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Abstract

Inspired by extensive evidence that humans use visual simulation to understand
parts of language, this position paper explores analogous behavior in multimodal
language models. Although grounding models in vision has been an active area
of research in the AI community, visual simulation remains underexplored. We
address this gap by formally defining visual simulation, identifying the architectural
and training components to enable it, and proposing a multi-pronged approach to
determine whether a model engages in visual simulation.

1 Introduction

When humans hear or read a sentence, our brains simulate the objects and events from that sentence:
our visual cortex activates in patterns similar to those that would occur if we actually saw the
event, auditory cortex activates as though we heard it, motor cortex activates as though we were
taking the actions described, and so on [Bergen, 2015]. Cognitive scientists theorize that such
activations—sometimes called embodied simulation or grounded cognition [Barsalou, 2008, Reilly
et al., 2025]—are part of how human brains represent the meaning conveyed by language.

Grounding language models has been an extremely active area of research in recent years [e.g., Suhr
et al., 2019, Bisk et al., 2020, Thrush et al., 2022, Li et al., 2022, among others]. To date, however,
embodied simulation remains an underexplored facet of grounding language models.1 This position
paper is a first step towards addressing this gap. While a full solution would involve many forms of
simulation, we focus on visual simulation.

Our contributions are

• A definition of visual simulation for multimodal models (Section 2)

• Identification of architectural and training elements that enable visual simulation with brief
analysis of how current models do/do not incorporate these elements (Section 3)

• Proposals for how to determine if a model engages in visual simulation (Section 4)

1We use “grounding” to refer broadly to connecting linguistic representations with perceptual or action-based
ones. This is related to, but distinct from, grounded understanding, which would require demonstrating that
language behavior depends on perceptual mechanisms. We do not contend that visual simulation constitutes
grounded understanding, but propose it as a useful lens for examining how multimodal models might approach
grounding.
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Figure 1: Architectural comparison. (a) Typical VLM jointly processes text and images. (b) Image
generation models map text into images. (c) In visual simulation, text input without images produces
visual activations as part of model state at inference time.

2 Background: Defining Visual Simulation

To define visual simulation for multimodal language models (MLLMs), we should first understand
what it means in humans. Brain imaging studies show that human brain regions involved in visual
perception are activated in response to visual concepts expressed in words [Kiefer and Pulvermüller,
2012]; for example, Simmons et al. [2007] showed activity in the left fusiform gyrus for both color
perception and color knowledge retrieval based only on words. Behavioral studies provide additional
evidence of this phenomenon and point to numerous visual features that are subject to simulation,
such as orientation, shape, location, direction of motion, and perspective [Bergen, 2012, 2015].2

By analogy, then, we define visual simulation in an MLLM in three parts: (1) activation of portions of
the model involved in visual perception (2) to match the activations that would occur if the described
object/event were seen, but (3) caused by linguistic, rather than visual, input. We use the term “visual
simulation” rather than “visualization” to avoid implying any subjective experience of “seeing.”

3 Implications for Language Models

This simple definition implies several desiderata for architecture and training in order for a model to
engage in visual simulation.

3.1 Architecture

Visual simulation places specific demands on model architecture. Part 1 of the definition tells us that
to engage in visual simulation, the model must have some component capable of visual perception.
However, part 3 specifies that at the time a model is engaging in visual simulation, it is not perceiving
visual input; the simulation must be triggered by the linguistic input, not by visual input, or it is visual
perception, not visual simulation. That is, at test time, the model should receive text, not images. As
most vision and language models (VLMs) are designed to take images as part of their input (Figure
1a), they are not engaging in visual simulation. Naturally, this does not rule out the use of images
during training. Moreover, a model where image input is optional, such as an any-to-any model [Tang
et al., 2023, Wu et al., 2024, Chameleon, 2025], might incorporate a visual simulation capability;
however, it is essential to remember that when the image is provided, the model is not engaging in
visual simulation.

Visual simulation also does not require image generation (Figure 1b). While visual simulation may,
in humans, cause a subjective experience of an image, no image is actually created, only visual cortex
activations. While generation, unlike input images, is permissible, it is neither necessary nor sufficient
for visual simulation.

Having said what the architecture is not, what does qualify as visual simulation? As shown in Figure
1c, text input causes some component within the model to recreate visual activations. There is,
however, room for debate over exactly how to define recreating visual activations.

If we understand recreating visual activations as broadly as possible, we can say that models that
pull the text representation towards the vision embedding space are capable of some degree of visual

2This is distinct from Battaglia et al. [2013]’s concept of mental simulation as a kind of physics engine used
to make predictions about a scene. Their work proposes a mechanism to explain known functions; in contrast,
embodied simulation describes observed phenomena in brains, the function of which remains an open question
[e.g., Ghio and Tettamanti, 2016, Bechtold et al., 2023].
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Table 1: Architectural desiderata for visual simulation across major MLLMs.

Model Text-only
input option

Aligns text representation
to vision

Deep alignment with
vision encoder

Handles
Video

CLIP1 Yes Yes No No
BLIP2 Yes Yes No No
BLIP-23 No No (frozen) No No
Flamingo4 No No (frozen) No Yes
Kosmos-15 Yes Yes No No
LLaVA6 No No (projects vision to text space) No No
NExT-GPT7 Yes No (frozen) No Yes

1Radford et al. [2021]; 2Li et al. [2022]; 3Li et al. [2023]; 4Alayrac et al. [2022];
5Huang et al. [2023]; 6Liu et al. [2023]; 7Wu et al. [2024];

simulation. For example, CLIP [Radford et al., 2021] trains its text and vision encoders to maximize
the similarity between the embeddings for matched text/image pairs and minimize that between
unmatched pairs; this simultaneously pulls the text representation towards the vision space and the
vision representation towards the text space. Empirically, Jones et al. [2024] demonstrated with
behavioral measures developed to study embodied simulation in humans that CLIP’s text encoder
evidences some visual simulation, though far less than in humans. In its unimodal encoder form,
BLIP Li et al. [2022] similarly pulls text representations and image representations closer together.

Stronger forms of visual simulation may require deeper alignment than the single embedding align-
ment in CLIP. Vision models have many layers, so multiple layers of the text encoder mirroring
multiple layers of a vision encoder should be explored. One approach would be an architecture
similar to deeply-supervised knowledge distillation Luo et al. [2023].

Finally, visual simulation in models may benefit from extending beyond static representations.
Simulating a static image may support certain types of spatial reasoning or implicit world knowledge
(e.g., understanding why a polar bear might cover its nose while hunting in snow [Bergen, 2012]).
However, human visual simulation also involves dynamic components, such as eye movements that
track described events or the mental rotation of objects. Incorporating such dynamics in model
architectures could enable richer forms of reasoning, particularly for tasks that require understanding
temporal sequences or transformations in space.

In summary, at a minimum, basic visual simulation requires a model that (1) takes text input without
an image input, and (2) learns to represent its text input in a way that aligns with a visual encoder.
More sophisticated visual simulation should include a deeper alignment of text representations to
visual, rather than just one embedding for each modality. Dynamic vision, as opposed to static, offers
additional advantages. Table 1 provides a brief overview of how existing models align with these
architectural desiderata for visual simulation. CLIP and any-to-any models show promise, but it is
clear from this table that existing models do not prioritize visual simulation.

3.2 Training

Having considered structural requirements, we now turn to training signals that might enable simula-
tion. Existing training objectives and datasets were not designed for visual simulation. To achieve
visual simulation, training must cause the model to mimic the activations that a vision component
would have if it saw the object or event described by the text input. This has implications for three
aspects of training: model freezing, data, and tasks.

A frozen LM cannot adapt its representations to recreate visual activations. Models like BLIP-2 [Li
et al., 2023] and Flamingo [Alayrac et al., 2022] deliberately freeze the language model, preserving
its pretrained text space rather than pulling it toward vision. Under our definition, such models
cannot learn visual simulation because the LM is never moved toward a visual space. In contrast,
freezing the vision encoder is permissible: the text encoder can still be trained to approximate its
representations. While this may reduce training costs, it is not required, nor does it align with the
human case, where the visual cortex is influenced by language and remains plastic over time [Lupyan
et al., 2020, Castaldi et al., 2020, Rosa et al., 2013].
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On the data side, if we want a model to learn to recreate the activations a visual component would
have if it saw the same thing the text describes, we should train on aligned images and descriptive
text. This means images and their captions are not ideal, nor are interleaved text and images: captions
complement the images or explain how they relate to a larger text, rather than describing the images.
Quality alt text is better, when available. As noted in our discussion of architecture, dynamic visual
simulation has advantages over static, so pairs of videos and their descriptions are highly desirable.

Tasks should, at a minimum, draw the encoding of the text into a visual encoding space; as described
in the discussion of architecture, alignment at multiple levels is more desirable than alignment of a
single embedding. Many tasks on which MLLMs are most commonly evaluated—VQA, captioning,
and so on—are not suitable training tasks, as they lead to models that expect visual input, rather than
emulating it.

Image generation models such as latent diffusion models [Rombach et al., 2022] could conceivably
pull text representations into an image-related space, provided the language model is not frozen.
Predicting masked portions of images [e.g., Chen et al., 2020] might work similarly. However, in
both cases, the desired updates to the vision encoder would be at most a side effect; we contend that
tasks more targeted to visual simulation would be more effective for training.

CLIP’s contrastive learning has demonstrated value; it might be expanded to draw intermediate states
of multiple layers of the text encoder closer to corresponding layers of the image encoder. A task
that has not, to our knowledge, been explored is to directly predict the activations of a vision encoder
given the text; again, this suggests something that looks like deep model distillation.

Overall, these directions suggest that successful training for visual simulation will require datasets
with genuinely descriptive text and tasks that align text encodings with vision activations across
multiple layers, moving beyond objectives designed for multimodal perception.

An additional consideration, which we leave for future work, is the choice of the vision encoder itself.
A vision model trained solely for object recognition on static images may not provide the most useful
representational space for visual simulation. Identifying which pretraining tasks and datasets yield
visual features most conducive to simulation remains an open question.

4 Detecting Visual Simulation

In humans, the evidence for embodied simulation can be grouped into mechanistic and behavioral.
Mechanistic evidence includes things like fMRI evidence of activation of the visual cortex; behavioral
evidence includes things like eye movement over a blank screen tracking the movement described in
a story. We propose an analogous two pronged approach for models.

On the behavioral side, there are two types of experiment we might pursue. The first, pioneered
by Jones et al. [2024], adapts the same behavioral experiments used to find evidence of embodied
simulation in humans to a machine context.

The second, which is more familiar to the machine learning community, is to create benchmarks for
tasks requiring visual simulation. However, such benchmarks are not sufficient by themselves, as
there may be alternative explanations for models’ success. Consider the following example from
the spatial reasoning component of EWoK [Ivanova et al., 2024]: given the input “The nail is east
of the wheel,” the model must determine which is more likely, “The wheel is west of the nail,” or
“The wheel is east of the nail.” Visualization is one way to solve this problem, but a model with a
symbolic relation “east-of” that can be inverted using a rule could make a correct prediction without
visualization. Text-only models can learn such a relation—or even a more sophisticated chained
relation (e.g., “The wheel is west of the nail, and the cup is east of the nail; is the cup east of the
wheel?”)—from a sufficiently large corpus. Indeed, Patel and Pavlick [2021] demonstrated that a
large, language-only model could learn to answer simple questions about spatial relations in a grid
world depicted in text. Thus, benchmarks should be used in conjunction with other types of evidence,
not by themselves, to detect visual simulation.

On the mechanistic side, the goal is to measure whether text-induced activations resemble vision
activations. If the architecture explicitly predicts the visual encoder’s hidden states, this is straight-
forward, as we can compare the text encoder’s predictions with the actual hidden states induced by
the corresponding visual stimulus, using similarity measures such as KL divergence. Additional
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analyses of how much attention subsequent layers pay to these components could also be informative.
Mechanistic measures are more complex for other architectures; however, the probing and inter-
pretability literature for LLMs and MLLMs provides a rapidly expanding selection of relevant tools.
Causal mediation analysis (CMA) such as ROME [Zhou et al., 2023] and NOTICE [Golovanevsky
et al., 2025] can be used to identify causal pathways (“circuits”) involved in completing visualization
benchmarks. These circuits could likewise be compared against a visual encoder; circuits that align
with vision features such as edges would provide strong evidence of visual simulation. Identifying
circuits that support performance across multiple visual-simulation-related tasks would also provide
mechanistic evidence of visual simulation. Additional methods of understanding such circuits remains
an open challenge worth further study.

Thus, combining behavioral measures of both forms with mechanistic probing can build converging
evidence of visual simulation. This distinction echoes recent thinking in the long-running “imagery
debate” in cognitive science, where behavioral results alone can often be explained in purely symbolic
terms, but mechanistic evidence provides stronger support for the existence of genuinely visual
representations Pearson and Kosslyn [2015].

5 Conclusion

Visual simulation remains an underexplored but crucial dimension of grounding in multimodal LLMs.
By outlining how it might be defined, enabled, and detected, this paper aims not to settle the question
but to open it: to invite systematic study of visual simulation as a phenomenon and to lay groundwork
for models and methods that can capture it.
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