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3 4 5 Avg.
& Aurora [1] 66.90  60.50 54.80  60.73
& ReVPT-7B [35] 68.55 55.65 6048  61.56

.. Visual Sketchpad [10] 7177 62.90 56.45 63.71

“ (GPT-5 Mini)

-+ GPT-5 Mini 62.10 53.23 41.49 52.42
2% GPT-5 Mini + P2 82.26 8790 74.19 81.45
% Gemini 2.5 Pro 66.13 55.65 45.16 55.65
2% Gemini 2.5 Pro + P2 7742 83.87 T71.77 T77.68
% InternVL3.5-2B 39.52 28.23 20.97 29.57
2% InternVL3.5-2B+P2 35.48 29.03 32.26 32.25
% InternVL3.5-4B 55.65 36.29 29.84 40.59
‘& InternVL3.5-4B+P2 72.58 70.97 66.13 69.89
% Qwen3VL-4B 55.65 46.77 38.71 47.04
% Qwen3VL-4B+P2 73.39 61.29 48.39 61.02

Table 4. HardBLINK Breakdown. We report accuracy (%) on
different sub-tasks in HardBLINK [1]: 3 point, 4 point and 5 point.
Each setting is increasingly difficult from the prior, wherein more
candidate points are presented to the MLLM.
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Figure 7. Average Tokens/Sample. Comparison of Visual Sketch-
pad (with GPT-5 Mini as LLM) and GPT-5 Mini with P? on average
token per sample across all six sub-tasks. P? incurs significantly
lower token cost.

7. Perception Program Details

In this section, we discuss additional details about Perception
Programs. Mainly, we provide samples of prompts for both
frontier and open-source MLLMs. We also detail in-context
(ICL) example that we use to query the open-source MLLMs.
Recall that frontier models, GPT-5 Mini and Gemini 2.5 Pro,
work as is and do not require any ICL examples. However,
for both Qwen3VL and InternVL3.5, we provide a single
in-context example as part of the system prompt, see Fig. 8

for an illustrative example for one question in multi-view
reasoning task.

Note that the P2 rationale as part of in-context sample
is taken from GPT-5 Thinking [15]. We prompt GPT-5
Thinking with the question and its P? and ask it to output a
short rationale on how it uses P? to compute the answer. We
include this obtained rationale as an in-context example for
open-source MLLMs. This procedure is similar for all the
tasks from the BLINK benchmark we consider in this work,
along with HardBLINK. Note that we do the same for raw
tool setting and provide exhaustive descriptions of the tool
in terms of how to use it to get to the answer, see Fig. 9.

An important distinction to note is for InternVL3.5 (both
2B and 4B variants), we also include additional instructions.
In all problems, we direct it to to not copy the in-context
example as is, along with some problem-specific orientations
and clarification. For multi-view reasoning, we mention that
clockwise and left are used interchangeably. For relative
depth, we explain that the comparison of which point is
closest is based on depth range and not coordinates. For se-
mantic correspondence, we reiterate to use similarity scores
and not the coordinates for comparison. In visual correspon-
dence we emphasize not to directly use euclidean distance
between coordinates in different images to conclude which
point corresponds to REF. However, these clarifications are
not necessary for Qwen3VL.

For closed-source frontier LLMs, such as GPT-5 Mini
and Gemini 2.5 Pro, we just query with the question along
with the tool or P? and do not provide any example. The
frontier LLMs are able to understand how to use P2 on their
own.

8. Additional Related Work

In this section, we give a non-comprehensive summary of
methods from the related work, expanding on some that
were briefly mentioned while also introducing additional
ones. We additionally note that several prior state-of-the-art
BLINK results were obtained by methods that do not rely on
tools, which we also include here.

8.1. Tool-Use through Program Synthesis

Methods in this category leverage program generation, typ-
ically Python, to structure the model’s reasoning process.
Instead of reasoning purely in natural language, these ap-
proaches produce executable code that coordinates external
vision modules to enable compositional and interpretable
visual reasoning.



Inage Pair System Prompt + Question

right. Answer: (8)</icl
Now use this information and solve the next question.

<question>The inages are frames from a video. The first inage is from the beginning
of the video and the second image is from the end. Is the camera moving left or
right when shooting the video? Select between A and B.</question>

<think>Got it, let's try to figure out the camera motion. The problem says the video is shooting a scene, and the camera is
moving clockwise (left) or counter-clockwise (right) around the object. The first image is the beginning, second is the end.
So we need to see the direction of motion. The perception program gives a grid of patches with their horizontal motion:
“left” or "right". The key is to find the global motion. The example in the problem said that if most patches are "right”,
then global motion is right. Looking at the perception program data: Let's count how many “left" and "right" there are.
Let's list all the r values: Looking at the items: The first 33 items (p 1 to 33) are mostly "left”. Then p 34: right, p3s:
right, p36: left, etc. Wait, let's count all 100 patches. Let's check each patch’s r. Wait, the grid is 10x16, so 100
patches. Let's count how many are "left” and "right". Let's go through each: p1-10: all left (16) p11-20: all left (18) p21-
36: all left (10) p31-33: left (3) p34: right (1) p3s: right (1) p36: left (1) p37-40: 4 lefts pal-d3: 3 lefts pad: right
(1) pas: right (1) pd6: right (1) pa7-50: 4 lefts ps1-53: 3 lefts psd: right (1) psS: right (1) pse-60: 5 Leteefperreckte
lefts p71-86: 10 lefts pg1-96: 10 lefts po1-100: 16 lefts. Wait, let's count the "right" ones: p34, p3s, pad, pds, pas, psd,
PS5, Let's check:psd: rAght (1) p35: Mght (2) pad: right (3) pAS: Mght (4) pdc: right (5) pSd: riERt (6) pSS right (7)
Are there any others? Let's check:p36 is left, p37-40 are left. pd7-50: 4 lefts. pSe: left. ps7-60: 5 lefts. So the "right” |
patches are 7. The rest are lefts. -
The perception program's r is the patch's motion. The global motion is the majority direction. Since 93 out of 100 are =

Figure 8. Open-Source Prompt with P? ICL. We present a sample
prompt for open-source MLLMs (e.g., Qwen3VL and InternVL3.5).
We include a single in-context example describing the use of P2
Both Qwen3VL and InternVL3.5 reason with the given P? to com-
pute the correct answer (A) to the question.

* VisProg [9]: A neuro-symbolic approach in which the
model uses in-context learning to generate modular Python
programs that call vision models and image-processing
tools. Demonstrates strong performance in compositional
VQA, reasoning over image pairs, object tagging, and
language-guided image editing.

* ViperGPT [19]: Reduces the burden on large MLLMs
by equipping GPT-based models with an API of callable
vision-related subroutines. The model generates Python
programs executed on images or video, improving visual
grounding and compositional question answering, includ-
ing cases requiring external knowledge.

e Thyme [33]: Enhances logical reasoning by enabling mod-
els to perform image-level manipulations such as cropping,
rotation, and contrast adjustment. Trained via a two-stage
pipeline combining supervised fine-tuning and GRPO with
adaptive temperature sampling.

* MMFactory [4]: Addresses deployment challenges such
as performance constraints and computational limits. Pro-
poses a model that composes programmatic solutions from
a tool repository while also suggesting metrics and bench-
marks, taking user illiteracy into account to improve real-
world usability.

8.2. Tool-Use through Chain-of-Thought

These methods integrate tool usage directly into the reason-
ing trajectory of the model, often allowing the system to
call vision specialists or perform visual operations as part of
its intermediate reasoning steps rather than through offline
program synthesis.

* LATTE [14]: Introduces 8B vision-language models
trained to incorporate outputs from multiple vision special-
ists as part of a think—act—observe reasoning loop. Sup-
ports tasks including object recognition, depth estimation,
text extraction, and mathematical operations.

¢ VisualSketchpad [10]: A hybrid method that integrates

code generation and tool usage into chain-of-thought rea-
soning. Inspired by sketch-based human problem solving
and implemented on a GPT backbone.

* VigoRL [17]: Highlights the gap between the success
of RL in math/coding and its limited impact on visually
grounded tasks. Proposes grounding reasoning steps in
image regions and enabling zoom operations to focus on
visually relevant details.

* ReVPT [35]: Uses a GRPO-based RL framework to train
multimodal LLMs to reason with visual tools such as de-
tection, zooming, edge analysis, and depth estimation.
Shows notable improvements on perception-heavy bench-
marks (e.g., KV-Bench, BLINK, MMVP, MMStar), with
particularly strong gains for 2B-scale models.

* Visual Perception Token [30]: Trains models to emit tool-
calling tokens that enable selective invocation of external
visual modules. Provides tools for region selection-then-
zooming and for supplying enriched vision tokens from
an auxiliary vision tower.

8.3. Other Prominent Methods

This group includes methods that achieve strong results in
multimodal reasoning without relying primarily on explicit
tool calls. Many provide alternative training paradigms or
new datasets that improve perception or reasoning capabili-
ties.

e TULIP [21]: Based on Llama-3.2-11B, this method ad-
dresses limitations of CLIP/SigLIP in detailed visual in-
terpretation. Introduces contrastive and reconstruction ob-
jectives and provides a drop-in replacement vision tower,
yielding improved BLINK performance.

* PerceptionLM [2]: Promotes transparency by avoiding
reliance on closed-source vision model annotations. Con-
structs a fully open perception-language model (§B LLM
+ vision tower) that achieves strong BLINK performance
without using tools.

e Zebra-CoT [11]: Tackles the scarcity of high-quality
sketch/diagram reasoning data by releasing a new in-
terleaved image—text dataset and training the Anole-7B
model on it. Instead of using external tools, the model
directly generates auxiliary images.

* OVR [27]: Argues that prior RL approaches under-scale
cognitive behavior training. Proposes a large two-stage
RL paradigm achieving strong gains in mathematical rea-
soning and BLINK tasks.

All of the methods discussed above combine to form a
wide-range of baselines we compare our proposed P? to
in Tables 1 and 2; also refer to Sec. 4.

9. Additional Experimental Details

In Sec. 5.1 we discussed the quality of visual interpretation
of current MLLMs. We expand the discussion on on vi-
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“&S : Justification: The optical-flow map shows global rightward motion (positive u), so

the camera moved to the right.
Answer: (B)</icl>
yow use this information and solve the next question.<question>...</question>

y
<system>...</system>

<icl>You're given two frames from a static scene and an optical flow map between
them. Decide the global camera motion: (A) left (B) right

Interpret horizontal motion from the flow: rightward (positive u) vs leftward
(negative u). You may infer direction from the color-wheel (e.g., warm hues often
indicate rightward, cool hues leftward. One example of how to use the optical flow
to solve the problem is given below.

Images: (beginning frame, end frame, flow)
Wit Flow: dominated by warm hues (red/orange/yellow) across the scene, indicating
positive horizontal flow (rightward).

'<think>So, let's try to figure this out. The problem is about determining the global camera motion direction based on the optical flow between the two |
images. The key is to look at the color-wheel in the optical flow map. Warm hues (like red, orange, yellow) usually indicate rightward motion
(positive u), and cool hues (like blue, purple) indicate leftward motion (negative u). First, let's recall the example given: if the optical flow is
dominated by warm hues, it's rightward (so answer B). The optical flow image has a mix, but let's focus on the direction. Wait, the optical flow
between the two frames (image 1 and image 2) shows the movement. The two images are the beginning and end. So we need to see the direction of motion.
Let's imagine the first image (image 1) and second image (image 2). The optical flow map's color indicates the direction. Wait, in the optical flow,
positive u is rightward. So if the flow is mostly warm (red/orange), it's right. Let's check the provided optical flow image. The optical flow is a
color map where each color represents the direction. The optical flow image here: there's a sort of blueish hue? Wait, no, the description says
optical flow is given as an image. Let's think about standard color wheels: red is right, blue is left...Let's assume the optical flow color wheel:
red is right, blue is left. If the optical flow is mostly red, then right. Wait, in the provided optical flow image (the third image), the main part
(the area where the flow is) might have a color. Let's look: the optical flow has a light color (maybe orange or red) in the center, and blue around.
Wait, but maybe the direction is right. Wait, the problem says the camera is moving clockwise (left) or counter-clockwise (right). Wait, no: the
problem says the camera is either moving clockwise (left) or counter-clockwise (right) around the object. Wait, no: the options are (A) left, (B)
right...Wait, the optical flow image given here (the third image in the problem) is a color map. Let's look at it: the background is blue, and there's
a central region that is lighter (maybe orange or yellow). Wait, the central part is a light color, which might be warm. So if the flow is warm,
that's right (B). Alternatively, maybe the direction can be inferred by the overall mean horizontal flow. If the majority of the flow vectors are
pointing right, then positive u, rightward. Another approach: look at the position of the objects. In image 1, the cup is on the box. In image 2, the
cup's position: but maybe the camera is moving. Wait, the optical flow shows the movement between the frames. Let's see: the optical flow image. If
the flow vectors are pointing right (positive u), then the camera moved right (B). Wait, in the example, warm hues mean right. So if the optical f]
in the problem is dominated by warm hues (red/orange), then it's right (B). Let's assume that's the case here. Wait, but maybe the optical flow im
in the problem is not the standard. Let's look at the provided optical flow image. The image shows a blue gradient with a lighter (orange) area in

._center. Therefore, the flow is positive (right), so the camera moved right (B).</think><answer>(B)</answer>

Figure 9. Open-Source Prompt with Tool ICL. We present a sample prompt for open-source MLLMs (e.g., Qwen3VL and InternVL3.5).
We include a single in-context example describing the use of optical flow as tool output. Note how the example clearly illustrates that blue
hues indicate left while warm hues indicate right motion, the MLLM (Qwen3VL in this example) concludes the same that flow is dominated
by blue hues, yet gives the wrong answer (B). Note that MLLM also uses a lot more tokens than its P? counterpart (exhausting almost the
entire 8192 token budget), we use . .. for brevity purposes in this illustrative figure.

sual correspondence task and describe the two baselines we
included, namely Naive and Oracle, also see Fig. 6.

9.1. Additional Details on Visual Correspondence

When evaluating the reconstructed P2 results, we considered
the naive Euclidean and oracle baselines. We describe their
setup as follows.

Naive. It receives ground-truth coordinates correspond-
ing to the BLINK alternatives: REF in the reference image
and A, B, C, D, E in the target image. It simply gives the
answer as the point whose coordinate is closest to REF in
the normalized coordinate space. This method completely
disregards the visual content of the image and is therefore
unsuitable to solve the task of visual correspondence. Its
performance of 85% indicates that most pairs of images in-
deed have low camera movement, which we later confirm in
Sec. 9.2.

Oracle. An implementation of correct usage of the P?
to navigate through correspondences is what we term as an
oracle. Concretely, we first store the reference (REF) point
coordinates. We then scan the correspondence P? to find
all the candidate points and read their ‘c’ coordinates. For
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Figure 10. Correspondence Distribution. Illustration of distribu-
tion of correspondence markers in the visual correspondence task
from BLINK validation set.

each candidate, we compute its Euclidean distance to the
reference point and select the neighbor with the smallest
distance. We then take this neighbor’s ‘r’ coordinate as the
mapped position in the second image. Finally, we compare
this mapped location with the coordinates of alternatives
A, B, C, D, E, and choose the point whose coordinates are
closest in Euclidean distance as the correspondence of the
original reference point.



9.2. Distribution of Displacements

We here plot the distribution of visual correspondences in the
BLINK validation set. The left pane illustrates the histogram
and density of LoFTR [18] displacements across the whole
dataset as a percentage of the diagonal. To give the reader
a rough visual reference of the displacement ranges, we
illustrate regions closer than 5% (blue) and 20% (green) of
the diagonal, considering the normalized coordinate space.
Colors between panes correspond to matching regions. We
can see that the majority of displacements are closer than
5% of image diagonal, further evidencing the fact that this
dataset is biased towards low displacement between images.

9.3. Breakdown on HardBLINK

In Tab. 4, we present results on each sub-task, 3-, 4-, and
5-point, in HardBLINK benchmark introduced in Bigverdi
et al. [1] to complement the results presented in Tab. | (the
HardBLINK performance reported there is the average of
these sub-tasks).

Across all three HardBLINK settings, we observe a con-
sistent trend: performance drops as the number of candi-
date points increases, but P? substantially narrows this gap.
Specialized baselines such as Aurora [1], ReVPT [35], and
Visual Sketchpad (GPT-5 Mini) [10] achieve average accura-
cies between 60.73% and 63.71%, with modest degradation
from 3-point to 5-point tasks. In contrast, raw MLLMs
struggle more severely as difficulty increases, i.e., GPT-5
Mini falls from 62.10% on 3-point to 41.49% on 5-point
sub-task. Both GPT-5 Mini and Gemini 2.5 Pro immensely
benefit from P2, and even the smaller InternVL3.5-4B and
Qwen3VL-4B observe +29.30% and +13.98% increase.

Overall, P2 not only lifts all base models, but is particu-
larly effective in the more challenging 4- and 5-point regimes,
where raw MLLMs otherwise collapse.

10. LLM Usage Statement

In this manuscript, we used several MLLMs as part of our
experimental setup and we have described the necessary
details in Secs. 4 and 7. Other than that, we also used
LLMs (ChatGPT) to help with refining the manuscript
in terms of fixing grammatical errors in writing and with
plotting codes for various figures. The authors did not
use any LLM in any part of ideation, experimental design,
analysis of results, and implementation of core methodology.
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