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Abstract001

Spatial reasoning abilities have become more002
important to recent tasks. However, we do not003
understand how LLMs reason about space or004
utilize their multi-modal inputs in such tasks.005
As a starting point, we introduce a dataset of006
text-only spatial reasoning problems on grids1007
to understand what abilities LLMs have without008
exposure to visual modalities and compare the009
performance of a variety of LLMs and VLMs010
on these tasks. We find that even text-only011
models have some implicit or mathematical012
understanding of grids and the 3D space they013
represent; however, even VLMs and founda-014
tion models fall short when asked to reason015
about space from the perspective of an embod-016
ied agent (i.e. with its own frame of spatial017
reference). We also find that models struggle018
more when instructing others and when they019
need to recognize real-world concepts within a020
grid.021

1 Introduction022

With the recent ubiquity of LLMs, their applica-023

tions have widened in range from the original text024

generation to more varied tasks. Among these ap-025

plications are those that require the ability to reason026

about space, such as Vision-and-Language Nav-027

igation (VLN), which requires models to under-028

stand verbal spatial relations relative to embodied029

agents to move through an environment (Zhang030

et al., 2024). Task-oriented multi-modal settings031

require interacting with objects in complex envi-032

ronments (Padmakumar et al., 2021), while new033

visual tasks go beyond simple identification and034

require spatial reasoning for applications such as035

scene descriptions (Fu et al., 2024a) and reasoning036

over 2D and 3D images (Cheng et al., 2024; Chen037

et al., 2024) for task completion and planning.038

Many approaches to such tasks incorporate an039

additional modality, such as vision or a representa-040

1Our dataset and code will be freely available at URL.

tion of point cloud data, but using these effectively 041

often requires changes to model architecture (to ac- 042

cept a new modality) and/or additional training or 043

fine-tuning. Furthermore, even with such additions, 044

it is unclear if fundamentally non-physical mod- 045

els that have been trained primarily on unpaired 046

text can truly understand 3D space. Despite recent 047

advances on various spatial reasoning tasks, the 048

internal reasoning processes of LLMs, VLMs, and 049

variations thereof are often not interpretable, mean- 050

ing that merely measuring performance is distinct 051

from evaluating understanding. Even with strong 052

performance, further investigations into how addi- 053

tional modalities, like vision, are used in spatial 054

tasks reveal that multi-modal LLMs receive little 055

additional information from images when provided 056

with rich text representations (Wang et al., 2024a). 057

In that case, textual descriptions of physical 058

space may serve as a convenient proxy for com- 059

plex visual inputs when evaluating spatial reason- 060

ing. And grids are the natural choice for a textual 061

representation of complex 3D layouts and move- 062

ment. Thus, we present GSU, a dataset composed 063

of 3 simple text-only grid spatial reasoning tasks 064

geared to applications in embodied domains to ex- 065

plore LLMs inherent ability and potential in spatial 066

reasoning. 067

• The Navigation Task requires instruction gen- 068

eration or following on 2D and 3D grid with 069

two potential spatial frames of reference: Car- 070

dinal (i.e. fixed), testing recognition of 1D di- 071

rectional differences in coordiantes, and Ego- 072

centric (i.e. moving with an embodied agent), 073

testing understanding of rotating/updating spa- 074

tial reference frames. 075

• The Object Localization task asks where tar- 076

gets are relative to a viewer (Egocentric), test- 077

ing 2D and 3D direction differences in coordi- 078

nates, or relative to a separate spatial reference 079
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Figure 1: The GSU Dataset tasks and settings visualized for clarity (note that the models do NOT receive these
visuals and instead receive a textual version of the environment shown in Appendix E). The grey arrows indicate the
heading, i.e. direction that the embodied agent is facing. In the Navigation task, they remain aligned with +Y in the
Cardinal setting and rotate to reflect the last direction of travel in the Egocentric setting, which affects the direction
of the second step and the final coordinates. For the Object Localization task, we show how different headings
affect the spatial relations between the target and the reference. For the Structure Composition task, we show the 3
structure categories that models may be asked to describe.

(Allocentric), testing spatial reference in col-080

laborative settings.081

• The Structure Composition task needs mod-082

els to translate sets of coordinates into basic083

shapes (e.g. rows, columns, cubes), testing084

ability to link coordinates to real-world shapes085

and process large numbers of coordinates.086

2 The GSU Dataset087

We now expand on each of these relatively simple088

spatial tasks and the specific facets of textual co-089

ordinate reasoning they test. For more details on090

generation, please refer to Appendix A.091

2.1 The Navigation Task092

The first task measures models’ understanding of093

textual coordinates as a representation of physical094

space. In this task, models must correlate natural095

language directions (i.e. left, down, backward)096

with grid traversals across coordinates differing in097

1 dimension at a time, i.e. equating moving from098

(0, 0) to (2, 0), to (2, 1) with moving "right 2" and099

"forward 1".100

2.1.1 Instructor vs. Follower101

VLN tasks are generally a conversation between102

two counterparts: an instructor and a follower.103

While, the instructor is often a person and the fol-104

lower an agent, this is not necessarily always the105

case (e.g. a collaborative system with multiple 106

agents, Narayan-Chen et al. (2019)’s MDC Archi- 107

tect task, etc). So, models should be proficient 108

in both directions of this mapping between verbal 109

spatial directions and coordinate traversals. 110

In the Follower setting, models receive a set of 111

natural language instructions explaining how to 112

traverse the grid (e.g. "move right 2 steps and then 113

forward 1") and must output a coordinate reflecting 114

their final location (e.g. (2, 1)). Whereas in the 115

Instructor setting, models receive a grid traversal 116

expressed as a series of intermediate coordinates 117

(e.g. (0, 0), (2, 0), (2, 1)) and must output the 118

natural language instructions that correlate to that 119

path (e.g. right 2, forward 1). 120

2.1.2 Spatial Frames of Reference 121

We consider two separate frames of reference for 122

the spatial directions of the grid. In the Cardinal 123

setting, the spatial directions are fixed to the axes of 124

the grid and never change, i.e. to move forward al- 125

ways means to increase the y value, while to move 126

left always means to decrease the x value. While 127

many grid based tasks use this fixed perspective of 128

spatial relations (e.g. Aghzal et al. (2025)), it does 129

not transfer well to practical collaborative settings 130

where an embodied agent or a human it is instruct- 131

ing have their own frame of reference that may not 132

align with a fixed grid. 133
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The Egocentric formulation aligns spatial direc-134

tions with the perspective of an embodied subject135

navigating the grid, keeping them constant relative136

to their body, thus changing their meaning relative137

to the fixed axes of the grid over the course of the138

task. For example, in the Egocentric setting to go139

right 2 steps and then forward 1 step would first140

entail turning to the right (90◦ clockwise to face141

+X) and moving two steps in that direction. Then,142

moving 1 step forward would no longer mean in-143

creasing the y value, but rather continuing forward144

in our current heading/direction of travel, i.e. in-145

creasing our x value. This would be equivalent to146

moving 2 steps right and then 1 more step right in147

the Cardinal setting. (See Figure 1 for a visualiza-148

tion.)149

Additionally, we include a simpler form of150

the Egocentric Instructor setting, Card2Ego.151

Rather than going from coordinates to ego-152

centric spatial directions, Card2Ego asks153

models to turn cardinal spatial directions154

(North/South/East/West) into egocentric spatial155

directions (left/right/forward/backward).156

2.2 The Object Localization Task157

The object localization task focuses on understand-158

ing how grid coordinates are situated spatially rela-159

tive to one another. Specifically, given a viewer at160

the origin we ask models to determine where a tar-161

get at a randomly generated coordinate is relative162

to that viewer (Egocentric) or where it is relative163

to a reference at another randomly generated co-164

ordinate (Allocentric). In the former, models are165

expected to reply with something to the effect of166

the object is "to my right" and in the latter with the167

target is "to the right of" the reference.168

In this task, we vary the heading of the viewer169

(i.e. which axis they are facing parallel to), the170

distance between the target and the reference (are171

they adjacent to each other or further away), and172

add distractors (see A for more).173

2.3 The Structure Composition Task174

The final task explores a model’s ability to under-175

stand how blocks/voxels can be composed into176

larger overall structures. Not only does it require177

an understanding of how coordinates relate to real178

space, but also a knowledge of basic shapes/forms179

(e.g. a series of blocks that differ only in their180

z-dimension are stacked vertically and thus a col-181

umn).182

2.3.1 Composition Types 183

In the most basic setting, Simple, the selected co- 184

ordinates form one structure of a single color and 185

the model must interpret what 3D shape their ar- 186

rangement forms (e.g. a row or a cube). Slightly 187

more complicated is the Cohesive setting where 188

multiple colors of blocks form a single structure 189

and the challenge is to understand how those col- 190

ors interact with the structure (e.g. compare "a row 191

with alternating orange and blue blocks" and "a row 192

with an orange left half and a blue right half"). Fi- 193

nally, the Composite setting places 3 single-colored 194

structures adjacent to each other, asking the model 195

to identify the 3 shapes, their colors, and where 196

they are relative to each other. 197

3 Experiments 198

To explore grid spatial understanding over a variety 199

of model families, sizes, and types, we tested 5 200

broad categories of models. First, we tested small 201

text-only models: Mistral-7b (Jiang et al. (2023)’s 202

Mistral-7b-Instruct-v0.3), Llama-8b (Grattafiori 203

et al. (2024)’s Llama3.1-8b-Instruct), and Qwen- 204

7b (Yang et al. (2024); Team (2024)’s Qwen2.5- 205

7b-Instruct). Additionally, we prompted their 206

most similarly sized Vision-Language counterparts 207

to see if exposure to a visual modality (even if 208

it is not being utilized) can induce further spa- 209

tial understanding: Pixtral-12b (Agrawal et al., 210

2024), LlamaVL-11b (Grattafiori et al. (2024)’s 211

Llama3.2-11b-Vision-Instruct), and QwenVL-7b 212

(Team (2025a); Bai et al. (2023); Wang et al. 213

(2024b)’s Qwen2.5-VL-7B-Instruct). We also eval- 214

uated larger models, as they are known to be more 215

powerful than their smaller counterparts: GPT- 216

OSS20b (OpenAI, 2025), Qwen32b and QwenVL- 217

32b ((Team, 2025b)’s 32b Instruct variants), Olmo- 218

32b (Olmo et al., 2025), Qwen-72b (Yang et al. 219

(2024); Team (2024)’s Qwen2.5-72B-Instruct). Fi- 220

nally, to consider a frontier model, we choose GPT- 221

4o (OpenAI et al., 2024), and to compare over- 222

all performance to a much smaller model (<1B 223

params) that can be fully fine-tuned, we fully train 224

FlanT5-large (Chung et al., 2022). 225

For the purposes of prompting we generate test 226

sets for each task of size 100 and for training 227

we generate another of size 3000 (we did not see 228

marked improvement in training by increasing the 229

dataset size beyond this, see Appendix B for more 230

details). The experiments in 1 and the Object Lo- 231

calization ones in Table 2 are 1-shot prompting 232
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with a handwritten example that includes the full233

reasoning needed to generate an answer. For the234

Structure Composition task in 2 the experiments235

are 3-shot prompting with synthetic examples and236

no reasoning. These setting were chosen based on237

performance (see Tables 5 and 6 in the Appendix),238

as the first two tasks rely more on reasoning traces239

and benefit from one dense examples and the final240

task requires no reasoning and thus benefits from a241

larger quantity of examples.242

3.1 Metrics243

3.1.1 Navigation244

For the Follower task, we evaluate the accuracy of245

the predicted final coordinates as an exact match246

and also compute their distance from the true final247

coordinates. For the Instructor task, we measure248

the exact match accuracy of the instruction chain.249

Additionally, we calculate the distance between the250

true final coordinates (which are the last coordi-251

nates given in the Instructor prompt) and the final252

coordinates obtained by executing the predicted253

instruction chain starting from the beginning coor-254

dinates.255

3.1.2 Object Localization256

To measure model performance on the Object Lo-257

calization tasks, we compute the spatial overlap,258

OS , of the relations in the predicted text, p, and the259

ground truth text, g.260

Os =
Er(p) ∩ Er(g)

Er(p) ∪ Er(g)
∗ 100

where Er extracts all spatial relations from the text261

and represents them in a simplified set (i.e. all syn-262

onyms map to one relation name, etc). To under-263

stand the scale of the overlaps metrics, a 0 indicates264

no overlapping terms while a 100 is perfect match.265

If the correct spatial relations are "front" and "left"266

and the model predicts only one of them, it receives267

a 50. If it gets one correct and generates an extra,268

incorrect relation, it gets a 33.33, while if it gets269

both correct and still adds an extra, it gets a 66.67.270

In our prompts (see Appendix E) we specify that271

all spatial relations should be given as target is272

⟨spatial relations⟩ of reference and we found that273

nearly all generations followed this prescription.274

Thus, we found no need to account for the order of275

objects (i.e. in the Egocentric setting we assume276

all generations are relative to the agent, "the target277

is to the right of me", and ignore the possibility of278

"I am to the left of the target").279

3.1.3 Structure Composition 280

We continue to use the spatial overlap metric, Os, 281

described in 3.1.2 and add three additional overlap 282

metrics: Oc, which measures the overlap of the 283

color terms, On, which measure numerical overlap, 284

and Of , which measures the overlap of the struc- 285

ture formation terms. For On, we use the same 286

simple overlap as Os. However, unlike the Ob- 287

ject Localization task, we have the opportunity for 288

multiple colors of the same type in the Compos- 289

ite setting, so the formulation for Oc is slightly 290

different: 291

Oc =

∑
colors min(Cc(p, color), Cc(g, color))∑
colors max(Cc(p, color), Cc(g, color))

∗100

where Cc(text , term) counts the occurrence of 292

term or its synonyms in the text text . Thus, a 293

generation that only generates one "yellow" in a 294

structure with 2 yellow sub-structures is penalized, 295

as is a model that predicts 2 yellow substructures 296

in a structure with just 1. 297

Of follows the same base logic as Oc, but with 298

more varied synonyms checked in Cf and addi- 299

tional partial credit afforded for predicting similar 300

but not correct shapes. E.g. rather than getting no 301

credit for predicting "a blue row on the ground" 302

when the structure is a blue column, we award par- 303

tial credit based on how similar the shapes are. (see 304

Appendix A.1) 305

4 Results and Discussion 306

4.1 Navigation 307

As expected, for the Navigation Follower task, 308

we saw much stronger performance in the more 309

predictable Cardinal setting (see Table 9 in 310

the Appendix), where even the smaller Vision- 311

Counterpart models were consistently solving the 312

3D task (receiving scores of 0.67, 0.60, and 0.90, 313

respectively), and were extremely proficient on the 314

2D task (with the LLama and Qwen models getting 315

every example correct). With all of its rotations 316

relative to an embodied traveller, the Egocentric 317

formulation proved to be more difficult, posing a 318

challenge even for GPT-4o and our largest Qwen 319

model. While the 3D Cardinal was more challeng- 320

ing than its 2D counterpart, we suspect that the 321

higher scores in the 3D Egocentric setting are due 322

to up/down movements not requiring turns by def- 323

inition, which effectively shorted the number of 324
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Follower Instructor
Egocentric 2D Egocentric 3D Cardinal Egocentric Card2Ego
acc ↑ dist. ↓ acc ↑ dist. ↓ acc ↑ dist. ↓ acc ↑ dist. ↓ acc ↑ dist. ↓

Small
Mistral-7b 0.30 6.85 0.38 6.14 0.59 2.84 0.15 11.87 0.27 11.23
Llama-8b 0.33 7.03 0.47 4.85 0.69 1.95 0.06 11.87 0.09 12.30
Qwen-7b 0.09 22.54 0.19 20.44 0.76 1.57 0.21 8.96 0.36 7.52

Vision
Counter-
parts

Pixtral 0.33 6.31 0.50 5.60 0.87 0.75 0.26 7.65 0.35 9.01
LlamaVL-11b 0.32 7.36 0.47 5.78 0.74 1.52 0.14 11.96 0.28 9.59
QwenVL-7b 0.29 7.9 0.21 12.91 0.44 4.54 0.21 7.46 0.30 7.74

Medium

GPT-oss-20b 0.15 17.67 0.16 13.95 0.26 5.76 0.10 11.35 0.58 4.95
Olmo-32b 0.34 7.22 0.40 5.94 0.48 4.59 0.14 8.20 0.62 4.24
Qwen-32b 0.37 6.37 0.32 12.71 0.58 3.14 0.21 8.80 0.60 4.08
QwenVL-32b 0.38 6.41 0.52 5.16 0.12 6.58 0.17 14.00 0.64 4.44
Qwen-72b 0.49 5.76 0.75 3.66 1.0 0.0 0.47 5.67 0.53 5.23

GPT-4o 0.71 2.94 0.84 1.40 0.89 0.56 0.67 4.04 0.93 0.77

Full FT FlanT5 0.80 13.80 0.82 13.14 0.99 0.03 0.95 0.37 1.0 0.0

Table 1: Results of 1-shot prompting on the Navigation task, reported as accuracies out of 1.0 and distances from
the correct navigation endpoint. The best results for each experiment are bolded while the best within eahc model
grouping are underlined.

Object Localization Structure Composition
Egocentric Allocentric Os Oc Of On

Small
Mistral-7b 30.32 46.50 49.75 72.60 30.21 20.01
Llama-8b 46.17 50.18 62.04 86.69 22.70 37.75
Qwen-7b 52.81 54.78 54.58 85.43 28.57 42.97

Vision
Counterparts

Pixtral 40.83 48.18 66.25 87.68 42.16 55.43
LlamaVL-11b 48.40 48.08 64.48 86.58 44.44 44.05
QwenVL-7b 48.67 44.95 54.58 85.43 33.46 43.57

Medium

GPT-oss-20b 59.90 45.46 62.88 57.11 43.60 48.47
Olmo-32b 85.98 54.17 65.33 91.97 48.60 54.60
Qwen-32b 33.95 27.25 69.10 87.98 42.76 66.65
QwenVL-32b 68.03 50.80 67.40 93.62 55.09 68.22
Qwen-72b 79.53 53.83 70.67 88.11 42.81 69.23

GPT-4o 96.00 65.50 69.20 88.63 52.85 82.28

Full FT FlanT5 73.03 100 93.17 70.93 81.35 68.08

Table 2: Left: 1-shot Prompting on the Object Localization Task, measured in spatial term overlap out of 100. Right:
3-shot Prompting on the Structure Composition Task, measured with Os, spatial overlap, Oc, color overlap, Of ,
shape/formation overlap, and On, numerical overlap metrics all out of 100. The blocks for the Structure Composition
Task are represented as textual lists, for more info on other representations and comparisons see Appendix A The
best results for each experiment are bolded while the best within each model grouping are underlined.

rotations and led to fewer opportunities to intro-325

duce errors.326

Looking at the "reasoning" traces generated by327

the models, we see that compared to the neat, con-328

tained logic with the occasional mistake seen in the329

Cardinal setting, models struggle to keep the axes330

consistent in the Egocentric setting. At the start,331

they seem to understand the standard Cartesian lay-332

out (when facing positive y, positive x is to your333

right), but as they progress through the instruction334

sequences they fail to keep this consistent with the335

actions they take. This leads to generations such336

as "we are facing negative y, with positive y to our337

right" or "we turned towards positive x, so we’re 338

facing negative x". Sometimes, these incorrect jus- 339

tifications are followed by correct steps though, as 340

in: "we are facing negative x with positive x to the 341

right, so that means that turning right means going 342

towards positive x ... [rest of the step] ... now, we 343

are facing positive y" [+Y being the correct axes 344

to the right of −X , and thus the correct heading 345

upon finishing the step]. 346

As the models get more powerful, they make 347

these mistakes less often but instead make the cor- 348

rect turns and then forget to adjust their heading in 349

the logic, leading to two steps in the same direction. 350
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Other times they ignore the rotational components351

and proceed according to a fixed grid.352

For the Instructor task, we see that performance353

is weaker than its Follower counterpart, but some354

models are still able to produce strong instructions355

sequences that often get quite close to the desired356

endpoint, with Qwen-72b even solving the task357

completely. But the Egocentric setting again breaks358

what "understanding" these models possess, lead-359

ing to performances well below a simple model of360

875M parameters fully fine-tuned on the problem.361

Even Qwen-72b and GPT-4o, which show some362

promise on shorter sequences, get turned around in363

longer sequences.364

To better understand the source of the errors in365

the Egocentric setting, we proposed the Card2Ego366

setting, which just required understanding how car-367

dinal directions would change relative to an em-368

bodied traveller, removing the necessity of reason-369

ing about specific coordinates and where they fall370

relative to each other. We found that models per-371

formed better in this setting, with medium sized372

models seeing notable improvements, but were still373

far from completely solving the task. This im-374

provement suggests that while reasoning about the375

coordinates is a difficult aspect of the Egocentric376

Instructor setting for LLMs, models also struggle377

with the concept of rotating the spatial frame of378

reference itself.379

4.2 Object Localization380

For the Egocentric Object Localization task, we381

tested the models on the hardest setting (adjacent382

target blocks with additional distractors) and in var-383

ious headings in a 3D grid and saw the expected384

pattern of improvement from larger models. There385

was, however, no clear correlation between having386

exposure to a visual modality and improved rea-387

soning over textual coordinate grids in the smaller388

models. The significant improvement in the Qwen-389

32b models once vision was added may suggest390

that VLMs cannot make use of additional spatial391

information from exposure to visual modalities un-392

til the base model reaches a certain size.393

We further looked into accuracy based on the394

heading (see Table 4 in the Appendix for more),395

and found that models mostly performed best in396

the +Y heading that we would consider the "stan-397

dard" for the Cartesian grid, with the Qwen family398

and our fine-tuned model showing the strongest399

preference (perhaps due to exposure to a similar en-400

vironment or task in pre-training). For the other 3401

headings there was no clear preference between all 402

models, with some preferring the −Y heading as 403

second best and others the headings parallel to the 404

X-axis. We see the effects of this axis preference 405

compounded in the Egocentric Navigation task, 406

where models struggle to identify spatial directions 407

in non-standard headings. 408

Especially in the smaller models, we saw a lack 409

of understanding of how axes were situated relative 410

to each other (similar to the Navigation task). We 411

also observed confusion over whether the y or z 412

axis was vertical (despite it being explicitly stated) 413

leading to productions such as, "the block is below 414

and above me". There were common incorrect 415

conclusions such as, "I am facing negative y so 416

smaller values are in front of me. [correct] My y 417

is -4 and the block’s is 7, so it is above me" or 418

"I know that negative x is to my right [correct] so 419

smaller x values smaller than me are to my left". 420

In general, these mistaken deductions were aligned 421

with a standard +Y heading rather than the correct 422

premise preceding them, showing that despite any 423

intermediate generations to contrary, the models 424

were still operating in that +Y heading. 425

For the Allocentric Object Localization task, we 426

evaluated only on the +Y heading so the slight 427

performance drops compared to the Egocentric for- 428

mulation are actually much more pronounced con- 429

sidering that models perform best on this heading. 430

Most models performed worse on the Allocentric 431

variant, suggesting that models struggled to rea- 432

son about how two grid coordinates were situated 433

relative to each other from the agent perspective 434

(a third coordinate). Those that performed better 435

were likely benefiting from the lack of distractors 436

in the Allocentric setting rather than displaying a 437

particular strength at the task itself. 438

We generally saw similar errors on this task, but 439

we did note that with an allocentric spatial refer- 440

ence models confused the forward and backward 441

directions, often flipping them. That is, if the tar- 442

get was between the viewer and the reference they 443

would describe it as behind the reference rather 444

than in front of it as in Figure 2. 445

For the Object Localization task, we also ex- 446

plored LORA fine-tuning as an option to improve 447

model performance. (The other tasks did not see 448

improvements from LORA, likely due to the rea- 449

soning nature requiring an initial generation before 450

the answer, which is not the most compatible with a 451

supervised training process.) The LORA fine-tuned 452

LLama-8b and Mistral-7b improved performance 453

6



Figure 2: Allocentric front/back flipping

significantly–outperforming or matching the Qwen-454

72b model. (See Table 7 for more) This might indi-455

cate that while LLMs are not the strongest textual456

grid spatial reasoners, they have all the potential to457

be with some fine-tuning.458

4.3 Structure Composition459

For the Structure Composition task, we saw spatial460

results similar to the Allocentric ones, with just461

slight improvements in some models, likely due462

to the perspective difference in the task definition:463

in the Allocentric setup we treat the reference as464

having its own spatial reference (i.e. it has a left465

and right of its own, mirroring those of the viewer),466

whereas in the Structure Composition setup we de-467

fer to a viewer facing along the +Y axis for spatial468

terms to preserve the simplicity of the task. This469

simpler spatial referencing is offset by the higher470

number of blocks and the need to group and then471

orient them correctly. For the color metric, models472

predictably perform well, with most mistakes due473

to forgetting a color rather than hallucinating one.474

As for numbers, model generations are very often475

wrong, especially with the larger structures, or the476

models break up the structure differently, leading to477

different (and usually incorrect) dimension break-478

downs. For example, some models may break a479

tower 8 blocks high and with a 3 x 3 base into 10480

columns each 7 blocks high.481

Naturally, the Of subtask was the most difficult482

since it requires models to match groupings of co-483

ordinates to real-life shapes that exist outside of484

grid and coordinate settings, making the fully fine-485

tuned model’s performance all the more impressive.486

The shapes generated by the LLMs seem sensible487

and comprehensible when viewed independently488

of the ground truth, but often fail to match it. In489

the 0-shot setting, models tended to output vague490

descriptions rather than concrete shapes, like opt-491

ing to describe a 4 x 7 rectangle as "a continuous492

layer of blocks". This carried over to the 3-shot set-493

ting to an extent, with productions like "structure", 494

"formation", or "platform" as base words and rich 495

adjectives to modify them (e.g. a "large, flat, and 496

expansive structure"). They also had a tendency to 497

flatten 3D shapes, describing cubes as squares or 498

rectangular prisms as rectangles. Reflective of this, 499

we used generous synonyms in the shape metric 500

(see Appendix A.1). 501

On occasion, the LLMs would name structures 502

incorrectly while still producing the correct dimen- 503

sions: e.g. calling a 8 x 2 x 2 tower a "cube with 504

height 8 and width 2", which is fundamentally not a 505

cube, but clearly shows some understanding of the 506

formed structure. While such productions are not 507

rewarded by the shape metric, they are reflected 508

in the numerical one. They are also much less 509

common than the LLMs just guessing an incorrect 510

shape. As such, an Of score around 50, as the best 511

models have, reflects a mastery of simple shapes 512

like columns and rows in their individual and Com- 513

posite settings and some limited success with more 514

complex shapes such as towers, rectangular prisms, 515

and cubes. 516

The Structure Composition shape subtask was 517

also the only subtask where we saw a clear and 518

consistent improvement gained by models have 519

some exposure to a visual modality (each of the 520

vision counterparts outperformed their text only 521

base model). 522

5 Related Works 523

Many works have explored how best to represent 524

the real world to LLMs. The defaults are external 525

camera image inputs (for general scenes not from 526

the POV of an embodied agent) and egocentric 527

image inputs (from the perspective of a first person 528

viewer) to a VLM, while others consider presenting 529

the visual information from above instead (Li et al., 530

2024a), but most still find that models lag behind 531

human performance. Also common is forgoing the 532

visual modality altogether and representing visual 533

information with dense pointcloud embeddings that 534

models can be trained to interpret to some degree 535

of success (Hong et al., 2023). 536

Out of these applications and input formats have 537

come increased efforts to understand VLM spa- 538

tial reasoning. (Liao et al., 2024; Liu et al., 2023) 539

find that VLMs do not perform as well on spatial 540

VQA tasks as they do on more standard image 541

tasks, struggling particularly with object orienta- 542

tions. OpenEQA (Majumdar et al., 2024) evaluates 543
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foundation model performance on episodic VQA,544

including object localization within scenes and spa-545

tial reasoning about object dimensions, and find546

that they fall well short of human performance.547

This has led to works like Tang et al. (2025), which548

proposed pairing 2D image and text tasks (answer-549

ing questions on the orientation, distance, and lo-550

cation of nodes) as a training dataset to improve551

spatial reasoning in images to some effect. Wang552

et al. (2024a)’s SpatialEval, which compares LLM553

and VLM performance on 2D image and image554

grid tasks, found that VLMs perform just as well555

with rich text descriptions instead of image inputs,556

while Fu et al. (2024b) find the same for VQA.557

This lack of understanding into how LLMs rea-558

son about space in multiple modalities leads us to559

text-only spatial reasoning tasks, like Momennejad560

et al. (2023), who consider textually represented561

graph traversals and find that LLMs often hallu-562

cinate nodes, find suboptimal paths, and fail on563

denser graphs. However, many text-only spatial564

reasoning setups describe locations relatively (e.g.565

A is to the left of B which is below C) instead of us-566

ing grids to organize space (Li et al., 2024b; Rizvi567

et al., 2024). Those that do use grids avoid coor-568

dinate representations: like Yamada et al. (2024),569

who explore 2D grid navigation in terms of simple570

closed loop paths and relative/textual descriptions571

rather than coordinates, finding that LLMs do not572

match human performance, or Mayer et al. (2025),573

who propose a visual puzzle game on a grid and574

compare visual and chess-style textual formula-575

tions. In fact, we found only one work that utilized576

text-only grid coordinates: Aghzal et al. (2025) ex-577

plore a grid navigation setup (like our 2d Cardinal578

task), evaluating how LLMs plan paths through579

targets whilst avoiding obstacles. Given that coor-580

dinate grids are the default for representing space581

and likely plentiful in LLMs pretraining data, they582

are a clear fit for spatial reasoning tasks.583

GSU distinguishes itself from prior tasks by em-584

bracing grid coordinates in a fully-textual represen-585

tation as an efficient way to represent 3D space, fol-586

lowing recent advances in solving geometry, chal-587

lenging math, and complex reasoning problems588

(Shao et al., 2024; Ahn et al., 2024). Additionally,589

it incorporates embodied agents (either the model590

or another collaborator) and their spatial frames of591

reference into the task, differing from most textual592

navigation and spatial relation tasks (which assume593

externally fixed spatial relations irrespective of the594

rotations/movements of an embodied agent). These595

alone make GSU unique, but we further propose 596

describing grouping of coordinates as real world 597

shapes and structures as an exploration of both spa- 598

tial reasoning and mapping coordinate knowledge 599

to other knowledge of the real world. 600

This has applications in simulated building tasks, 601

such as Narayan-Chen et al. (2019)’s MDC, in 602

which a Builder and Architect collaborate to build a 603

blocks structure on a 3D voxel grid. In fact, each of 604

our tasks can be applied to a different aspect with 605

which models struggle in the MDC. Our Egocentric 606

Navigation setups deal with shifting/rotating spa- 607

tial reference frames that occur as Builders move 608

in their environment, while the distinction between 609

the Follower and Instructor settings highlights the 610

performance difference between the two roles in 611

the same task. Our Object Localization task ad- 612

dresses the issue of verbally expressing where new 613

blocks must be placed relative to existing ones 614

or the Builder, or helping disambiguate multiple 615

blocks of the same color. Finally, the Structure 616

Description task aligns most closely with the MDC, 617

exploring the potential of LLMs to act as effective 618

Architects by seeing if they can adequately describe 619

block structures. Recent work in the MDC (Jayan- 620

navar et al., 2025) has shown improvements on the 621

inverse Builder task: mapping spatial references 622

to correct block coordinates, but progress on the 623

Architect remains largely unexplored. 624

6 Conclusion 625

In this paper, we present GSU, a novel reasoning 626

task offering the opportunity to explore models’ in- 627

herent spatial understanding and supporting exten- 628

sions such as simulated 3D tasks or interpretability, 629

whereby models could use similar formulations to 630

express their own underlying representations of 3D 631

space and the objects in it. When evaluating a range 632

of models on it, we see that LLMs have some abil- 633

ity to understand 3D space presented as a textual 634

grid, especially in common formats they may have 635

exposure to. They can navigate fixed grids, explain 636

where coordinates are relative to each other, and 637

identify simple shapes from coordinates. However, 638

despite the simplicity of the tasks (a 875M parame- 639

ter models was able to perform well on all of them), 640

LLMs struggle when tasks are made more complex: 641

serving as the navigation instructor, accounting for 642

shifting spatial reference frames as agents move, 643

and describing more complex shapes and groupings 644

of them all elude current models. 645
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Limitations646

We acknowledge that these are simple tasks, and647

though they are designed as such to best analyse648

specific aspects of spatial understanding, we think649

more complex text-based tasks could be an inter-650

esting direction of further exploration. Especially651

when paired with evaluation beyond prompting and652

simple LORA fine-tuning. In particular, we would653

be curious to see if RL-style approaches applies to654

reasoning and math problems could yield stronger655

Navigation models.656

Further, we understand that some of our metrics657

are quite simple. While they are generally suitable658

to the complexity of the tasks, we think a stronger659

metric than shape overlap, Of , could provide a660

fuller picture of model abilities by catching edge661

cases.662
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A Dataset Generation865

A.0.1 Navigation866

To generate the Navigation task, we simulate a grid867

traversal by randomly generating steps lengths (e.g.868

how many spaces will be traveled) and randomly869

choosing a direction from the available options (i.e.870

in 2d we pick from left/right/forward/back and in871

3d we also consider up/down) and pair them to-872

gether. Then a function determines the final coordi-873

nates reached given the list of (direction, length)874

pairs and the mode (e.g. Egocentric or Cardinal).875

When evaluating the Follower role, we provide the876

(direction, length) pairs in natural language and877

expect a final coordinate as in Figure 1. In the In-878

structor role, we provide intermediate coordinates879

along the path as shown in Appendix C. As the base880

dataset construction is simply (direction, length)881

pairs, the generated datasets are as similar as possi-882

ble to compare the effects of various settings. That883

is, the Instructor and Follower tasks explore the884

exact same grid traversals but with switched inputs885

and outputs.886

A.0.2 Object Localization887

For the Egocentric setting, we randomly sample 2888

locations within the grid, which extends (−20, 20)889

along all axes, designating one the target and one890

the reference/agent, and a heading along one of891

the horizontal axes (+X , +Y , −X , −Y . For the892

adjacent case, we also sample one of the coordi-893

nates adjacent to the agent location (differing in894

each dimension by at most 1). In the Allocentric895

setting, we assume that the agent is at the origin896

and use the two sampled locations as the target and897

reference blocks. We set the heading either along898

the +Y axis or towards the reference block.899

For both settings, we select distractor blocks that900

do not overlap with the target block and program-901

matically derive the spatial relations.902

Heading: In the Object Localization task, we903

can also vary the direction the embodied agent is904

facing. For the Egocentric setting, facing down a905

different axis greatly affects the spatial relations906

(e.g. a block that is in front of an agent facing907

the +Y direction is to the right of an agent facing908

−X as in 1). For the Allocentric setting, the agent909

GSU
Dataset

Role
Instructor or Follower

Dimension
2d or 3d

Spatial Reference
Cardinal or Egocentric

Navigation

Spatial
Reference
Egocentric

or
Allocentric

Target Distance
Random or Adjacent

Distractors
Yes or No

Object
Localization

Heading
+Y or Facing
 Reference

Heading
+Y, -Y, 

+X, or -X

Structure
Composition Type

Simple, Cohesive, or
Composite

Text Representation
Plain, Set, Dict, or Text

Figure 3: GSU Dataset Tasks and Settings

may look in a fixed direction down the +Y axis or 910

directly at the reference object. 911

Target Distance: We choose if the target struc- 912

tures are placed adjacent to the spatial reference (i.e. 913

adjacent to the agent in the Egocentric setting and 914

adjacent to the reference block in the Allocentric 915

setting) or anywhere on the grid, which is effec- 916

tively further away due to how few coordinates 917

are adjacent to a single coordinate. Unexpectedly, 918

blocks that are directly adjacent to the reference lo- 919

cation are harder for the model to describe spatially 920

(7). This trend was observed for the Allocentric 921

setting as well, see 8. 922

A.0.3 Structure Composition 923

To generate the Structure Composition task, we 924

first generate 3 shapes and associated verbal de- 925

scriptions using a template with minor variations 926

for synonyms and grammatical structure. In the 927

Simple setting we select the first shape and associ- 928

ated description, whereas in the Cohesive setting 929

we then adjust half the blocks in the structure to be 930

a different color and update the verbal description 931

11
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accordingly. Finally, for the Composite setting we932

translate the 3 shapes to be adjacent and join their933

textual descriptions with the appropriate spatial934

terms.935

We initially explored a variety of textual repre-936

sentations for coordinates. In our Plain representa-937

tion, coordinates are input into LLMs as sequences938

resembling pseudo-code:939

COLOR1 X1 Y1 Z1940

...941

COLORN XN YN ZN942

We also explore alternate representations of co-943

ordinates, which this task is particularly suited for944

since it requires processing far more coordinates945

than previous tasks. The Set representation closely946

resembles Plain, but utilizes structures that the947

model might have encountered in code:948

"(COLOR1, X1, Y1, Z1), ..., (COLORN , XN ,949

YN , ZN )"950

Dict resembles a dictionary where each value is951

explicitly labeled:952

"(color = COLOR1, x = X1, y = Y1, z = Z1), ...,953

(color = COLORN , x = XN , y = YN , z = ZN )"954

Text is a more verbal representation and the one955

used in the previous tasks:956

"a COLOR1 block at (X1, Y1, Z1), ..., and a957

COLORN block at (XN , YN , ZN )".958

However, for brevity, we chose the overall best959

performing representation for the main paper, and960

include the supplementary results here (see 3. We961

found it interesting that, in general, the Set and Text962

representations were the best performing across all963

models (with notable exceptions, such as Qwen964

family models highly preferring the Dict represen-965

tation), despite the convention in prior works to966

use the Plain formulation. We also anticipated the967

Set representation performing most similarly to the968

Plain as they were the most similar and were sur-969

prised to see that performance was quite different970

across these two settings. While the Text repre-971

sentation is not the most efficient, it follows that972

textual models would be able to best parse informa-973

tion presented in a form closer to natural language974

than to a set or dictionary.975

A.1 Shape Metric976

For the shape metric, we check for synonyms in977

the generation and map them to their correspond-978

ing shape. The synonyms are built around the base979

vocabulary and then appended to with common out-980

puts in actual generations. For columns, we accept981

"column", as well any production with "vertical" or 982

"upright" and "line" or "row". For rows, we accept 983

any generation with "row" or "line" that does not 984

mention verticality. For towers (multiple columns 985

grouped together), we accept "tower", "rectangu- 986

lar prism", and "pillar". For planes (rectangular 987

prisms only one block thick), we accept "plane", 988

"platform", "rectangle", "wall", "square", "ring", 989

and "O". For cubes, we accept "cube". 990

Furthermore, since shapes can be similar to oth- 991

ers, if a generation does not match at least one of 992

the ground truth shapes, we offer it partial credit 993

based on how similar the shape it predicted was. 994

Confusing rows and columns leads 0.6 of the full 995

1.0 received for a total match, as does mixing up 996

a column and a tower. Since towers and cubes are 997

both rectangular prisms, we offer half credit for 998

such mistakes, and 0.1 for towers and planes or 999

planes and cubes, and 0.2 for rows and towers. 1000

B Training Details 1001

For the LORA fine-tuning runs, we experimented 1002

wit various ranks, learning rates, and training set 1003

sizes. Overall, we found that the model perfor- 1004

mance plateaued at its highest level with rank 64, a 1005

learning rate of 1e-4, and a training set of size 3000. 1006

We used alpha=8 as recommended in cite and an 1007

AdamW optimizer. For the FlanT5-large runs, we 1008

allow the model to train for 15 epochs or until the 1009

loss converges using an AdamW optimizer with a 1010

learning rate of 5e-5. 1011

This project was run on up to 4 gpuA100x4’s 1012

using approximately 1000 GPU hours of compute. 1013

C Model Selection 1014

For the newer models used in the prompting exper- 1015

iments, we considered using the Thinking versions 1016

as they might be better suited to reasoning over grid 1017

logic, but found that the instruct models performed 1018

better. We also explored the Deepseek model dis- 1019

tilled on Qwen32b, which received a 0.15 and a 1020

0.26 on the Egocentric Navigation Follower task 1021

in 2D and 3D (compared to the 0.37 and 0.32 in 1022

the standard 32b model shown in 1). It also only 1023

received a 0.15 on the Egocentric Navigation In- 1024

structor task in 3D. 1025
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D Additional Results 1026

Plain Dict Set
Os ↑ Oc ↑ Of ↑ Os ↑ Oc ↑ Of ↑ Os ↑ Oc ↑ Of ↑

0-shot

Mistral-7b 15.92 42.64 12.45 13.72 47.93 10.87 15.88 46.70 13.83
Pixtral 37.67 74.36 14.64 44.67 70.13 13.62 32.08 72.91 7.25
Llama-8b 21.29 63.90 13.00 22.78 63.91 15.56 25.47 68.83 18.65
LlamaVL-11b 35.83 69.07 11.83 24.57 60.48 12.09 20.94 62.14 13.37
Qwen-7b 32.17 68.72 11.48 40.03 68.32 16.73 28.52 62.76 16.65
QwenVL-7b 18.21 60.37 8.08 33.47 52.78 12.81 30.32 45.83 11.62

1-shot

Mistral-7b 27.56 58.54 13.41 32.00 55.90 13.06 38.44 71.95 11.75
Pixtral 64.58 82.49 24.20 63.00 81.98 20.22 64.20 89.59 31.18
Llama-8b 59.90 63.37 17.81 55.83 66.74 20.83 59.70 85.83 30.19
Llama-11b 63.83 64.75 22.54 59.50 79.86 16.40 60.33 88.96 27.35
Qwen-7b 50.75 76.25 16.00 63.65 81.87 23.08 54.00 88.80 29.67
Qwen-7b 52.52 65.72 8.24 55.67 62.57 13.38 66.90 85.27 23.37

Full FT FlanT5 92.92 70.32 81.59 84.25 67.27 80.88 90.08 68.07 79.68

Table 3: Structure Composition results for Plain, Dict, and Set Representations

+Y +X −Y −X

Mistral-7b 36.90 34.98 29.13 32.26
Llama-8b 51.33 40.23 43.80 37.84
Qwen-7b 77.27 52.10 38.26 44.32

Table 4: Average Spatial Overlaps by Heading

Cardinal 3D Egocentric 3D
acc dist acc dist

1-shot
Mistral-7b 0.48 4.14 0.38 6.14
Llama-8b 0.62 2.65 0.47 4.85
Qwen-7b 0.63 7.79 0.19 20.44

Few-shot
Mistral-7b 0.19 6.23 0.17 8.32
Llama-8b 0.32 4.84 0.20 7.69
Qwen-7b 0.50 4.31 0.29 7.07

Table 5: 1-shot vs Few-shot Navigation: Comparison over 1-shot performance with reasoning vs Few-Shot without
reasoning examples
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Set Text
Os ↑ Oc ↑ Of ↑ Os ↑ Oc ↑ Of ↑

1-shot
Mistral-7b 26.14 54.12 15.18 34.73 57.10 24.22
Llama-8b 59.98 63.58 18.69 60.26 67.05 22.16
Qwen-7b 54.70 74.86 20.85 57.18 71.78 19.14

Few-shot
Mistral-7b 38.44 71.95 11.75 49.75 72.60 26.33
Llama-8b 59.70 85.83 30.19 62.04 86.69 26.10
Qwen-7b 54.00 88.80 29.69 54.58 85.43 25.67

Table 6: 1-shot vs Few-shot Structure Composition: Comparison over 1-shot performance with reasoning vs
Few-Shot without

Egocentric Allocentric
Base Distractors +Y heading Ref. heading

adj. ↑ rand. ↑ adj. ↑ rand. ↑ adj. ↑ adj. ↑

0-shot

Mistral-7b 30.87 34.67 30.20 31.90 32.90 29.67
Pixtral-12b 35.22 42.54 31.42 46.73 40.73 34.43
Llama-8b 36.52 38.78 37.08 33.10 37.11 35.52
LlamaVL-11b 35.33 41.50 33.08 36.55 41.08 39.72
Qwen-7b 53.55 48.20 53.07 49.02 51.75 46.82
QwenVL-7b 26.18 37.83 31.98 36.15 46.75 43.25

1-shot

Mistral-7b 30.30 40.22 30.32 39.61 46.50 32.32
Pixtral-12b 57.55 65.87 40.83 54.30 48.18 42.25
Llama-8b 48.48 52.82 46.17 50.28 50.18 42.37
LlamaVL-11b 53.56 58.27 48.40 51.55 48.08 48.20
Qwen-7b 53.80 59.70 52.81 55.42 54.78 47.93
QwenVL-7b 51.78 52.42 48.67 52.42 44.95 41.08
QwenVL-72b - - 79.53 79.45 53.83 47.62

LORA Mistral-7b - - 36.72 62.62 59.03 47.89
Llama-8b - - 80.05 72.60 61.58 84.03

Full FT FlanT5 98.08 65.75 73.03 62.50 100 96.1

Table 7: Object Localization spatial overlap, Os, scores across the Egocentric and Allocentric settings, as well
various headings and distractor settings. VLM counterparts are in light blue backgrounds, best results overall are
bolded and best results in generation setting are underlined.

+Y Heading Facing Reference
adj rand adj rand

0-shot Mistral-7b 32.90 38.67 29.67 38.12
1-shot Mistral-7b 46.50 39.83 32.32 41.75

Table 8: Adjacent vs Random Block placements in the Allocentric Object Localization Task
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Follower Instructor
Cardinal Egocentric Cardinal Egocentric

2d 3d 2d 3d 2d 3d 2d 3d
acc.↑ dist↓ acc↑ dist↓ acc↑ dist↓ acc↑ dist↓ acc↑ acc↑ acc↑ acc↑

0-shot

Mistral-7b 0.35 6.15 0.24 14.56 0.22 9.92 0.09 17.49 0.01 0.04 0.0 0.01
Pixtral-12b 0.85 2.39 0.54 5.34 0.29 7.34 0.34 7.05 0.21 0.10 0.09 0.07
Llama-8b 0.81 2.34 0.35 8.52 0.33 6.86 0.36 6.55 0.05 0.11 0.02 0.02
LlamaVL-11b 0.80 2.28 0.37 9.20 0.28 7.55 0.38 6.13 0.06 0.10 0.03 0.04
Qwen-7b 0.96 0.49 0.86 0.85 0.56 4.45 0.53 5.41 0.20 0.19 0.16 0.14
QwenVL-7b 0.82 2.92 0.78 3.05 0.35 9.13 0.48 6.75 0.11 0.05 0.09 0.06
Qwen-72b - - 0.67 2.40 - - 0.36 6.21 - 0.62 - 0.37

1-shot

Mistral-7b 0.88 0.92 0.48 4.14 0.30 6.85 0.38 6.14 0.59 0.38 0.15 0.11
Pixtral-12b 0.97 0.37 0.67 4.20 0.33 6.31 0.50 5.60 0.87 0.80 0.26 0.28
Llama-8b 0.99 0.04 0.62 2.65 0.33 7.03 0.47 4.85 0.69 0.54 0.06 0.23
LlamaVL-11b 1.00 0.0 0.60 2.94 0.32 7.36 0.47 5.78 0.74 0.59 0.14 0.21
Qwen-7b 0.89 3.11 0.63 7.79 0.09 22.54 0.19 20.44 0.76 0.83 0.21 0.19
QwenVL-7b 1.0 0.0 0.90 1.02 0.29 7.9 0.21 12.91 0.44 0.66 0.21 0.23
Qwen-72b - - 1.00 0.00 - - 0.75 3.66 - 0.99 - 0.54

Full FT FlanT5 - - 0.94 0.09 - - 0.82 13.14 - 0.90 - 0.85

Table 9: Navigation task results. We compare 0- and 1-shot prompting on base text-only LLMs, similarly sized
VLMs (represented with light blue backgrounds), and a larger LLM variant of the overall best performing model, as
well as a fully fine-tuned LM. We report the accuracies out of 1 for the final coordinates and their distance from the
true coordinates for the Follower setting and the accuracy out of 1 of the generated instruction for the Instructor
setting. The best results for each experiment are bolded while the best in each section are underlined.
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E Prompt and Generation Examples1027

E.1 Instructor Navigation1028

2d Egocentric Navigation Instructor Prompt w/ 1-shot Example

You are in a 2D environment with (x, y) coordinates set up like a standard horizontal Cartesian
plane. You will start at the origin (0, 0), which is at the center of this grid. You are currently facing
the positive y direction, with the positive x direction to your right. However, when you move in a
direction you must turn to face that direction, rotating your frame of reference. For example, if
you move left, you will rotate 90 degrees and be facing the negative x direction with positive y to
your right.
First, let me give you an example! You start at (0, 0), go to (3, 0), go to (3, 1), and end at (3, -1).
Describe the path that traverses the provided coordinates.
I must remember that each time I move left, right, or back, I will be turning to face a new direction.
1. To get from (0, 0) to (3, 0), I must move 3 steps to the right. I will now be facing the positive x
direction, with negative y to my right.
2. To get from (3, 0) to (3, 1), I must move 1 step left. I will now be facing positive y, with positive
x to my right.
3. To get from (3, 1) to (3, -1), I must move 2 steps back. So, my path is [ANS] right 3, left 1, back
2 [/ANS]. Great, now let’s try a real problem!
Start at (0, 0, 0). Go to (0, 7, 0). Go to (0, -1, 0). End at (-4, -1, 0). Describe the path that you
will take to traverse the provided coordinates. Format your answer as a series of directions and
distances, e.g. [ANS] forward 2, right 3, back 1 [/ANS]. Let’s go!

1029

Mistral-7b Generation

CORRECT ANSWER : [’forward 7’, ’ backward 8’, ’ right 4’]
GENERATED ANSWER : [’forward 7’, ’backward 8’, ’backward 4’, ’forward 1’]

1030

2d Card2Ego Navigation Instructor Prompt w/ 1-shot Example

You are on a 2D grid and will be given a path using cardinal directions (North, East, South, West)
that you need to convert into egocentric directions (left, right, forward, backward). Keep in mind
that to move in a cardinal direction, you must turn to face it. This means that the egocentric
instructions will not map directly to cardinal ones, but change depending on the direction you last
moved. E.g. if you just moved East and then want to move South, then the egocentric instruction
is to move right, since South is to your right if you’re facing East.
Let’s begin with an example. You start by facing North and the path is: West 2, North 3, East 1.
The first step is easy. I am facing North and must move West which is to my left. So the first step
is: left 2.
Now, for the second step I am facing the direction I just moved in, West, and I want to move North.
If I am facing West, North is to my right. So the instruction is right 3.
Then, for the third step I am facing North and want to go East 1. East is to my right and so I need
to move right 1.
Finally, I can put that all together for: [ANS] left 2, right 3, right 1 [/ANS] Now, you give it a
try! You start facing North and the path is: West 3, East 8, South 1, South 10. What is the path
expressed with egocentric directions?

1031
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GPT-4o Generation

CORRECT ANSWER : [left 3, backward 8, right 1, forward 10]
GENERATED ANSWER : Let’s break it down step by step.
1. Start facing North. To go West means turning left. - Instruction: left 3
2. Now facing West. To go East means turning around (backward). - Instruction: backward 8
3. Now facing East. To go South means turning right. - Instruction: right 1
4. Still facing South. To go South again means going forward. - Instruction: forward 10
Putting it all together: [ANS] left 3, backward 8, right 1, forward 10 [/ANS]

1032

E.2 Follower Navigation 1033

3d Egocentric Navigation Follower Prompt w/ 1-shot Example

You are in a 3D environment with (x, y, z) coordinates set up like a standard Cartesian plane. The
x and y dimensions are horizontal, while the z dimension is the vertical component. You will start
at the origin (0, 0, 0), which is at the center of this grid. You are currently facing the positive
y direction, with the positive x direction to your right. However, when you move in a direction
you must turn to face that direction, rotating your frame of reference. For example, if you move
left, you will rotate 90 degrees and be facing the negative x direction with positive y to your right.
Explain your final coordinates after travelling. Please format your final coordinates as: [ANS] (x,
y, z) [/ANS]. Let’s go!
Let’s start with an example: First, you move 3 steps to your right. Next, you move 2 steps down.
You move 4 steps backwards. Finally, you move 2 steps left. Where are you now?
To solve this, we should break down the steps we take.
1. We start at (0, 0, 0) facing the positive y direction, with positive x to our right.
2. Moving 3 steps right means moving along positive x, i.e. increasing the x value by 3. So, our
new position is (3, 0, 0). Also, we turned to face positive x, so now negative y is to our right.
3. Moving 2 steps down means moving along negative z, i.e. decreasing the z value by 2. So, our
new position is (3, 0, -2). Remember that moving up and down doesn’t change our heading, so we
are still facing positive x with negative y to our right.
4. Moving 4 steps back means moving opposite the direction we are facing. So we will move
along negative x, i.e. decrease the x value by 4. So, our new position is (-1, 0, -2). Since we turned
to move, we are now facing negative x and positive y is to our right.
5. Moving 2 steps left means moving away from the right. So we will move along negative y, i.e.
decrease y by 2. So, our new position is (-1, -2, -2). Our final position is [ANS] (-1, -2, -2) [/ANS]
Now, let’s try a real problem! First, you move 7 steps to your right. You then move 5 steps forward.
You move 10 steps up. Lastly, you move 5 steps backward. Explain your final coordinates:

1034

Mistral-7b Generation

Correct Answer is : ’x’: 7, ’y’: 0, ’z’: 10
Generated Coordinates are : (7, 0, 10)

1035
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E.3 Egocentric Object Localization1036

3d Egocentric Object Localization w/ Distractors, 1-shot Example

You are in a 3D environment with (x, y, z) coordinates set up like a standard Cartesian plane. The
x and y dimensions are horizontal, while the z dimension is the vertical component. All axes range
from (-10, 10). Your task is to describe where objects are relative to you, without using coordinates.
Instead use relative descriptions like ’directly behind me’ or ’to my left’. Explain your thought
process and please format your final answer with [ANS] tags like so: the green block is [ANS] in
front of me and to my left [/ANS]. Let’s get started!
Here is an example: You are at (2, 2, 0), facing the negative y direction, so negative x is to your
right. The positive z axis is always up. There is a blue block at (-3, -1, 0). Where is the blue block
relative to you?
For the x dimension, I know that negative x is to my right. That means x values smaller than mine
are to my right and ones bigger than mine are to my left. My x coordinate is 2 and the blue block’s
is -3. So it is to my right.
Next, for the y dimension, I know that I am facing negative y, so it is in front of me. This means
that y values smaller than mine are in front of me and those bigger than mine are behind me. My y
coordinate is 2 and the blue is at -1. So, it is in front of me.
Now, for the z dimension, my orientation does not matter. Higher z values are above me and lower
z values are below me. However, we are both at z = 0, so we are level. Putting that together, the
blue block is [ANS] to my right and slightly to the front [/ANS]
Now let’s try a real problem! You are at (-1, 5, -9), facing the negative y direction, so negative x is
to your right. The positive z axis is always up. There is a yellow block at (-2, -1, -3), a orange
block at (3, 2, -3), a green block at (-1, 4, 10), a red block at (-7, 1, 7), and a blue block at (2, 9, -9).
Where is the red block relative to you?

1037

Generation by Qwen-7b

Correct Answer is : The red block is [ANS] in front of me, to my right, and above me [/ANS]
Generated Description is : The red block is [ANS] to my left and behind me [/ANS]
BLEU : 0.0
BERT : 0.8915
SPATIAL OVERLAP : 0.0

1038

E.4 Allocentric Object Localization1039

3d Allocentric Object Localization w/ +Y heading, 1-shot Example

You are in a 3D environment with (x, y, z) coordinates set up like a standard Cartesian plane. The
x and y dimensions are horizontal, while the z dimension is the vertical component.All axes range
from (-20, 20). Your task is to describe where objects are relative to you and other objects, without
using coordinates. Instead use relative descriptions like ’directly in front of the blue cylinder’.
Explain your thought process and please format your final answer with [ANS] tags like so: the
yellow block is [ANS] below and to the back right of [/ANS] the purple block. Let’s get started!
You are at the origin. There is a red block at (0, 8, -7) and a blue block at (0, 7, -8). You may
assume that you are facing the positive y direction. The positive z axis is always up. Where is the
blue block relative to the red block given your point of view?

1040
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Llama-8b Generation

Correct Answer is : The red block is [ANS] below and in front of [/ANS] the blue block.
Generated Description is : The red block is [ANS] below and to the back of [/ANS] the blue
block.
BLEU : 0.0
BERT : 0.826
SPATIAL OVERLAP : 0.33

1041

E.5 Composite Description 1042

Composite Structure Composition Task

You are in a 3D grid environment with (x, y, z) coordinates set up like a standard Cartesian plane.
The x and y dimensions are horizontal, while the z dimension is the vertical component. Your task
is to describe a set of blocks to someone without mentioning coordinates or axes, instead describe
the structures as a whole. Format your answer with [ANS] tags like so: there are [ANS] 6 orange
blocks in a column [/ANS].
Blocks: The blocks placed on the grid are: (color : purple, x : 0, y : 0, z : 0), (color : purple, x : 0,
y : 0, z : 1), (color : purple, x : 0, y : 0, z : 2), (color : purple, x : 0, y : 0, z : 3), (color : purple, x :
0, y : 0, z : 4), (color : purple, x : 0, y : 0, z : 5), (color : purple, x : 0, y : 0, z : 6), (color : purple,
x : 0, y : 0, z : 7), (color : purple, x : 0, y : 1, z : 0), (color : purple, x : 0, y : 1, z : 1), (color :
purple, x : 0, y : 1, z : 2), (color : purple, x : 0, y : 1, z : 3), (color : purple, x : 0, y : 1, z : 4),
(color : purple, x : 0, y : 1, z : 5), (color : purple, x : 0, y : 1, z : 6), (color : purple, x : 0, y : 1, z :
7), (color : purple, x : 1, y : 0, z : 0), (color : purple, x : 1, y : 0, z : 1), (color : purple, x : 1, y : 0,
z : 2), (color : purple, x : 1, y : 0, z : 3), (color : purple, x : 1, y : 0, z : 4), (color : purple, x : 1, y :
0, z : 5), (color : purple, x : 1, y : 0, z : 6), (color : purple, x : 1, y : 0, z : 7), (color : purple, x : 1,
y : 1, z : 0), (color : purple, x : 1, y : 1, z : 1), (color : purple, x : 1, y : 1, z : 2), (color : purple, x :
1, y : 1, z : 3), (color : purple, x : 1, y : 1, z : 4), (color : purple, x : 1, y : 1, z : 5), (color : purple,
x : 1, y : 1, z : 6), (color : purple, x : 1, y : 1, z : 7), (color : yellow, x : 0, y : -2, z : 0), (color :
yellow, x : 0, y : -2, z : 1), (color : yellow, x : 0, y : -2, z : 2), (color : yellow, x : 0, y : -2, z : 3),
(color : yellow, x : 0, y : -2, z : 4), (color : yellow, x : 0, y : -1, z : 0), (color : yellow, x : 0, y : -1,
z : 1), (color : yellow, x : 0, y : -1, z : 2), (color : yellow, x : 0, y : -1, z : 3), (color : yellow, x : 0,
y : -1, z : 4), (color : yellow, x : 1, y : -2, z : 0), (color : yellow, x : 1, y : -2, z : 1), (color : yellow,
x : 1, y : -2, z : 2), (color : yellow, x : 1, y : -2, z : 3), (color : yellow, x : 1, y : -2, z : 4), (color :
yellow, x : 1, y : -1, z : 0), (color : yellow, x : 1, y : -1, z : 1), (color : yellow, x : 1, y : -1, z : 2),
(color : yellow, x : 1, y : -1, z : 3), (color : yellow, x : 1, y : -1, z : 4), (color : red, x : 0, y : 0, z :
8), (color : red, x : 0, y : 1, z : 8), (color : red, x : 0, y : 2, z : 8), (color : red, x : 0, y : 3, z : 8),
(color : red, x : 0, y : 4, z : 8), (color : red, x : 1, y : 0, z : 8), (color : red, x : 1, y : 4, z : 8), (color
: red, x : 2, y : 0, z : 8), (color : red, x : 2, y : 4, z : 8), (color : red, x : 3, y : 0, z : 8), (color : red,
x : 3, y : 1, z : 8), (color : red, x : 3, y : 2, z : 8), (color : red, x : 3, y : 3, z : 8), (color : red, x : 3,
y : 4, z : 8) Now describe the structure they made.
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Qwen-7b Generation

Correct Answer is : 8 x 2 x 2 purple tower with a tower of yellow blocks 5 high and 2 wide in
front of it and a empty 4 x 5 red wall above it
Generated Description is : two large purple platforms stacked on top of each other, both extending
from the bottom to the top of the visible area, and a smaller yellow platform that extends from
slightly below the bottom to just above the middle of the visible area. Additionally, there is a red
block formation at the very top, creating a cross-like pattern centered around the central vertical
axis
BLEU : 0.0
BERT : 0.8357
SPATIAL OVERLAP : 0.2
COLOR OVERLAP : 1.0
SHAPE OVERLAP : 0.4
NUMERICAL OVERLAP : 0.0
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