.3 4.1 44 4.2
GPT-5 mini [56] 46.0 73.0 29.8 49.3 2.2 22 2.2
Gemini 3 Pro [28] 44.0 71.7 37.1 53.1 20.0 274 19.8
Gemini 2.5 Pro [20] 41.6 70.0 35.8 56.5 13.0 14.5 13.6
Gemini 2.5 Flash [20] 38.7 70.0 31.9 48.2 11.1 11.2 12.2
Claude Sonnet 4.5 [4] 42.4 72.6 27.2 45.1 3.5 3.7 4.3
Open weights

Qwen3-VL-4B [6] 38.9 4.7 25.3 44.3 0.0 0.0 0.0
Qwen3-VL-8B [6] 42.0 74.4 29.6 47.7 1.5 15 1.5
Fully open

Molmo2-4B 61.5 76.1 34.3 56.1 39.9 42.7 39.4
Molmo2-8B 60.8 75.0 35.5 53.3 38.4 39.3 38.7
Molmo2-O-7B 61.6 76.0 33.2 50.5 35.8 35.8 37.9
MolmoPoint

MolmoPoint-8B 61.6 76.9 35.6 54.6 36.2 35.7 37.8
MolmoPoint-Vid-4B  62.0 76.3 36.0 58.7 38.8 39.8 38.8

5.3 Video Pointing

We evaluate video pointing on BURST-VideoCount [5], Molmo2-VideoCount,
and Molmo2-VideoPoint [19]. For the counting datasets, we report accuracy
as well as close accuracy, which measures if the number of points is almost
correct (computed as |[pred — gt| < A, where A =1+ |0.05 x gt]). For Molmo2-
VideoPoint, we report F1, recall, and precision metrics when matching points to
ground-truth segmentation masks. Baseline numbers come from Molmo2 [19].
For MolmoPoint-8B, we see an improvement on both Burst-VC and Molmo2-
VC compared to Molmo2-8B, although we also see a drop in Molmo2-VP. To
get a more definitive result, we conduct a human preference evaluation using
predictions from both models on 470 video pointing queries (See appendix for
details). We find 152 ties, 130 wins for Molmo2, and 188 wins for MolmoPoint-
8B. Excluding ties, MolmoPoint-8B has a 59.1% win rate, showing humans prefer
MolmoPoint-8B’s output. MolmoPoint-Vid-4B sees a more consistent gain, in-
cluding a full 5 point gain on Molmo2-VC close, surpassing Gemini 3 Pro.

5.4 Tracking Results

We evaluate on several tracking benchmarks and report Jaccard and F-measure
(J&F) and HOTA [48] following Molmo2 [19]. Results are in Table 12, F1 and
per-category scores are in the appendix. MolmoPoint-8B shows substantial gains
over Molmo2-8B. We see especially large gains on MeViS valid-u (+1.4 J&F),
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Table 5: Tracking results. J&F evaluates segmentation masks generated using the
points with Sam2, and HOTA [48] rewards consistent ID associations.

MeViS [23] MeViS [23] Ref-YT-VOS [61] Ref-Davis [34] ReasonVOS [7] Molmo2Track

valid valid-u valid valid test overall
Model TJ&F J&F HOTA J&F HOTA J&F HOTA J&F HOTA J&F HOTA
API call only
GPT-5 [56] 23.4 26.5 14.0 309 184 25.2 11.6 24.7 10.7 ‘ 23.5 7.5
GPT-5 mini [.“v(i] 15.7 15.4 6.8 16.2 6.2 8.4 2.3 14.6 3.4 12.7 2.1
Gemini 3 Pro [28] 42.5 51.1 36.0 55.0 45.5 66.6 55.7 52.6 42.1 44.6 29.1
Gemini 2.5 Pro [2()] 40.7 52.8 35.0 45.1 40.5 45.6 56.6 44.0 424 47.9 27.8
Gemini 2.5 Flash [20] 27.6 31.8 199 36.0 30.0 31.6 30.0 26.5 21.0 36.2 19.8
Open weights only
Qwen3-VL-4B [33] 29.7 306 187 321 26.5 44.4 26.9 26.5 13.5 28.5 6.7
Qwen3-VL-8B [(\'2’)] 35.1 344 238 483 37.6 41.0 33.2 24.9 17.5 ) 28.7 16.5
Specialized open models
VideoLISA [7] 44.4 53.2 - 63.7 - 68.8 - 47.5 - 43.3 -
VideoGLaMM [59] 45.2 50.6 66.8 69.5 33.9 37.9
Sa2VA-8B [92] 46.9 57.0 - 70.7 - 75.2 - 55.5 - 46.9 -
Sa2VA-Qwen3-VL-4B [92] 36.7 57.1 68.1 76.0 50.0 46.7
Fully open
Molmo [22] + SAM 2 [60] 46.9 515 64.6 65.2 45.7 54.2
VideoMolmo-7B |[2] 53.9 57.0 - 67.3 - 72.5 - 51.1 - 51.3 -
Molmo2-4B 63.3 70.0 724 702 78.8 73.5 81.1 61.9 64.0 56.7 57.6
Molmo2-8B 62.3 708 726 70.2 773 72.7 78.7 65.8 68.6 56.2 57.5
Molmo2-O-7B 58.4 69.7 723 679 76.1 70.4 76.0 62.6 65.1 53.7 54.2
MolmoPoint

MolmoPoint-8B 63.5 72.2 73.8 705 80.5 73.6 82.2 64.7 67.0 ‘62.5 60.0

which has more multi-object tracking queries, and Molmo2Track (+6.3 J&F),
which focuses on diverse in-the-wild videos. One exception is ReasonVOS |[7],
which targets queries that require semantic reasoning rather than precise spatial
grounding, and therefore sees less benefit from grounding tokens.

Ablations show that removing grounding tokens leads to a drop of 4.6 F1
and 4.0 HOTA on Molmo2Track. Removing MolmoPoint-Track drops perfor-
mance on both metrics by 1 point overall and by 7 points in the miscellaneous
object category, showing it has significantly expanded the coverage of our train-
ing data. See the appendix for details.

5.5 MultiTask Results

To evaluate how well MolmoPoint-8B works as a general-purpose VLM, Table 6
reports average performance on 11 image benchmarks [8,22,30,33,47,51-53,63,
78,95], 3 multi-image benchmarks [26,54,70], 6 short-video benchmarks [31, 39,
43,57,62,79], and 7 long video benchmarks [25,49,50,72,75,101] following the
evaluation protocol Molmo2. Full details are in the appendix.

Overall, we see only small changes compared to Molmo2-8B: a small gain
on images, a small loss on multi-images and short videos, and no difference on
long videos. Since the data and training protocol are mostly unchanged between
the two models, better transfer from image pointing data to image tasks might
explain the gain in images. Some interference between grounding and QA might
likewise explain the drop in short videos. We do observe another sign of positive
transfer during pre-training, where captioning performance is slightly better for
MolmoPoint-8B after pre-training (55.9 vs 55.6 F1 on the Molmo captioning
metric [22]). However, in either case, the effect is small.



MolmoPoint 13

Table 6: Image and video QA results. Averaged results on the QA benchmarks
in [19], see the appendix for details. Some results were computed by [19].

Image Multi-Image Short Video Long Video

Model Avg. Avg. Avg. Avg.
API call only

GPT-5 [56] 83.7 72.1 73.1 76.3
GPT-5 mini [56] 81.9 68.2 66.8 69.8
Gemini 3 Pro [28] 86.2 81.9 71.0 78.8
Gemini 2.5 Pro [20] 81.3 72.4 71.1 80.4
Gemini 2.5 Flash [20] 79.3 68.3 67.0 74.5
Claude Sonnet 4.5 [4] 76.3 59.5 62.8 66.4
Open weights

InternVL3.5-4B [73] 7.2 53.5 62.0 56.5
InternVL3.5-8B [73] 78.2 54.9 63.0 57.1
Qwen3-VL-4B [6] 78.4 57.6 63.7 62.7
Qwen3-VL-8B [6] 81.2 56.3 65.3 63.5
Keye-VL-1.5-8B [85] 79.8 52.1 60.1 60.4
GLM-4.1V-9B [68] 77.0 67.4 64.2 60.5
MiniCPM-V-4.5-8B [91] 77.7 47.3 62.1 60.1
Eagle2.5-8B [13] 81.2 52.0 67.0 65.2
Fully open

PLM-3B [18] 75.9 40.6 66.3 53.5
PLM-8B [18] 78.7 35.7 68.5 56.2
LLaVA-Video-7B [98] - - 59.4 56.2
VideoChat-Flash-7B [40] - - 66.4 58.1
Molmo2-4B [19] 80.4 57.8 69.3 64.5
Molmo2-8B [19] 81.7 56.4 69.9 64.1
Molmo2-O-7B [19] 79.7 53.5 68.1 59.2
MolmoPoint

MolmoPoint-8B 82.2 56.0 69.5 64.2

Table 7: Ablations. Results when removing rotary embeddings, the no-more-points
class, or the constraint that the points must be generated in sorted order.

Model PixMoPoint PointBench Molmo2-VC
F1 Avg. Correct Close Overcount |
Molmo2-P-Ablation 85.2 67.8 58.0 36.6 3.6
w/o rotary 84.5 67.6 56.8  33.0 4.5
w /0 no-more-points 84.7 66.6 52.3 32.8 10.3
w /o point sorting 83.6 71.2 40.0 24.4 3.2

5.6 Modeling Ablations

Modeling ablations are shown in Table 7. Due to limited compute resources, we
do ablations with a lighter-weight training pipeline that starts from a pre-trained
captioning model (without any pointing capabilities) and then fine-tunes on the
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Fig. 5: Sample efficiency. Left: Performance when using a very limited number of
pointing training examples. Right: Pointing performance during full-scale pre-training.
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image and video pointing data from the Molmo2 data mixture. We train for
6000 steps with a batch size of 64. For video input, we observe that models can
produce degenerate outputs with an excessive number of points. To capture this,
we add an overcount metric, defined as how often predictions are > 10 points
and >= twice the number of ground truth points.

Removing rotary embeddings decreases performance a bit on images and has
a more significant effect on video. Removing the no-more-points token hurts
performance and more than doubles the amount of overcounting. Randomizing
the order of the points shows a significant drop for video, but a surprising gain on
PointBench. We hypothesize that this might improve performance by allowing
models to generate points in an “easiest point first" order [12], but more work
will be needed to take advantage of this without degrading video.

5.7 Sample Efficiency

Figure 5 (left) shows performance when fine-tuning a base captioning model on
a small number of pointing examples. Models were tuned for 6 epochs to ensure
they were fully saturated. MolmoPoint-8B initially performs worse, likely due
to needing to learn new parameters from scratch, but quickly improves to a 20
point gain when using 8192 examples (the full pointing dataset has close to half a
million examples). Figure 5 (right) shows MolmoPoint reaches peak performance
faster during pre-training. Both of these results show that grounding tokens make
pointing easier and more efficient to learn than text coordinates.

5.8 Qualitative results

Despite being trained on the same data, we observe significant qualitative differ-
ences between MolmoPoint-8B and Molmo2-8B. MolmoPoint-8B is less likely to
produce degenerate output on videos, is better at finding small objects, and is
more precise when pointing. However, it occasionally produces off-by-one errors
when counting high-frequency objects. See Figure 6 for qualitative examples.
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Point to the stamp ® MolmoPoint ® Molmo2

t=8s

[> Run All

zoomed zoomed

Point to the plates

Fig. 6: Qualitative examples. Molmo2 generates lines of incorrect points in multiple
video frames (top), is unable to localize the “x” exactly (middle), misses the second,
partly occluded saddle (bottom left), but doesn’t miss one of the plates (bottom right).
The middle row shows results from MolmoPoint-Img-8B and Molmo2-GUI-8B, and the
others show MolmoPoint-8B and Molmo2-8B.

6 Conclusion

We have shown that using grounding tokens significantly improves pointing
across multiple domains. Future work could extend this approach to pointing
to text tokens or audio tokens to enable pointing in additional modalities.
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