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Abstract

Multimodal language models (MLLMs) exhibit promising spatial reasoning capabilities, yet the
internal mechanisms supporting them remain poorly understood. We uncover S-Space, a linear
representation subspace in which object-token representations encode continuous coordinates along
horizontal, vertical, and distance axes. Although we identify these axes by differentiating spatial-
answer scores with respect to object-token activations, S-Space is intrinsic rather than induced
by specific data or prompts, remaining readable under non-spatial questions. We show that S-
Space functions as an internal spatial workspace of MLLMs. Perception encodes object locations
into it, forming spatial representations that can be directly read out to support accurate spatial
judgments. Internal reasoning transforms it for changing viewpoints. Verbal responses selectively
access it, evidenced by causal interventions that alter spatial judgments while largely preserving
non-spatial responses. Case studies further show that S-Space assigns locations to unseen entities
and the observer, and connects physical directions with abstract linguistic meanings, suggesting
both the capabilities and limitations of large-scale language training. Finally, we use S-Space as a
diagnostic tool for spatial reasoning failures. Direction-word readouts reveal systematic coupling
between cardinal and image-relative reference frames. More importantly, a perception-computation
decomposition exposes a key bottleneck: MLLMs can form capable spatial representations, yet fall
short in the spatial transformations required to reason reliably across viewpoint changes.
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1 Introduction

Multimodal large language models (MLLMs) [1-4] have rapidly advanced in spatial intelligence [5, 6],
demonstrating utility in reconstruction [7, 8], planning [9], navigation [10], and manipulation [11, 12]
in the physical world. Despite this growing range of applications, robust spatial reasoning remains a
fundamental challenge for MLLMs, with substantial performance gaps persisting on tasks that humans
solve effortlessly [13-15]. Interpreting these limitations requires looking beyond end-to-end performance:
external behaviors such as answers and actions alone reveal little about where failures arise, while the
internal representations and mechanisms remain poorly understood and underdiagnosed.

How is spatial information represented inside an MLLM, and how does it shape the model’s responses?
Research on human visual cognition offers a useful perspective: there is a mental workspace in which
internal representations are maintained and manipulated in the human brain [16, 17]. While existing
works have explored spatial encodings and representational biases in MLLMs [18, 19], a simple and unified
explanation of how spatial information is encoded, transformed, and ultimately used to produce responses
remains to be established. We ask whether MLLMs similarly possess an internal spatial workspace akin
to that of the human brain. Uncovering such a mechanism could help explain spatial reasoning failures
and point toward targeted improvements.

In this work, we uncover S-Space, a three-dimensional linear subspace of intermediate representations
that functions as an internal spatial workspace in MLLMs. Using a simple gradient-based procedure, we
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identify fixed spatial orientations that generalize across datasets, tasks, and prompts, defining axes for
left-right, above-below, and close-far directions. As illustrated in Figure 1, object locations can then be
directly read out as continuous coordinates through linear projection of their representations [20]. Exper-
iments demonstrate that S-Space accurately encodes object locations and provides spatial information
that causally shapes the model’s judgments, while remaining readable across prompts even when the
model is answering questions unrelated to space.
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Alarge wooden ship’ with three masts? A modern living room features a white sectional sofa’, A police car' with flashing lights? is parked on a
sails on alake® near a red torii gate“and a a green armchair?, a wooden coffee table?, a large grassy hillside® near a lighthouse® and ocean,
snow-capped mountain in the background tree*, a painting®, and a floor lamp® on a dark rug’. with a man® on a bicycle® and a dog” nearby
(a) Molmo2-ER. (b) Qwen3.5-4B. (c) Qwen3.6-27B.

Figure1 Object coordinates read out from S-Space across MLLMs. For each input image and caption,
the intermediate representations of object-name tokens are linearly projected onto the three axes of S-Space to
obtain continuous coordinates. Colors and numbers link object names, image regions, and their corresponding
coordinates.

With S-Space, we examine the spatial content represented within MLLMs. Through case studies, we
show that the workspace brings visual evidence and linguistic meanings into a shared spatial geometry,
extending its content beyond directly visible objects. Our final analysis comes as a diagnosis of spatial
reasoning failures, building on S-Space’s ability to separate spatial perception from subsequent compu-
tation. We study viewpoint-changing problems [15] by constructing an oracle that transforms S-Space
coordinates, revealing that the encoded spatial information supports accurate answers even when the
model fails to generate them. Direction-word readouts further reveal systematic coupling between car-
dinal and image-relative directions, offering insight into reference-frame confusion [21]. These diagnoses
expose a key bottleneck in spatial reasoning: MLLMs can form accurate perceptual representations yet
fail to draw reliable spatial conclusions from them.

Our contributions can be summarized as follows:

e To the best of our knowledge, we are the first to systematically identify and characterize an internal
spatial workspace in MLLMs, revealing how spatial information can be encoded, updated, and causally
used within the model’s internal representations.

o We propose a simple gradient-based method for identifying S-Space, enabling accurate and generaliz-
able continuous coordinate readouts along fixed spatial directions.

o We establish S-Space as a diagnostic tool for spatial reasoning failures, separating spatial perception
from subsequent computation and exposing limitations in how models use available spatial information.

2 Method

Takeaway: S-Space is a three-dimensional linear subspace of intermediate representations in
MLLMs, in which object locations are linearly encoded and can be directly read out.

In this section, we describe how we formulate, identify, and read out S-Space.

2.1 S-Space Formulation

Large language models are widely hypothesized to represent concepts linearly in their internal representa-
tions [22, 23]. Similarly, we hypothesize that an object’s spatial coordinates, defined in a viewer-centered
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Figure 2 Linear spatial representation in S-Space. An object’s spatial coordinates (left) are linearly
embedded in its high-dimensional token representation. Horizontal, vertical, and distance directions span a three-
dimensional S-Space (middle). Projections onto them recover viewer-centered coordinates (right).

(or egocentric) reference frame'

token [18].

, are linearly encoded in the hidden representation of its object-name

Concretely, for a given model and layer ¢, we define S-Space as a three-dimensional linear subspace of
hidden representations hy; € Rdmodel - S_Space is specific to the model and layer, but shared across all
token positions ¢ within that layer. We search for S-Space in the model’s middle layers, as early layers
remain relatively anchored to the input representations, and later layers become increasingly aligned with
next-token prediction for the production of a verbal response (see layer-wise analysis in Appendix C.1).
We fix a layer ¢ and omit its index below for notational simplicity.

2.2 Identifying S-Space

We identify three S-Space directions corresponding to the horizontal, vertical, and distance axes? by differ-
entiating the models’ responses to relative spatial questions with respect to object-token activations [24].

Specifically, each relative spatial question example p consists of an image and a prompt comparing a
query object with a reference along one axis g € {x,y, 2}, e.g., “Is the apple to the left or right of the
cup?" Let ¢ and 7 denote the respective token positions of the query and reference object names®, we
define an answer contrast for each axis as the corresponding logit difference:

Sp,» = logit(right) — logit(left), s, = logit(above) — logit(below), s, . = logit(close) — logit(far). (1)
The gradient Vj, s, 4 therefore specifies the direction along which perturbing the object representation

would most increase the corresponding answer contrast. We then form a role-antisymmetric gradient
difference and average it across prompt templates, original/swapped object orders, and examples:

Vi, Spg — Vi, 5p, :
Upg = —2 P9 5 LAy vy = unit(E, [a, 4]) . (2)

Appendix C.1 provides the prompt templates and implementation details.
The resulting unit vectors establish the three S-Space directions: § = span{v,, vy, v.}.

Theoretical sketch. We offer two intuition for Equation (2). (1) Relative spatial judgments treat the
query and reference oppositely: a change that makes the query more to the right should favor right, while

LAs we will see in Section 5.2 and C.7, this reference frame is not fixed: it can be steered by context and progressively
reoriented over the course of chain-of-thought reasoning.

2For the horizontal and vertical axes, we use image-plane coordinates rather than world coordinates, without explicitly
disentangling depth-dependent perspective effects. These projected coordinates suffice for most spatial reasoning questions
considered in this work.

3When an object name consists of multiple tokens, we use its last token.
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the same change to the reference should favor left. Taking the role-antisymmetric difference between
gradients therefore reinforces such oppositely acting spatial signals. (2) Other effects arising from object
identity, prompt phrasing, token roles, or scene context may not cancel for an individual example, so we
further average across prompt templates, original/swapped object orders, and examples. The resulting
direction captures the sensitivity that is most consistently associated with the queried spatial relation.
See Appendix B for detailed theoretical insights.

2.3 Reading out S-Space

Once we identify the three axes, reading out S-Space requires only a forward pass. Importantly, this
readout is not restricted to the spatial QA prompts used for identification: the same fixed directions
apply to object-token representations elicited by other prompts and tasks (see Section 3.3). We stack the
directions into V and project each object token ¢ to get its coordinate in S-Space:

V = [vg, vy, v,] € RImederx3 ¢ — VTh € RS, (3)

Relative spatial judgment. Reading out these coordinates supports spatial judgments without requir-
ing the model to verbalize a response. For a relative spatial question, we compare the query and reference
coordinates along the queried axis:

mg = UgT(hq —hr) =cqg = Crg- (4)

The sign of margin m, directly selects the predicted endpoint: a positive value indicates right, above, or
close, whereas a negative value indicates left, below, or far.

3 S-Space as Internal Spatial Workspace

Takeaway: Across diverse contexts, S-Space functions as a persistent internal spatial workspace
in MLLMs, where spatial information is accurately encoded into it (§3.1), transformed through
internal reasoning (§5.2), and causally used for verbal responses (§3.2).

In this section, we characterize S-Space as an internal spatial workspace in MLLMs by examining its ac-
curacy, causal role, and persistence across prompting contexts. We identify S-Space for Molmo2-ER [25],
Qwen3.5-4B [3], and Qwen3.6-27B [26] using constructed relative spatial questions from COCO [27]. To
assess the generalizability, we evaluate their readouts on CV-Bench [28], EmbSpatial [29], and Spatial-
Tunnel [19]. All experimental details are provided in Appendix C.

3.1 Accuracy

We first examine how accurately S-Space represents object locations and their spatial relations.

S-Space encodes object coordinates. We project each object-token representation onto S-Space
and compare the resulting coordinates with ground-truth object positions. As illustrated in Figure 3a
and 3b, both individual object coordinates and pairwise coordinate differences strongly correlate with
their ground-truth counterparts along the horizontal, vertical, and distance axes.

S-Space supports spatial QA. We next answer spatial-relation questions using only the coordinates
read from S-Space, without relying on the model’s verbal response, following Section 2.3. As shown in
Figure 3c, this simple coordinate-based readout achieves accuracy comparable to the models’ direct verbal
answers. Moreover, it generalizes across CV-Bench, EmbSpatial-Bench, and SpatialTunnel, including
benchmarks outside the distribution used to identify it.

Together, these results show that S-Space encodes spatial information with high fidelity.
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Figure 4 Causal intervention of S-Space. (a) Different coordinate-editing and question configurations. (b)
Answer retention under different interventions and edit scales. Experiments use Molmo2-ER at layer 17 (L17).
See Appendix C.3 for details.

3.2 Causality

Accurate readout alone does not necessarily imply that the model itself uses S-Space. To test its causal
role, we read out object coordinates from S-Space, edit these coordinates, write the modified values
back into the hidden representations, and then resume generation while leaving the image, question, and
representation components outside S-Space unchanged.

Editing S-Space coordinates changes spatial judgments. As shown in Figure 4, S-Space interven-
tion by coordinate editing substantially alter spatial judgments compared with random editing. The only
exception is relative questions under common shifts, where shifting both objects together preserves their
relative positions and therefore leaves the judgment merely unchanged.

Non-spatial judgments are largely preserved. The same intervention that strongly alters spatial
answers have little effect on unrelated color judgments. This effect suggests that editing S-Space selectively
modifies spatial information without broadly disrupting the object representation. Together, these results
show that S-Space is causally and selectively used when the model produces verbal spatial judgments.

3.3 Persistence

Beyond the dataset generalization shown in Section 3.1, we further replace the relative-comparison
prompts with independent single-object queries and even non-spatial questions that ask about colors.
Object coordinates are read out in the same way and compared for relative spatial QA.

S-Space persists without explicit spatial questions. As shown in Figure 5, despite substantial
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Figure 5 S-Space persists across prompts. The same S-Space readout continues to support accurate spatial
judgments on CV-Bench, EmbSpatial, and SpatialTunnel (b-d) across pairwise spatial, single-object, and non-
spatial prompts (a).
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Figure 6 S-Space beyond visible objects. It localizes off-screen entities (a), places the invisible observer (b),
and reflects relations implied by language (¢-d). Readout from Molmo2-ER L17. Bars show 95% prompt-template
bootstrap intervals.

change in prompt structure and computational context, the resulting coordinates continue to support
accurate spatial judgments. This robustness suggests that S-Space is an intrinsic and persistent
organization of the model’s representations, rather than an artifact induced by a particular dataset,
prompt template, or pairwise-query format.

4 How Does S-Space Emerge? A Case Study

Takeaway: S-Space is hypothesized to emerge from predicting spatial language, which also endows
it with broader structure beyond visible objects and physical space.

We hypothesize that S-Space emerges from the objective of predicting spatial language during large-
scale training. To predict tokens such as left and right, an MLLM must bind visible entities to their
relative positions and make this information accessible to language generation. This training pressure may
organize internal activations into stable spatial axes without explicit coordinate supervision. Intriguingly,
the resulting structure inherited from language may extend beyond visible objects and physical space, as
illustrated by the following showcases.

S-Space reflects relations implied by visual evidence. Even when an entity itself is not visible, its position
in S-Space can be inferred from visual evidence. As shown in Figure 6a, a goalkeeper diving toward
an unseen ball places the token ball in the direction of the dive. Beyond unseen objects, even the
observer, represented by the abstract token you, projects toward the close end of the distance axis
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Figure 7 S-Space beyond physical space. Socialist and conservative project toward opposite ends of the
horizontal axis of S-Space, mirroring the linguistic metaphor of political left and right.

(Figure 6b). These cases suggest that S-Space does not merely register detected objects, but can complete
the surrounding spatial world.

S-Spacereflects relations implied by language. Linguistic context can likewise determine where an entity
is represented in S-Space. As shown in Figure 6¢c and 6d, we keep the delivery-robot image fixed while
replacing moving past you with moving toward you. Correspondingly, the token you shifts from a farther
to a closer distance coordinate relative to the robot, while the robot’s own coordinate remains nearly
unchanged.

S-Space blends physical and abstract concepts. Language is a highly abstract representation of the
world: spatial terms describe physical geometry, but are also routinely repurposed to express abstract
meanings. Models trained on language may therefore inherit associations that do not cleanly separate
physical positions from their abstract uses. Strikingly, as illustrated in Figure 7, socialist—a concept
conventionally associated with the political left—also projects toward the left end of the horizontal axis,
and conservative toward the right. These cases illustrate both the capabilities and limitations of spatial
structure inherited from large-scale language training.

5 Diagnosing Spatial Reasoning Failures with S-Space

Takeaway: MLLMs often possess sufficiently accurate egocentric spatial representations in S-
Space, yet still fail in downstream spatial reasoning. These failures reveal two key bottlenecks: (1)
imperfect spatial computation over accurate representations (§5.1), and (2) reference-frame
coupling when reconciling different coordinate systems (§5.3).

Modern MLLMs still struggle with spatial reasoning, especially when they must build a coherent spatial
understanding from partial viewpoints. This requires correctly transforming between viewpoints and rec-
onciling different coordinate frames. S-Space offers a direct view of the model’s internal spatial structure,
enabling us to diagnose where and how these reasoning failures arise.

5.1 Perception-Computation Decomposition via S-Space

Perspective-taking questions require judging object relations after an imagined change of viewpoint. We
use SpinBench [15] as our evaluation benchmark, which asks which of two objects would appear to the
left, or closer to the observer, from a left, right, or back view. Yet frontier VLLMs are reported to perform
surprisingly poorly on these seemingly simple transformations. This raises a natural question: does the
failure arise from spatial perception, or from the computation performed to transform the perceived
spatial representation?

S-Space allows us to disentangle these two sources of error by reading the model’s internal coordinates
independently of its final answer. As shown in Figure 8, we construct a decomposed pipeline that reads
the objects’ coordinates from S-Space, applies a fixed rotation corresponding to the target viewpoint, and
derives the answer with the same deterministic spatial rule as in Section 2.3. We compare this method
with the model’s native answer generation, both with and without chain-of-thought reasoning [30].

Explicit transformation over S-Space substantially improves perspective-taking. As shown in Table 1,
direct generation remains limited across all three models. Chain-of-thought improves performance with
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w/o premise w/ premise
Model Direct Reasoning S-Space +Rotation Direct Reasoning S-Space + Rotation
Molmo2-ER  60.96 — 94.52 (+33.56) 61.81 — 99.31 (+37.50)
Qwen3.5-4B  60.96  62.33 (+1.37) 91.10 (+30.14) 60.42 72.22 (+11.80) 97.92 (437.50)
Qwen3.6-27B  60.96  83.56 (422.60) 95.21 (+34.25) 72.92 91.67 (+18.75) 99.31 (+26.39)

Table1 SpinBench perspective-taking accuracy. Numbers in parentheses show gains over direct answers
in the same setting, in percentage points; dashes indicate no reasoning mode.

additional test-time computation, but notable errors persist. In contrast, the prespecified S-Space readout
followed by explicit coordinate transformation yields consistently stronger results, which shows that the
models encode sufficient spatial information for accurate judgments.

Reasoning errors persist with explicit spatial premises. Following the premise setting in SpinBench, we
further provide the correct source-view relation serves as an oracle for spatial perception, bypassing the
model’s own perceptual inference (Figure 8a). Even with this relation supplied, models often fail to
produce the correct target-view answer. Meanwhile, their S-Space representations become more accurate
with language implication, consistent with Section 4, and support near-perfect accuracy. This further
highlights a key bottleneck in reliably transforming and operating on correct spatial information during
viewpoint reasoning.

5.2 Tracking S-Space Transformation through Reasoning

Although still imperfect, chain-of-thought reasoning indeed improves over direct answer generation. We
therefore track object coordinates in S-Space throughout the chain of thought to examine how these
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Figure 9 Chain-of-thought progressively transforms S-Space. (a) S-Space coordinates read out from
object names at successive stages of a controlled CoT. (b) Qwen3.6-27B 143 readout accuracy on SpinBench with
and without explicit viewpoint rotation.
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spatial representations change during the model’s own reasoning process. This analysis complements the
internal-workspace perspective in Section 3 by revealing internal transformation of spatial information
in S-Space.

We conduct a controlled analysis on Qwen3.6-27B. Specifically, as shown in Figure 9a, we manually
construct a CoT template that explicitly identifies the original spatial relation, imagines the target
viewpoint, and derives the transformed relation. By probing repeated object mentions across these
stages, we evaluate how S-Space updates accordingly. At each stage, we read out the S-Space coordinates
and use them to answer the corresponding SpinBench perspective-taking question, either directly or after
applying the optimal viewpoint rotation.

Reasoning progressively transforms S-Space. As the chain-of-thought unfolds, the objects’ relative coor-
dinates become increasingly aligned with the viewpoint requested by the question. This transformation is
reflected in a progressive shift from an advantage for the rotated readout at earlier stages to an advantage
for the direct readout at later stages, as shown in Figure 9b. This suggests that the model internally sim-
ulates part of the required perspective transformation. However, this transformation remains imperfect
and does not always produce the correct verbal answer.

5.3 Diagnosing Reference-Frame Coupling in S-Space

S-Space also helps interpret other reasoning errors. In cardinal-direction spatial reasoning, we repeatedly
observe reference-frame coupling: models often infer cardinal directions from image-relative relations,
mapping right to east or above to north, as showcased in Figure 10a. To investigate this phenomenon,
using positional relationship tasks of MMSI-Bench [21], we collect cardinal-direction tokens (north, south,
etc.) from Qwen3.6-27B’s chain-of-thought and read out their coordinates in S-Space.

Cardinal and image-relative directions are coupled in S-Space. As shown in Figure 10b, the resulting
geometry makes the coupling explicit: east aligns with right in S-Space, north with above, and northeast
reflects both directions. This suggests that the model represents cardinal and image-relative directions
through partially shared spatial features rather than fully independent concepts. Inspired by Section 4,
we hypothesize that this coupling may partly reflect biases in web-scale pretraining data, where cardinal
directions frequently appear in map-like reference frames aligned with horizontal and vertical axes.
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Figure 10 Direction coupling in S-Space. (a) Representative reasoning failures where image-relative relations
are incorrectly reused as cardinal directions. (b) S-Space coordinates of cardinal-direction tokens from Qwen3.6-
27B chain-of-thought on MMSI-Bench.

6 Discussions

We identified S-Space as an internal spatial workspace whose contents can be measured and operated
on to investigate spatial reasoning failures. More broadly, such mechanistic analysis (see related work in
Appendix A) helps reveal which key capabilities do and do not emerge through scaling, and for capabilities
that remain unreliable, diagnose the missing ingredients. Our results have uncovered biases inherited from
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pre-training. Another implication is that future systems need not rely on a monolithic MLLM to perform
every spatial operation internally. Instead, agentic spatial reasoning [31, 32] can connect dedicated tools
for transformation, simulation, and memory, ultimately turning capable perception into reliable reasoning
and action.
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Appendix

A Related Work

Evaluating spatial reasoning. Benchmarks for evaluating the spatial capabilities of MLLMs have become
increasingly challenging and comprehensive. Early efforts focused primarily on single-image spatial un-
derstanding [28, 29], including relative position reasoning and object size estimation. Subsequent studies
extended evaluation to multi-view [14, 21] and video [5, 15, 33] settings, requiring models to integrate
observations into coherent spatial representations. These spatial capabilities have been incorporated into
embodied tasks involving grounding [9, 12] and active exploration [34, 35]. Nevertheless, spatial reasoning
remains a fundamental challenge for MLLMs: visual spatial puzzles [13, 36] continue to reveal substantial
performance gaps relative to humans, motivating deeper diagnosis and mechanistic interpretation of these
limitations.

Mechanistic interpretability. Internal representation in LLMs are hypothesized to composed linearly [20,
22]. Sparse autoencoders (SAEs) learn dictionaries that recover interpretable features from model acti-
vations [23, 37, 38]. Moving from representation to computation, transcoders approximate MLP com-
putations with sparse features, enabling circuit tracing to identify interactions underlying intermediate
reasoning steps [39, 40]. Most closely related to our work, J-Space [24] introduces the Jacobian lens, which
uses Jacobians to map intermediate activations into the output vocabulary, thereby verbalizing internal
representations. Applying this lens across layers reveals internal concepts and intermediate computations.
S-Space extends this Jacobian-based perspective to spatial representations in MLLMs, focusing on contin-
uous spatial coordinates rather than discrete verbalizable concepts to investigate how models internally
represent and reason about space.

Interpreting spatial representations. MLLMs bind spatial information from visual inputs to the textual
representations of object names, enabling both spatial readout and causal intervention [18]. Prior work
have examined spatial binding [41], the functional role of attention [42, 43], and bias such as vertical-depth
coupling [19]. Much of this work focuses on synthetic settings and two-dimensional pairwise relations. S-
Space operates on real-world images and three-dimensional spatial coordinates, providing a simple, unified
interface for spatial information readout, causal intervention, and tracking viewpoint transformation.

B Theoretical Insights of S-Space

We now formalize the intuition underlying our procedure for identifying S-Space.

Let §* denote the latent three-dimensional spatial subspace hypothesized in Section 2.1, where uy, uy, u,
are unit directions corresponding to the horizontal, vertical, and distance axes. Our procedure in Sec-
tion 2.2 produces estimated directions v, vy, v,. Below, we give sufficient conditions under which these
estimated directions recover the corresponding latent spatial directions.

Following the linear representation hypothesis [18, 20], we assume that distinct types of semantic infor-
mation are linearly composed within hidden representations. Since object-token representations encode
both spatial and non-spatial information, recovering spatial directions requires separating their respective
contributions. We introduce the following assumptions to characterize this structure.

Assumption 1 (Representation decomposition). At an object-token position t, the hidden state can be
conceptually decomposed into a spatial component and two non-spatial:

* - t 1
ht — hf + h?on spatia + hgontext’

* -spatial
hf c S*’ hilon spatia ’hgontext c (S*)J_.

(5)

Here, h$" encodes the object’s viewer-centered spatial attributes; h°" P! captures its non-spatial
attributes, such as identity, appearance, and function; and h{°™** captures information contributed by
the question semantics, prompt phrasing, and broader scene context.

Assumption 2 (Gradient decomposition). Denote dp 1 g = V,Sp g, the gradient are analogously decom-
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posed into components associated with spatial, non-spatial, and contextual information:

o gS* non-spatial context
dp,t,g = dp,t,g + dp,t,g + dp,t,g : (6)

Assumption 3 (Gradient behavior). For a relative spatial question along azxis g, the spatial component

of the answer-contrast is aligned with the corresponding latent direction ug and changes sign between the
query and reference:

di,*q,g = Bp.gtg; dﬁfr,g = —Ppglg (7)
where Ep[fBy.4] > 0. Meanwhile:

non-spatial __ jnon-spatial __ context _ jcontext] __
dpqug - dpvrvg - 0’ IEp I:dpqug dpﬂ"vg } =0. (8)

These conditions capture three intuitions. First, the spatial contributions have opposite signs for the
query and reference. Second, non-spatial object attributes do not affect the answer contrast. Third,
role-asymmetric contextual effects may vary across examples but cancel in expectation. Together, they
motivate antisymmetrizing the two object gradients and averaging across prompts and examples.

Property 1. Under Assumptions 1-3, role antisymmetrization recovers the latent spatial direction ug in
expectation:

Eplap,g] = Ep[Bp.g] ug- 9)
Consequently, the estimator in Eq. (2) satisfies vy = ug, up to the choice of orientation, and the recovered
subspace 8 = span{v,, vy, v, } matches the latent spatial subspace S*.

Proof. Substituting the gradient decomposition into Eq. (2) and applying Eq. (7), we obtain

1 x " 1 . .

_ = S ) — ( qnon-spatial _ jnon-spatial
ap,g = 2 (dP#Lg dpmg) + 2 (dp,q,g dp,r,g )
1
context context
+ 5 (dpaq’g dpir7g ) (10)
1

_ - context _ jcontext
= Pp.gug + 9 (dp,q,g dpirg )-

The non-spatial terms vanish. Taking expectations eliminates the remaining contextual difference, yield-
ing Eq. (9). Since E,[3, 4] > 0, normalization recovers u,. O

C Implementation Details and Extended Results
C.1 Identifying S-Space

Models and data. We evaluate Molmo2-ER, MolmoAct2-Pretrain, MolmoAct2 [25], Qwen3.5-4B, and
Qwen3.6-27B [3, 26]. MolmoAct2-Pretrain and MolmoAct2 are VLA models derived from Molmo2-ER
after successive stages of action training, allowing us to examine how spatial representations change
across these stages. Axis identification and layer selection use disjoint sets of 6,000 and 1,800 COCO-
2017 training images, with one object pair per image. For each of the six spatial relations (left, right,
above, below, far, and close), we use 1,000 examples to identify the axes and 300 examples to select the
layer. The supplementary code provides the image IDs and object pair records for both sets.

We obtain each object’s ground truth horizontal and vertical positions from the center of its annotated
bounding box, divided by the image width and height, respectively. For depth, we average the inverse
depth predicted by Depth Anything V2-Small [44] over pixels within each COCO instance mask. Larger
values indicate closer objects.

Identification prompts. We use the five templates below for each spatial axis. For each object pair, we
fill every template twice, exchanging which object is named in {query} and which is named in {reference}.
We compute gradients with respect to the hidden state at the token that ends each object name in the
prompt.
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Horizontal: left / right

> PP

. Relative to the {referencel}, is the {query} on the left or right? Answer with left or right.

Is the {query} to the left or right of the {reference}? Answer with left or right.
Where is the {query} relative to the {reference}: 1left or right? Answer with left or right.
In the image, is the {query} to the left or right of the {reference}? Answer with left or right.

Which describes the position of the {query} relative to the {reference}: left or right? Answer
with left or right.

Vertical: above / below

e PP

. Relative to the {reference}, is the {query} above or below? Answer with above or below.

Is the {queryl} above or below the {reference}? Answer with above or below.
Where is the {queryl} relative to the {reference}: above or below? Answer with above or below.
In the image, is the {queryl} above or below the {reference}? Answer with above or below.

Which describes the position of the {queryl} relative to the {reference}: above or below? Answer
with above or below.

Distance: far / close

|

. Is the {query} farther from or closer to the camera than the {reference}? Answer with far or close.

. Is the {query} farther from the camera than the {reference}, or closer? Answer far or close.

Considering only depth, is the {query} farther from or closer to the camera than the {reference}?
Answer far or close.

In the image, is the {query} farther from or closer to the camera than the {reference}? Answer with
far or close.

Choose far or close: is the {query} farther from or closer to the camera than the {referencel}?
Answer with far or close.

Layer selection. We evaluate validation accuracy for each layer on the 1,800 relative spatial question
examples constructed from COCQ. For each example, we average S-Space coordinate differences across
the five prompt templates for spatial judgments. We select the layer with the highest overall accuracy
across the three axes. Table 3 lists the selected layers, indexed from zero after each transformer block.
We use these layers unless specified otherwise.

We report S-Space accuracy at every evaluated layer on the COCO selection set in Table 2.
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MolmoAct2
Molmo2-ER Pretrain MolmoAct2 Qwen3.5-4B Qwen3.6-27B

Layer Acc. Layer Acc. Layer Acc. Layer Acc. Layers0-31 Layers 32-62
Layer Acc. Layer Acc.

0 55.17 0 57.67 0 56.28 0 52.61 0 58.22 32 88.50
1 55.44 1 58.72 1 58.56 1 52.50 1 57.11 33 87.28
2 56.72 2 59.33 2 5794 2 54.50 2 57.67 34 87.00
3 5711 3 59.83 3 58.06 3 56.33 3 56.50 35 90.78
4 57.33 4 59.50 4 59.50 4 56.89 4 56.89 36 90.22
5 55.89 5 60.94 5 60.17 5 56.33 5 57.44 37 90.22
6 57.56 6 61.39 6 61.00 6 60.17 6 57.67 38 89.50
7  58.06 7 62.17 7 60.22 T T7.28 7 57.94 39 90.06
8 58.11 8 62.33 8 60.39 8 70.72 8 59.28 40 89.78
9 65.56 9 66.33 9 66.78 9 65.67 9 59.44 41 87.83
10 64.11 10 67.89 10 67.00 10 74.61 10 59.89 42 90.28
11 67.33 11 69.83 11 68.94 11 = 87.94 11 60.28 43 91.78
12 66.72 12 68.39 12 68.83 12 81.94 12 60.11 44 90.72
13 80.44 13 82.28 13 81.83 13 78.39 13 59.28 45 90.22
14 77.78 14 80.44 14 77.83 14 80.39 14 58.61 46 90.28
15 82.83 15 86.22 15 84.00 15  88.83 15 64.67 47 88.28
16 87.00 16 = 87.83 16  88.11 16 85.11 16 64.78 48 88.06
17 = 89.67 17 = 88.72 17 88.67 17 82.67 17 68.56 49 85.06
18 = 92.28 18 4 92.22 18 = 91.89 18  80.28 18 67.50 50 87.17
19  92.50 19 92.00 19 92.17 19 78.28 19 69.50 51 73.39
20 =~ 90.67 20 91.61 20 @ 91.94 20 45.61 20 68.78 52 52.94

31 48.44 31  52.56 31 53.72 31  89.50
32 51.17 32 53.22 32 53.56
33 54.00 33 53.33 33 55.39
34 54.94 34  51.67 34 50.28

Table 2 Layer sweeping accuracy on the COCO validation set. Layer indices start at zero. Darker
purple indicates higher accuracy, and bold marks the selected layer. Qwen3.6-27B is split into two consecutive
layer ranges.

Coordinates and correlations. For the correlations in Figure 3a and 3b, each object’s horizontal and
vertical ground truth coordinates come from the center of its annotated bounding box. For centering,
we linearly map each normalized horizontal and vertical coordinate from [0,1] to [—1,1], and center
the depth coordinate by subtracting its median. Each axis has 2,116 held-out COCO pairs. Absolute
position correlations use the query and reference coordinates from every pair, giving 4,232 readouts.
Relative position correlations use the 2,116 differences between query and reference coordinates.

C.2 Reading out S-Space for Spatial QA

We evaluate all five models at their selected layers using the same questions from each benchmark. For
CV-Bench [28], we use all 1,250 questions in the “Relation” and “Depth” categories. Relation questions
compare the horizontal or vertical positions of two objects. Depth questions ask which of two objects is
closer to the camera.

For EmbSpatial [29], we construct a subset of 1,200 questions from the evaluation data released by Min
et al. [19]. We use a fixed random seed to select 200 questions for each of six directions (left, right, above,
below, far, and close). For SpatialTunnel [19], we use all 1,200 questions in the evaluation file, which
contains 200 questions for each of the same six directions. Overall accuracy is the percentage of correctly
answered questions in each benchmark.
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Results. We compare direct generation and S-Space readouts for all five models on CV-Bench, Emb-
Spatial, and SpatialTunnel. Overall accuracy is reported in Table 3, followed by results for each spatial
direction in Tables 4, 5, and 6.

CV-Bench EmbSpatial SpatialTunnel
Model Layer Direct S-Space Direct S-Space Direct S-Space
Molmo2-ER 22 94.40 91.92 90.42 86.92 97.83 96.50
MolmoAct2-Pretrain 18 92.32 91.76 85.33 90.67 89.50 91.25
MolmoAct2 19 91.76 91.44 88.58 89.92 89.00 92.75
Qwen3.5-4B 15 73.60 89.36 78.50 86.42 86.33 90.08
Qwen3.6-27B 43 93.76 91.84 91.33 89.00 96.83 92.92

Table3 Spatial QA accuracy (%). Direct generates answers, and S-Space compares object coordinates. Each
model uses its layer selected on COCO. Bold marks the better method.

Model Method Overall Left Right Above Below Far Close
Molmo2-ER Direct 94.40 89.07 97.00 94.44 95.93 96.33 93.33
S-Space 91.92 89.62 91.50 94.44 95.93 90.33 92.33
MolmoAct2-Pretrain Direct 92.32 92.35 96.50 93.06 99.19 99.67 79.00
S-Space 91.76 88.52 92.00 90.97 94.31 92.67 92.00
MolmoAct2 Direct 91.76 94.54 95.00 95.14 96.75 100.00 76.00
S-Space 91.44 90.71 90.00 90.28 91.06 91.33 93.67
Qwen3.5-4B Direct 73.60 99.45 84.50 97.92 56.10 99.67 20.00
S-Space 89.36 89.62 89.00 94.44 81.30 85.67 94.00
Qwen3.6-27B Direct 93.76 98.36 92.50 97.92 92.68 93.00 91.00
S-Space 91.84 90.16 91.50 95.14 95.93 84.33 97.33

Table 4 CV-Bench accuracy splitted by answer direction. S-Space uses the selected layer. Bold marks
the better method within each model and column, including ties.

Model Method Overall Left Right Above Below Far Close
Molmo2-ER Direct 90.42 92.50 95.50 97.50 97.50 88.50 71.00
S-Space 86.92 92.50 88.50 97.50 96.00 73.00 74.00
MolmoAct2-Pretrain Direct 85.33 92.50 94.00 98.00 98.50 87.50 41.50
S-Space 90.67 95.50 92.50 98.50 97.00 79.50 81.00
MolmoAct2 Direct 88.58 95.50 94.00 97.00 99.00 93.50 52.50
S-Space 89.92 92.50 90.00 98.50 96.50 78.00 84.00
Qwen3.5-4B Direct 78.50 99.00 84.50 99.50 68.50 99.00 20.50
S-Space 86.42 90.50 94.00 98.50 98.00 47.50 90.00
Qwen3.6-27B Direct 91.33 96.50 93.00 97.50 96.00 87.00 78.00
S-Space 89.00 93.50 93.50 99.00 97.50 59.50 91.00

Table 5 EmbSpatial accuracy splitted by answer direction. S-Space uses the selected layer. Bold marks
the better method within each model and column, including ties.
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Model Method Overall Left Right Above Below Far Close
Molmo2-ER Direct 97.83 99.00 100.00 100.00 98.50 100.00 89.50
S-Space 96.50 99.50 99.00 99.50 100.00 85.50 95.50
MolmoAct2-Pretrain Direct 89.50 100.00 100.00 100.00 99.00 100.00 38.00
S-Space 91.25 99.50 99.50 97.00 100.00 72.00 79.50
MolmoAct2 Direct 89.00 100.00 100.00 100.00 99.00 100.00 35.00
S-Space 92.75 99.50 99.00 96.50 100.00 75.50 86.00
Qwen3.5-4B Direct 86.33 100.00 95.50 100.00 94.50 100.00 28.00
S-Space 90.08 100.00 100.00 100.00 100.00 41.00 99.50
Qwen3.6-27B Direct 96.83 100.00 100.00 100.00 100.00 94.50 86.50
S-Space 92.92 100.00 99.50 100.00 100.00 80.00 78.00

Table 6 SpatialTunnel accuracy splitted by answer direction. S-Space uses the selected layer. Bold
marks the better method within each model and column, including ties.

C.3 Causal Interventions

Editing hidden states. We edit an object’s hidden state to change its S-Space coordinates. Let h denote
this hidden state and V' = [v,, vy, v.] contain the spatial readout directions. To change the coordinates
from ¢ = V "h to ¢/, we apply

B=Vv(V'V)"L, K =h+B(c—-c). (11)

This update gives V ' h' = ¢/ when the three axes are linearly independent. It preserves the component
of the hidden state orthogonal to S-Space.

Edits. Let ¢, and ¢, denote the query and reference coordinates on the edited axis, and hy, by € R? their
hidden states. We implement four edits:

Shift one object: ¢, = ¢q + 3, c =
Shift both objects: ¢, = ¢4 + f, c

Swap: ¢, = cq +alc, —¢g), ¢ =cr—ale —cy),

Random edit: A

Here, § is a signed offset. Shifting both objects preserves their coordinate difference ¢, — ¢,. For swaps,
a = 0 leaves the coordinates unchanged, a = 1 exchanges them, and larger values move them farther
apart in the reversed order. We note that amplified intervention is a common practice in related literature
of mechanistic analysis [18, 24]. The shifts and swaps keep the other two coordinates fixed.

For random edits, my, m, are the norms of the query and reference swap updates at o = 1. We multiply
these norms by « to set the random edit magnitudes:

my = [P (e =1) = hell2,  t € {q,7},

g
u=-——  g~N(0,I).
gl

Here, h;"*P(a = 1) denotes the hidden state after a swap with a = 1. The query and reference receive
opposite directions, each with the same norm as the corresponding swap update at strength «. For each
example, we keep u fixed across edit strengths.

Questions. We ask about absolute position, relative position, or object color using the following prompts.
The position questions below showcase the horizontal axis.

1. Absolute position

Is the {query} to the left or right of the image center? Answer with only one word.
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2. Relative position

Is the {query} to the left or right of the {reference}? Answer with only one word.

3. Object color

What color is the {query}? Answer with only one word.

Main results. We use Molmo2-ER for all interventions. Figure 4 uses 800 EmbSpatial examples at L17.
In Figure 4, swaps and random edits use a = 0,1,...,6, and shifts use § = 0,+5,...,+30. Table 7
reports the answer retention values plotted in Figure 4.

Edit method Question Editing scale and answer retention (%)
. B=0 +5 +10 +15 +20 +25 +30
Absolute position
. . 100.00 95.15 89.23 80.62 68.37 52.49 41.05
Shift one object
B=0 +5 +10 +15 +20 +25 +30

Color
100.00 97.00 93.50 89.88 86.38 82.50 78.13

B=0 +5 +10 +15 +20 +25 +30

Shift both objects Relative position
100.00 97.67 94.32 88.50 83.98 81.91 80.36

. . a=20 1 2 3 4 5 6
Swap Relative position
100.00 98.71 85.66 59.82 51.16 45.87 43.93
Random edit Relative position a=0 ! 2 3 4 b 6

100.00 100.00 99.91 99.91 99.87 99.83 99.83

Table7 Answer retention under S-Space intervention (Figure 4).

Layer sweep. The interventions at L.17 show that editing S-Space changes spatial judgments. We repeat
these interventions across layers to examine where this causal effect appears.

We use Molmo2-ER at L13-L20, with 80 examples per task at each layer. For Table 8, we apply the
Swap and Shift both objects edits and ask Relative position questions. For Table 9, we apply the Shift one
object edit along the horizontal axis and ask Absolute position and Object color questions.

Layer Swap (o =5) Shift both object (5 = —30) Shift both object (3 = +30)

13 73.75 85.00 81.25
14 85.00 81.25 83.75
15 50.00 75.00 80.00
16 60.00 92.50 93.75
17 62.50 93.75 93.75
18 43.75 96.25 91.25
19 85.00 96.25 95.00
20 72.50 96.25 92.50

Table8 Layer-sweeping results for relative position interventions. Number refers to the accuracy (%)

of relative position questions under corresponding interventions on 80 examples per layer. Unedited accuracy is
97.50%.
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Absolute position Color

Layer  [8|=10 |8|=30 [B|=50 [5] =30

13 1.25 30.00 76.25 11.25
14 5.00 47.50 83.75 12.50
15 11.25 75.00 93.75 17.50
16 11.25 57.50 73.75 13.75
17 10.00 52.50 55.00 11.25
18 5.00 35.00 43.75 13.75
19 2.50 8.75 6.25 8.75
20 2.50 12.50 11.25 2.50

Table 9 Layer-sweeping results for absolute position and color interventions. Number refers to the
ratio (%) of samples for which the answer changes under either a +3 or a —f intervention at the corresponding
layer.

C.4 Case Studies

Unseen entities and the observer. We present additional examples of S-Space readouts for unseen entities
and the observer in Figure 11.

Political semantics. The political semantic results in Figure 12 include MolmoAct2-Pretrain and Mol-
moAct2 alongside the three models in Figure 7, with the readouts standardized. All five models preserve
the ordering of socialist, moderate, and conservative.

Cardinal direction readouts. We select 191 of the 1,000 MMSI-Bench questions [21] by matching the
correct option text to one of eight cardinal directions. The supplementary code includes the selected
question IDs. We give Qwen3.6-27B the following instruction.

Cardinal direction readouts

Give a concise step-by-step spatial explanation in at most five steps. End exactly with ’Answer: X’,
where X is the option letter.

We replay each generated token sequence with the original images and prompt to extract hidden states at
LL43. For each occurrence of a direction word, we average the hidden states of its subtokens and project
the result onto the horizontal and vertical axes identified on COCO. Compound directions written as
one word, with a hyphen, or with a space are assigned to the same category and counted as a single
occurrence.

Figure 10b presents 1,311 occurrences from both correct and incorrect responses. For each direction, we
first average its occurrences within each question, then average the results across questions with equal
weight.
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IMAGE

S-Space places the unseen ball in the goalkeeper’s diving direction.

PROMPT

The goalkeeper dives toward the ball

S-SPACE READOUT Heaxis
® ball 094[-1.17,-0.69]
® goalkeeper +1.42(+1.33, +1.50]

S-Space places the unseen owner along the direction of the dog’s taut leash.

PROMPT

The dog pulls toward its owner.

S-SPACE READOUT H-axis
® owner +1.46[+1.11, +1.80]
® dog +0.29[-0.25,+0.78]

IMAGE S-Space places the unseen train farther down the tracks than the worker.

PROMPT

The worker waits for the train beside the tunnel.

S-SPACE READOUT D-axis
® train +163[+1.24,+2.04]
® worker +3.49(+3.06, +4.01]
—e—
t ——

IMAGE Even without visual grounding, S-Space places “you” at the observer end of the depth axis.

PROMPT

Compared with curtains, is the desk farther from or closer to you?

S-SPACE READOUT D-axis
® you 3.00, +5.32]
® desk 02,+2.29)
® curtains 152[-1.62,-1.42]

©t
©

With 'past,' 'you' has a lower proximity readout than the robot.

PROMPT

Moving past you, the delivery robot continues along its route.

S-SPACE READOUT D-axis
® you +2.60[+2.34,+2.86]
® deliveryrobot +2.97(+2.92,+3.02]
—e—
©

With 'toward,' 'you' has a higher proximity readout than the robot.

PROMPT

Moving toward you, the delivery robot continues along its route.

S-SPACE READOUT D-axis

® you +4.59[+4.39,+4.79]

@ delivery robot +2.98([+2.91, +3.04]
! (0]

Figure 11 S-Space beyond visible objects. Images, prompts, and horizontal or distance readouts for an unseen
ball, owner, train, the observer, and a robot moving past or toward. Readouts use Molmo2-ER L17. Means and
95% bootstrap intervals are computed across prompt templates.
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Molmo2-ER (L21) ° > o'y
-1.410 +0.615 +0.796
MolmoAct2-Pretrain (L18) L &> o
Q: During the debate, a -1.115 -0.196 +1.311
{identity} speaker responded MolmoAct?2 (L19) . * o
to a moderator member. -0.963 -0.415 +1.378
® socialist ® moderate © conservative Qwen3.5-4B (L15) o ' g 0
-1.183 -0.079 +1.262
Qwen3.6-27B (L43) o > o
-1.082 -0.248 +1.330
left -1 0 +1 right

Standardized horizontal coordinate

Figure 12 Political semantics in S-Space. Standardized horizontal readouts across five models.

C.5 Perspective-Taking Spatial Reasoning

Data and generation. We use the official SpinBench split consisting of 146 questions without a premise
and 144 with a premise. Each question provides one image and asks which object would appear on the
left or closer to the observer when viewed from the left, right, or back. Direct generation uses greedy
decoding with a limit of 128 tokens. The Qwen Reasoning baselines use chain-of-thought generation with
a limit of 32,768 tokens. S-Space + Rotation uses the layers selected on COCO in Table 3. All methods
use the same examples and object order.

Viewpoint computation. For objects A and B in the benchmark options, we compute the coordinate
difference along axis ¢ in the original view as

mg = ’UJ(hA — hB).
With z increasing to the right and z increasing toward the camera, we transform the coordinates using
Rleft(xa Z) = (Z; _x)a Rright(xy Z) = (_Z7l‘), Rback(x7 Z) = (_x7 _Z)

After rotation, we select A if ' < 0 when the question asks which object appears on the left, or z/ > 0
when it asks which object is closer to the observer. We select B otherwise. The implementation applies
the following matrices.

Viewpoint transformation

VIEW_ROTATIONS = {

"front": np.array([[ 1, O, 01, [0, 1, 0], [ O, O, 111),
"left" : np.array([[ 0, 0, 11, [0, 1, 0], [-1, O, ©0I1),
"right": np.array([[ 0, 0, -1]1, [0, 1, 0], [ 1, 0, 011),
"back" : np.array([[-1, O, 0], [0, 1, 0], [ O, O, -111),

source_hvd = np.array([x, y, z]) # right, below, close

VIEW_ROTATIONS[target_view] @ source_hvd

target_hvd

Controlled CoT. For Figure 9, we supply the following reasoning sequence: the relation in the original
view, the target viewpoint, and the relation after rotation. We fill in both relations using the benchmark
labels.

Controlled CoT
The user wants me to determine {TARGET_QUESTION} if the scene were viewed from the {TARGET_VIEW}.

1. =**Analyze the current view:*x

* In the front view, the {QUERY} is {FRONT_VIEW_RELATION} the {REFERENCE}.

2. **Imagine the new perspective:*x

* I now imagine viewing the {QUERY} and the {REFERENCE} from the {TARGET_VIEW}.

3. *xConclusion:*x*
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* From this perspective, the {QUERY} is {ROTATED_VIEW_RELATION} the {REFERENCE}.

Main results. SpinBench results for all five models are reported in Table 10. The comparison covers
Direct, Reasoning, and S-Space + Rotation, with and without spatial premises.

Without premise (n = 146) With premise (n = 144)
S-Space S-Space
Model Direct Reasoning + Rotation Direct Reasoning + Rotation
Molmo2-ER 60.96 - 94.52 61.81 — 99.31
MolmoAct2-Pretrain 66.44 - 96.58 56.25 - 99.31
MolmoAct2 71.23 - 95.89 64.58 - 99.31
Qwen3.5-4B 60.96 62.33 91.10 60.42 72.22 97.92
Qwen3.6-27B 60.96 83.56 95.21 72.92 91.67 99.31

Table 10 SpinBench accuracy across all five models. Direct generates an answer without intermediate
reasoning. Reasoning uses chain-of-thought. S-Space 4+ Rotation applies the requested viewpoint rotation to the
readout coordinates. A premise supplies the correct spatial relation in the original view. Dashes indicate no
reasoning mode. Bold marks the best method.

S-Space with additional evidence. For Molmo2-ER, we further compare S-Space accuracy across layers
with and without spatial premises. As shown in Figure 13, with the premise included, the coordinates read
from S-Space become more accurate, allowing the readout-and-rotation pipeline to answer perspective-
taking questions more reliably.

0= Without premise =e= Wit premise

100 1 i
100% - 144144 r9
\/ 20 1
Without premise frront view] 90 1 A 3
> 15
Question o, g
£ 80 1 s
when viewed from the viewer's left 3 E 10 1
AT e e oL EO SR o e oft 3 5
e? 3 1 3
from the new perspective? 8 % Al g
o\ (A 3
ddpromise \J¥ P
With premise 601 ! I
Image and question, plus: 4 ; 1
A — o PN NV e N ‘
: the mug is farther from the viewer.” ] 4 8 2 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Layer index Layer index
(a) Source-view premise (b) Layerwise accuracy (c) Accuracy difference

Figure 13 Molmo2-ER readouts with spatial premises. (a) Source-view premise. (b) Layerwise accuracy
with (n = 144) and without (n = 146) premises. (c¢) Accuracy difference.

C.6 S-Space under Action Training

As shown in Section 4, language translates space into words and shapes the emergence of S-Space. Action,
by contrast, translates space into movement, providing a more precise interface with the physical world.
To reach, grasp, or manipulate an object, a model must resolve both the geometry of the scene and the
functional parts through which interaction occurs. We therefore ask whether learning to act sharpens
the geometry in S-Space by comparing a VLM with its fine-tuned VLA models.

Models and data. We examine Molmo2-ER, MolmoAct2-Pretrain, and MolmoAct2 on images from the
InstructPart dataset [45], in which a manipulable object contains a characteristic functional part with
estimated depth of the part and the whole object. We construct prompts such as .. Locate the [object]"
and assess the S-Space readout on the distance axis by comparison between the part and the whole,
as in Section 2.3. Ground-truth depth comparison use the provided object and part masks and Depth
Anything V2-Small [44].

Results. As shown in Figure 14, we find an orderly progression along the model family: from the VLM
through the action-model pretrain to the VLA, this local geometry becomes increasingly faithful to the
physical relation between them.
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Given the instruction "hold the kettle",

69.0%
70 4
67.1%

locate the handle. 5
7
O whole object ® functional part g 65 - 63.1%
o
Molmo2-ER @© ®
b=
MolmoAct2-Pretrain @————+——O 3
a
MolmoAct2 @——+—O 60
Molmo2-ER MolmoAct2- MolmoAct2

Pretrain

(a) Object and part readouts (b) Depth-comparison accuracy

Figure 14 Action training sharpens part—whole depth geometry in S-Space. (a) Depth readouts for
the kettle and its handle. (b) Depth comparison accuracy at L18 for all three models. Error bars indicate 95%
confidence intervals across prompts.

C.7 S-Space in Multi-View Contexts

Although S-Space is identified entirely from single-view examples, a workspace should still provide mean-
ingful spatial coordinates when multiple views of the same scene are presented. We examine whether the
model can use the prompt to select which view defines the observer-centered frame.

View pairs and prompt steering. We construct 600 view pairs in panoramic scenes from Yu et al. [46],
with 100 per direction. The same object appears in both views. As illustrated in the prompt-steering test
(Figure 15a), we keep the prompt fixed on “In View 1” while swapping which image is designated as View
1, and test whether the resulting change in an object’s S-Space coordinates follows the corresponding
change in viewpoint.

Results. Across models, steering accuracy is consistently well above random choice along the horizontal,
vertical, and distance axes (Figure 15b). These results suggest that S-Space is not tied to a single visual
input, but can be dynamically anchored to the viewpoint selected through language.

Prompt

In View 1,
where is the
mannequin?

hag

Prompt
In View1,

whereis the
mannequin?

hsa

Qwen3.5-4B -

Qwen3.6-27B -

Molmo2-ER -

MolmoAct2-Pretrain -

MolmoAct2 - |

Horizontal (H)

binary chance

@950 -

® 965 -

@ 93.0

@ 82.0

® 81.0

Vertical (V)

® 76.5

® 73.5

® 94.5

®975 -

© 90.0

Depth (D)

® 57.0

@ 59.0

@ 68.0

@ 62.0

® 635

80 90 100 50 60 70 80 90 100 50 60 70 80 90 100

Prompt steering test

vl (hBa —hag) >0 = right v/

Prompt steering test accuracy

a) Prompt steering test b) Steer accuracy
g

Figure 15 Prompt steering test of S-Space in multi-view contexts. (a) Each example is evaluated twice
with the same View-1 query while the two input images are swapped. (b) We evaluate the sign agreement between
the resulting change in the S-Space coordinates and the object’s ground-truth displacement between the two views.
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