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Abstract

The remarkable zero-shot capabilities of Large
Language Models (LLMs) have propelled natu-
ral language processing from task-specific mod-
els to unified, generalist foundation models.
This transformation emerged from simple prim-
itives: large, generative models trained on
web-scale data. Curiously, the same primi-
tives apply to today’s generative video models.
Could video models be on a trajectory towards
general-purpose vision understanding, much like
LLMs developed general-purpose language un-
derstanding? We demonstrate that Veo 3 can
solve a broad variety of tasks it wasn’t explicitly
trained for: segmenting objects, detecting edges,
editing images, understanding physical proper-
ties, recognizing object affordances, simulating
tool use, and more. These abilities to perceive,
model, and manipulate the visual world enable
early forms of visual reasoning like maze and
symmetry solving. Veo’s emergent zero-shot ca-
pabilities indicate that video models may be on a
path to becoming unified, generalist vision foun-
dation models. Project page with samples: http
s://video-zero—-shot.github.io

1. Introduction

We believe that video models will become unifying,
general-purpose foundation models for machine vision just
like large language models (LLMs) have become founda-
tion models for natural language processing (NLP). In the
last few years, NLP underwent a radical transformation:
from task-specific, bespoke models (e.g., one model for
translation, another one for question-answering) to LLMs
as unified foundation models. Here we ask: Do video mod-
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els develop general-purpose vision understanding, similar
to how LLMs developed general-purpose language under-
standing? We answer this question in the affirmative:

1. Analyzing 18,384 generated videos across 62 qualita-
tive and 7 quantitative tasks, we report that Veo 3 can
solve a wide range of tasks that it was neither trained
nor adapted for.

2. Based on its ability to perceive, model, and manip-
ulate the visual world, Veo 3 shows early forms of
“chain-of-frames (CoF)” visual reasoning like maze
and symmetry solving.

3. While task-specific bespoke models still outperform a
zero-shot video model, we observe a substantial and
consistent performance improvement from Veo 2 to
Veo 3, indicating a rapid advancement in the capabili-
ties of video models.

Tracking these emergent abilities (as we do via task-
specific verifiers) enables measuring key building blocks
that are essential for long-form video generation, such as
the ability to maintain a persistent state from the first to the
last frame, and the ability to translate complex prompts into
a step-by-step visual execution.

2. Methods

Approach and motivation Our method is simple: We
prompt Veo. This minimalist strategy is intentional, as
it mirrors the transformation of NLP from task-specific
fine-tuning or training to prompting a capable foundation
model (Wei et al., 2022; Zhou et al., 2022; Liu et al., 2023).
Here, we adopt the same philosophy to explore the capa-
bilities of Veo 3 as a general-purpose vision model. Fol-
lowing Bommasani et al. (2021, p. 3), a foundation model
is any model “trained on broad data (generally using self-
supervision at scale)” which can be adapted (here: via
prompting) “to a wide range of downstream tasks”.

Takeaway 1 In NLP, prompting replaced task-
specific training or adaptation for many tasks. A simi-
lar paradigm shift is on the horizon in machine vision,
facilitated by video models.
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Figure 1. Overview of Veo 3's zero-shot abilities We show Veo 3's success rate across 12 samples per task as a rough estimate of
model performance on 62 tasks across the vision stack. Tasks are described in App. B. Find videos on our project page.

Figure 2. Object extraction on an animal dataset. PromgT.he background changes to white [...] all animals line up in a row [...]"
Details & full prompt: App. C.2.

Video generation For each task, we query the publicly manipulation, we examine object extraction performance.
available Veo 2 or Veo 3 models via Google Cloud's Vertex Finally, we evaluateeasoningabilities through maze solv-
Al API. We prompt the model with an initial input image ing and visual symmetry solving.

(which the model uses as the rst frame) and a text mstruc—We evaluate performance separately fortiest frameand

o A e e Ve e s dglelat rameluer appictie)Best ramaepors e
D veo:3.0-generélte-preview and Veo 2 model ID be_st perf_ormance across any frame in the generated v_|deos.
veo-2.0-generate-001 This |n_d|cates the perfor_mz_ance ceiling, but the optimal

' frame is not known a priori. Therefore, we also report

Animated videos Videos can be viewed heréittps: performance on théast frameof each video, which may

/Ivideo-zero-shot.github.io underestimate a model's ability but has the practical ad-
vantage that the frame is predetermined. This distinction is

3. Results important because Veo tends to continue animating a scene

even after task completion, potentially reducing last frame
We start by measuring Veo's success rate across 62 diffeperformance. Where applicable, we use the state-of-the-
ent tasks through human raters in Fig. 1. The reader is erart image editing model Nano Banana (Google, 2025) as
couraged to visit the project page to view the corresponda reference. As a general trend, we observe a large per-
ing videos; see App. B for a detailed discussion. In a nutformance increase from Veo 2 to Veo 3, often matching or
shell, Veo 3 is able to solve a broad variety of image2videcexceeding Nano Banana's performance. Performance tends
tasks out-of-the box, without any task-speci ¢ training or to improve substantially frork = 1 tok = 10 attempts, in-
adaptation—simply via prompting (including, for instance, dicating that a good solution can be found in a reasonable
low-light enhancement, material optics, novel view synthe-number of tries. While image models are excellent zero-
sis, or visual graph traversal). Motivated by these resultsshot learners, too (Clark & Jaini, 2023; Jaini et al., 2023;
we then zoom in more closely to quantify performance ofBurgert et al., 2022; Khachatryan et al., 2023), video mod-
speci ¢ tasks through high-quality, task-speci ¢ automatic els are the more general framework because of their ability
veri ers. We consider different facets of visual understand-to process both temporal and spatial information.
ing: Forperception, we assess Veo on edge detection. For
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Original image Generated edge map Ground-truth edge
(Veo 3) map

Figure 3. Edge detection
on all 50 test images from
BIPEDv2 (Soria et al., 2020;
2023). We generate 10 videos
per sample and report best per-
formance ovek attempts as a
function of k. Prompt: “All
edges in this image become
more salient by transforming
into black outlines. Then, all
objects fade away [...]Details

& full prompt: App. C.1.

Figure 4. Maze solving Mazes of various sizes with start (red) and goal (green) locations. PrtimptThe red circle slides smoothly

along the white path, stopping perfectly on the green circle [.Dgtails & full prompt: App. C.3. Veo 2 struggles to solve even small
mazes, mostly due to early illegal moves. Veo 3 performs much better and bene ts from multiple attempts. For comparison, we evaluate
Nano Banana and also show Gemini 2.5 Pro's performance on mazes presented as images (12T) or ASCII text (T2T).

3.1. Perception: Edge detection 3.2. Manipulation: Object extraction

Despite not being trained for it, Veo 3 can be promptedCan Veo perceive and extract (i.enanipulate) all objects

to detect (i.e.perceive edges. Fig. 3 details edge detec- in a scene? We test this using a simple dataset depicting 1—
tion performance (measured by OIS; details and promp® animals (details in App. C.2). Veo is asked to extract and
in App. C.1) for Veo 2 and Veo 3. While Veo 3 (0.77 line up all animals horizontally, with white space between
pass@10) lags behind task-specic SOTA (0.90) (Soriathem (in some sense, a visual “tally”). To assess whether
et al., 2023), its performance is remarkable for two reathe number of extracted animals is correct, we count con-
sons: First, it is zero-shot. Second, many of its edge mapsected components in the last frame. Fig. 2 shows an exam-
are more detailed than the ground truth. For example, Veo Ble. While Veo 2 performs around chance, Veo 3 achieves
correctly outlines foliage and tire pro les; this hurts perfor- 93% pass@10. This object extraction ability measures a
mance on the dataset but seems more indicative of a datasepability that is required for long-form video generation:
limitation than a model limitation (the annotators under-the ability to maintain a persistent state across different
standably did not bother to trace each and every edge). scenes.
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Figure 5. Visual symmetry. Prompt:“Instantly re ect this pattern along the central, vertical axis while keeping the existing colored
pattern without modi cation. [...]" A model has to color all cells correctly to pass. Details & full prompt: App. C.4.

3.3. Reasoning: Maze solving task to systematically analyze how different prompts affect
. . . . performance in App. D: The pass@1 difference between
Maze solving tests a model's ability to plan a path in a CON- st and worst prompt is 40 percentage points on the shape

strained enqunment, a key asp_ectre&somng In our .split and 64 percentage points on the random split.
setup, a red circle needs to navigate to a goal (green cir-

cle) without crossing any walls. We automatically verify
the path (details in App. C.3) and present results for dif{ Takeaway 3 While not perfect, Veo 3—building on
ferent mazes in Fig. 4. Veo 3 shows zero-shot maze sol| its ability to perceive, model and manipulate objects
ing abilities, signi cantly outperforming Veo 2 which of- | shows emergent visual reasoning abilities.

ten produces illegal moves. For instance, in5bgrids,
Veo 3 achieves a pass@10 rate of 78% compared to Veo 2's

14%. The consistent performance gap highlights the ad4. Discussion

vancing reasoning capabilities of Veo 3. While Nano Ba-

nana matches or surpasses Veo 3's performance on rectaﬁymmary A breakthrp ugh n mach|.ne vision started the
deep learning revolution in 2012 (Krizhevsky et al., 2012),

gular mazes, it fails to solve irregular mazes entirely. Sim-"""~! ;
ilarly, Gemini 2.5 Pro outperforms Veo 3 on small mazesPUt in recent years, NLP has seen the most rapid progress.
This was driven by the rise of general-purpose LLMs,

when given an ASCII representation of the maze (T2T), but i . :
falls behind on 9 9 mazes, and generally struggles Whenwhose ability to solve tasks in a zero-shot fashion has led

the maze is represented as image (as opposed to text) iH]em to replace most task-speci ¢ models in NLP. We here

put. Both comparisons highlight the advantages of solvinglrlnake th(caj.case mat macg?ir;ebvision is on ths_f!lsp c;fla sim-
a visual task step-by-step in a visual medium. ar paradigm shi t, enabled by eme'rger!t abilities of large-
scale video models. Our core nding is that Veo 3 can

) solve a wide range of tasks in a zero-shot manner, span-
Takeaway 2 Frame-by-frame video generation paf-  ning the full vision stack fromperception to modeling,
allels chain-of-thought in language models. Just like manipulation and even early forms ofisual reasoning
chain-of-thought (CoT) enables language models|to \yhile performance is not perfect, the consistent improve-
reason with symbols, a “chain-of-frames” (CoF) ef-  ment from Veo 2 to Veo 3 indicates that video models may
ables video models to reason across time and spade. pecome general-purpose foundation models for vision, just
’ as LLMs have for language. We expect that a model's vi-
sual abilities to perceive, model, manipulate and reason
will co-evolve with the model's abilities to perform long-
Completing a pattern to be symmetrical assesses the abilifiprm video generation. Progress on the underlying abili-
to understand and apply spatiahsoning We create a cus- ties such as prompt following, scene consistency, or object
tom dataset of shapes (e.g., heart, letters) and random patranipulation will directly translate not only into improved
terns (see App. C.4). Fig. 5 shows that Veo 3 outperformwideo generation for entertainment purposes, but also more
Veo 2 and Nano Banana by a large margin. We also use thigenerally into improved video foundation models.

3.4. Reasoning: Visual symmetry solving
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Appendix

Animated samples can be accessed heites://video-zero-shot.github.io

A. Extended discussion

Zero-shot learning in the era of web-scale datalhe advent of models trained on web-scale data has led to a neces-
sary evolution in the understanding of zero-shot capabilities. Given the vast and diverse nature of the training data, it is
dif cult to verify that a model has not encountered data similar to a particular task before. In contemporary usage, the
de nition of “zero-shot learning” has therefore shifted from a strict “unseen task” criterion (often impossible to verify) to

a methodological one which we adopt: A task is considered zero-shot if the model can be prompted to perform the task
despite not being trained, adapted or ne-tuned speci cally for that task (Kojima et al., 2022; Liu et al., 2023; Bubeck et al.,
2023). For instance, LLMs were described as “zero-shot reasoners” (Kojima et al., 2022) not because of any guarantees
that reasoning-style text isn't part of the training data by accident, but because they can perform reasoning tasks without
task-speci c training or adaptation, simply via prompting alone.

Performance is a lower boundTasks can be represented in a myriad of ways; a maze, for example, can be presented
as a black-and-white grid, a video game, or a photorealistic scene, with the prompt requesting a solution in the form
of a line, a moving object, or a glowing path. Moreover, visually, a maze could be represented afs a black-and-white
grid, a Pac-Man game, or a photorealistic top-down view of an apartment. This has three implications: First, prompt
engineering—including theisualprompt a.k.a. starting frame—is as important for visual tasks as it is for LLMs (see also
App. D and Lampinen et al. (2024) for a discussion). Second, we must distinguish between a model's task performance and
its underlying ability (i.e., competence) to solve that task (Firestone, 2020; Geirhos et al., 2020a). Third, as a consequence,
the model performance reported here with a given visual and textual prompt should be considered a lower bound on the
model's true capabilities. This also holds for the tasks that we report as failure cases in App. F, such as providing visual
instructions to fold laundry (Fig. 72), planning to move a sofa between rooms (Fig. 73), or certain visual puzzles (Fig. 66).

Video generation is expensive, but costs tend to fabenerating a video is more expensive than running a task-speci ¢
model (see also App. E). Yet, the economics of general-purpose models are on a predictable trajectory: Epoch Al (Cottier
etal., 2025) estimates that LLM inference costs are falling by a factor a6®00 per year for a given performance level.

In NLP, early generalist models were also considered prohibitively expensive “GPT-3's size makes it challenging to deploy”
(“GPT-3's size makes it challenging to deploy”, Brown et al., 2020, p. 8). Nevertheless, rapidly falling inference costs,
combined with the appeal of generalist models, have replaced most task-speci ¢ language models. If NLP is a guide,
the same trend will play out in vision. While specialized models will likely remain cheaper, the superior performance
and cross-task synergies of foundation models justify their higher cost. For example, today's leading coding models aren't
task-speci c models, but general-purpose LLMs. Similarly, uni ed vision models will likely outperform many task-speci ¢
models since visual tasks have deep relationships with each other (Zamir et al., 2018), enabling generalist models to bene t
from synergies.

Jack of many trades, master of few7or many tasks, Veo 3's performance is below state of the art of specialized models.
This mirrors the early days of LLMs; GPT-3 reported performance well below ne-tuned models on many tasks (Brown

et al., 2020, cf. Tables 3.1, 3.3, 3.4, 3.5). This did not stop LLMs from becoming foundation models, and we don't believe

it will stop video models from becoming vision foundation models for two reasons. First, the step-change in performance
from Veo 2 to Veo 3 is evidence of rapid progress. Second, our scaling results from Sec. 3 show pass@10 to be consistently
higher than pass@1 with no signs of a plateau. Therefore, inference-time scaling methods (e.g. Wang et al., 2022; Madaan
et al., 2023; Jaech et al., 2024; Snell et al., 2024) in combination with the standard optimization toolkit like post-training
with automatic veri ers are likely to boost performance. For the tasks we test here, Veo 3 is akin to a pre-trained language
model that has yet to undergo instruction tuning or RLHF (Ouyang et al., 2022; Peng et al., 2023).

Why Veo? The core argument of this paper—that video models are zero-shot learners and reasoners—can be supported by
demonstrating success anysuf ciently capable model. We choose Veo for its consistent high rankingxt2video
andimage2video leaderboards (LMSYS ORG, 2025). Unless noted otherwise, gures are generated with Veo 3. To
provide a sense of how rapidly performance is improving, our quantitative analyses compare Veo 3 with its predecessor,
Veo 2, released roughly half a year earlier: Veo 2 was announced in December 2024 and released in April 2025 (Google,
2024; 2025a), while Veo 3 was announced in May 2025 and released in July 2025 (Google, 2025b;c).

Will other video models show similar behavior?Articles released after the initial version of this work con rm that other

10



Video models are zero-shot learners and reasoners

Perception { superresolution Perception { conjunctive search / binding problem

Figure 6.Veo 3 zero-shot learn-
ing and reasoning examples
From classicperceptual tasks
Modeling { buoyancy Modeling { memory of world states (SUperfesmUtion, visual search)
to modeling (buoyancy, mem-
ory of world states after zooming
in), manipulation (pose edit-
ing, simulating dexterous ma-
Manipulation  { 3D-aware reposing Manipulation  {jar opening nipulation) andvisual reason-
ing (navigation, rule extrapola-
tion): Veo 3 can zero-shot solve
a host of visual tasks that are
speci ed as an input image and
a text prompt. Examples are
shown in App. B; videos of all
tasks are on our project page.

Reasoning { robot navigation Reasoning { rule extrapolation

models also show strong performance: Tong et al. (2025) investigate Sora-2, Luo et al. (2025) test six models including
Sora-2, Hailuo-02 and Kling-2.5-Turbo-Pro, while Acuaviva et al. (2025) adapt CogVideoX1.5-5B for visual reasoning
tasks. Collectively, they indicate that emergent visual intelligence in video models isn't limited to a single model.

Where does Veo's performance come from?/eao's architecture, training data mixture, and training recipe, alongside

the exact models used for embeddings and prompt-rewriting, and the speci c verbal and visual prompts used in each
task all likely in uence the performance reported in this work. Related works published after the initial version of this
manuscript and mentioned in the paragraph above indicate that many of the behaviors we demonstrate are not speci c to
Veo. Instead, they seem to be an emergent property of video generation trained on large-scale data. As is the case for
large language and vision models (Fang et al., 2022; Li et al., 2024; Mayilvahanan et al., 2025a;b; Wiedemer et al., 2025),
the exact performance distribution across tasks is likely determined by the data mixture, though more research is required.
It remains to be seen whether scaling laws can be established for visual intelligence tasks of video models, capturing the
impact of data scale and compute similarly to prior works in LLMs (Kaplan et al., 2020; Hoffmann et al., 2022; Gratta ori

et al., 2024). See App. G for a discussion on similarities and differences to NLP.

B. Qualitative results: Sparks of visual intelligence?

We begin with a comprehensive, qualitative investigation across visual tasks to assess the potential of video models as
visual foundation models. We organize our ndings into four hierarchical capabilities, each building on the preceding ones
(c.f. Fig. 1 and Fig. 6):

1. Perceptionas a foundational ability to understand visual information.

2. Modeling, which builds on the perception of objects to form a model of the visual world.
3. Manipulation, which meaningfully alters the perceived and modeled world.

4. Reasoningacross space and time over a sequence of manipulation steps.

While capability boundaries often overlap, this hierarchy provides a framework for understanding the emergent abilities

of video models. For example, solving a maze (see Sec. 3.3) requires perceiving the maze, modeling its state (walls vs.
oor), and nally manipulating an object (a mouse, a circle) to move from start to nish. For each task in this section, we
prompt Veo 3 22 times and report teaccess ratén the caption.Success rates the fraction of videos that solve a task,

as determined by human annotators (see App. B.5). A success rate greater than 0 suggests that the model possesses the
ability to solve the task, while a success rate closer to 1 indicates that the task isretiblglgt irrespective of the random

seed. While not a substitute for the systematic quanti cation we perform in Sec. 3, this provides a ballpark estimate of the
model's capabilities.

Perception Computer vision has historically relied on a suite of specialized models for tasks like segmentation (Kirillov
etal., 2023; Ravi et al., 2024), object detection (Redmon et al., 2016; Khanam & Hussain, 2024), and edge detection (Xie &
Tu, 2015). While some backbones can be adapted or ne-tuned for other tasks, training-free transfer to novel tasks is rare,
limiting generalization. As we show here, this is changing with large video models. Without any task-speci ¢ training,
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Veo 3 can perform a range of classic computer vision tasks, including edge detection (Fig. 7), segmentation (Fig. 8),
keypoint localization (Fig. 9), super-resolution (Fig. 10), blind deblurring (Fig. 11), denoising (Fig. 12) and low-light
enhancing (Fig. 13). Some of these tasks were already demonstrated in Rotstein et al. (2025), but Veo's emergent abilities
extend farther: It can perform complex tasks like conjunctive search (Fig. 14) and interpreting ambiguous images such as
the classic dalmatian illusion (Fig. 15), the cat shape in a texture-shape cue con ict image (Fig. 16), and colored blots from
the Rorschach test (Fig. 17). Apart from denoising—the classic diffusion objective—none of these tasks are explicitly
trained for in video models.

Takeaway 4 Veo 3 shows emergent zero-shot perceptual abilities well beyond the training task. Just like LLMs
replaced many task-speci ¢ NLP models, we believe that generative vision models will replace most bespoke models
in computer vision—once they become suf ciently cheap and reliable.

Modeling: intuitive physics & world models  Based on theiperceptionof the visual world, video models are starting to
modelit, too. Modeling the world and the principles that govern it (e.g., laws of physics) is a critical step toward successful
prediction and action. Several works have investigated and quanti ed intuitive physics in deep models (e.g., Riochet et al.,
2018; Bear et al., 2021; Weihs et al., 2022; Jassim et al., 2023; Tung et al., 2024; Bansal et al., 2024; Cherian et al.,
2024; Meng et al., 2024; Kang et al., 2024; Motamed et al., 2025; Liu et al., 2025; Sanli et al., 2025; Schulze Buschoff
et al., 2025; Zhang et al., 2025; Garrido et al., 2025). Here, we investigate an exemplary subset of tasks from these works.
Veo's grasp of physics is demonstrated by its ability to model various physical properties, like ammability (Fig. 18), rigid
and soft body dynamics and their surface interactions (Fig. 19) and air resistance affecting falling objects (Fig. 20), and
buoyancy (Fig. 21). As illustrated by the Visual Jenga task (Bhattad et al., 2025), Veo can remove objects from a scene in
a physically plausible order (Fig. 22) and understands which objects tinto a backpack (Fig. 23). Furthermore, it correctly
generates some optical phenomenona like refraction and re ection (Fig. 24) and additive/subtractive color mixing (Fig. 25).
Beyond physical characteristics, Veo understands some abstract relationships which is an important aspect of modeling the
world. For example, Veo can distinguish categories like toys from other objects like a laptop (Fig. 26). On samples inspired
by the Omniglot dataset (Lake et al., 2015), we demonstrate Veo's ability to recognize patterns, generate variations thereof,
and parse larger wholes into parts (Fig. 27). Lastly, Veo maintains a memory of the world state across time and camera
movements within the video context (Fig. 28).

Manipulation: editing & imagination ~ Based on its ability tperceiveobjects andnodeltheir relation to each other and

the world, Veo can meaningfullpnanipulatethe visual world, too. This enables Veo 3 to perform a variety of zero-shot
image editing tasks like background removal (Fig. 29), style transfer (Fig. 30), colorization (Fig. 31), inpainting (Fig. 32),
and outpainting (Fig. 33). Furthermore, it can manipulate text elements (Fig. 34), and edit images based on doodle in-
structions (Fig. 35). Veo's understanding of 3D world enables it to compose scenes from individual components (Fig. 36),
generate novel views of objects and characters (Figs. 37 and 38), smoothly transform one object into another (Fig. 39), or
change the perspective, lighting, and appearance to turn a sel e into a professional photograph (Fig. 40). This ability to
plausibly modify a scene allows it to imagine complex interactions, simulate dexterous object manipulation (Fig. 41; note
that we do not test actual robots as e.g. Assran et al. (2025) do), interpreting object affordances (Fig. 42), demonstrating
how to draw a shape (Fig. 43) and roll a burrito (Fig. 44). Overall, video models can meaningfully manipulate and simulate
aspects of the (digital) visual world.

Visual reasoning across time and space Perceptionmodeling andmanipulationall integrate to tacklgisual reasoning

While language models manipulate human-invented symbols, video models can apply changes across the dimensions of the
real world: time and space. Since these changes are applied frame-by-frame in a generated video, this parallels chain-of-
thought in LLMs and could therefore be callelaain-of-framegsor CoF for short. In the language domain, chain-of-thought
enabled models to tackle reasoning problems (Wei et al., 2022), and visualizing intermediate steps helps (Wu et al., 2024).
Similarly, chain-of-frames (a.k.a. video generation) might enable video models to solve challenging visual problems that
require step-by-step reasoning across time and space. We see early signs of this ability in tasks such as generating a valid
graph traversal (Fig. 45), performing visual breadth- rst search on a tree (Fig. 46), completing visual sequences (Fig. 47),
connecting matching colors (Fig. 48), tting shapes into holes (Fig. 49), and sorting numbers (Fig. 50). Furthermore, Veo
can use tools to accomplish a visual task (Fig. 51) and solve simple Sudokus (Fig. 52) or visual puzzles (Fig. 53). Finally,

it can solve mazes and navigation tasks (Figs. 54 and 55 and Sec. 3.3) and extrapolate rules from visual examples (Fig. 56).
While not always perfect, the model's ability to solve such problems in a zero-shot manner points to exciting possibilities
for more advanced visual reasoning and planning in future, with more capable video models.
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Summary Taken together, the qualitative examples from this section indicate that a capable video model like Veo 3
possesses strong zero-shot learning abilities. While the results are not always perfect, the model consistently demonstrates
the capacity to solve a wide variety of tasks for which it was not explicitly trained.

We show the initial prompt frame and successive generated frames for each task described in App. B. For each task, the
gure caption also states the prompt used to generate all samples. The guidelines used to determine success in each task
are listed in App. B.5.

B.1. Perception

Figure 7. Edge detection Prompt:“All edges in this image become more salient by transforming into black outlines. Then, all objects
fade away, with just the edges remaining on a white background. Static camera perspective, no zoom3uqeass rate: 0.96.

Figure 8. Segmentation Prompt: “Create an animation of instance segmentation being performed on this photograph: each distinct
entity is overlaid in a different at color [...]" (full prompt: ??). Success rate: 0.24.

Figure 9. Keypoint localization. Prompt:“Add a bright blue dot at the tip of the branch on which the macaw is sitting. The macaw's
eye turns bright red. Everything else turns pitch black. Static camera perspective, no zoom dByzoess rate: 0.65.

Figure 10. Super-resolution Prompt:“Perform superresolution on this image. Static camera perspective, no zoom or pancess
rate: 0.76.
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Figure 11. Blind deblurring . Prompt: “Unblur image including background. Static camera perspective, no zoom or gamccess
rate: 1.0.

Figure 12. Blind denoising. Each quadrant was corrupted with a different type of noise. Clockwise from top left: Gaussian noise,
salt-and-pepper noise, speckle noise, shot noise. PrdiRpmove the noise from this image. Static camera perspective, no zoom or
pan.” Success rate: 0.97.

Original low-light image Veo 3-generated lit image Ground-truth litimage

Figure 13. Low-light enhancing. Prompt:“Fully restore the light in this image. Static camera perspective, no zoom or gaunccess
rate: 0.96. Image and ground-truth source: LOLv2 dataset (Yang et al., 2021).

Figure 14. Conjunctive search / binding problem Prompt: “The blue ball instantly begins to glow. Static camera perspective, no
zoom no pan ho movement no dolly no rotatidBuiccess rate: 0.65. Inspiration: (Campbell et al., 2024).
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