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(a) (b) (c)

Fig. 5: (a) Example of a VPS trace with a loop. (b) Example of a VPS trace without
a loop. (c) Given the VPS coordinates for a video segment (shown in red), we select
high-confidence intermediate VPS points to query the Google Maps Compute Routes
API and get a closely-matching trace (shown in blue). Black segments indicate the
optimal pairings found by DTW (Dynamic Time Warping) metric. In green, we show
the maximum distance (error).

scenarios and Fig. 4 shows the distribution of loop lengths in our dataset. We
opted to use this composite formulation that includes the time recall to be able
to generate five meaningful answer options instead of the binary Yes / No. We
break down the performance into loop closure detection and time recall in Fig. 9,
right, for analysis purposes.

Route summary: We define route summary tasks to probe if the model can
identify a summary of the path shown in the video in terms of navigation actions
(turn left, turn right, go straight). The question prompt is: Which of these sets
of directions correctly represent the path of the person in this video?

To generate the ground truth answers, we rely on Google Maps Routes API
that we query using VPS coordinates for start, end, and intermediate points.
To ensure that the generated route closely matches the actual path followed
in the video (and indicated by VPS), we sample multiple routes using Routes
API using different intermediate points and then we use again DTW distance
(mentioned in sec 3.2) to select the best match with the VPS trace; see Fig. 5
(c). If the maximum error between optimal pairs found by DTW is not below
a given threshold, we discard the question. The pipeline allows us to generate
and check a large number of questions very efficiently, so we can afford to select
only the questions that satisfy our error constraints. Finally, we keep as correct
answer the text description returned by the Routes API for this best match7.

To generate the negative options, we consider partially-overlapping segments,
forcing the model to correctly identify the start and end point of the tour to
discard these. Another negative option that we use is the reversed version of the
ground truth path. Fig. 6 (top) shows some possible options, which are also used
for the map trace task explained below.

7 We also experimented with fitting a polyline to the VPS predicted locations and
deriving the sequence of turns from it, but this led to noisier redundant navigation
instructions.



10 A. Mahendran, M. King, M.K. Grimes et al.

Fig. 6: Top: Map trace images used as options for the Map trace task. Bottom: A
more challenging map trace task variation where the route traces are in-painted over
maps without text labels or landmark icons.

As an ablation, we also experimented with an easier version of the task, where
we sample negative options from video segments that do not overlap with the
ground truth segment at all; see appendix for more details.

4.3 Survey Knowledge (Maps)

Map trace (with text): At the ultimate map representation level, we aim to
probe if the mental map inferred by the model for the given walking tour is
valid. To this end, we formulate a first task that requires the model to identify
the correct map trace of the tour from a set of five possible map traces, see Fig. 6
top. For this setting, we rely on a non-standard video QA configuration, where
the question is given as text, and the options are provided as map images (with
text labels and landmark icons overlaid on the map) alongside the input video.
The question is of the form: Which of these maps correctly represent the path of
the person in this video?

To generate the correct and the negative options for this task, we use the
same pipeline as for the route summary task, but we plot visually on the map the
answers from the Google Maps Routes API. Similarly to the route summary task,
we set up the same ablation with the easier version of negatives; see appendix.

Map trace (w/o text): To further challenge the video understanding capabil-
ities of the evaluated VLMs, we add a version of the task where the map trace is
overlaid on a bare map, without text labels or landmark icons; see Fig. 6 bottom.

Euclidean distance: The cognitive literature defines as the ultimate test for
probing the validity of the mental map in large-scale environments the capabil-
ity of estimating the Euclidean distance between two locations after exploring
only non-Euclidean (longer) paths between those locations. In setups that allow
interaction, the task is set up as finding a shortcut between two locations after
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exploring different connecting paths [10]. In our setup, we define the task as esti-
mating the Euclidean distance between the start and the end of a given walking
tour, using the following prompt: For this question, you need to keep track of
where the user is in the real world throughout the walking tour video. Based on
that, what is the line-of-sight distance between the start point and the end point
of this tour?

We extract the ground truth start and end positions using the VPS predic-
tions and calculate the L2 distance. The four incorrect options for each ques-
tion are sampled at random, making sure that they are not within 100m of the
ground-truth to avoid ambiguity. Fig. 4, centre-right, shows the distribution of
correct answers in the benchmark.

5 Experiments

We evaluate PLM-8B, Qwen2.5-VL-72B, the efficient Gemini model, 2.5 Flash,
and the strongest models from the GPT and Claude families, GPT-5 and Claude
Opus8 respectively. We also collected a human baseline and we ran a blind Gem-
ini baseline by feeding blank frames to Gemini 2.5 Flash instead of the RGB
frames; see Fig. 7. It is important to note that the blind baseline has results at
chance-level, confirming that our tasks cannot be answered from text alone.

5.1 Human Baseline

Landmark

Compass

Euclidean distance

Loop closureMap trace
(w text)

Map trace
(w/o text)

Route
summary

20

40

60

80

Blind baseline
Gemini 2.5 Flash
GPT-5
Claude Opus

Qwen2.5-VL-72B
PLM-8B
Human baseline

Fig. 7: Performance of different VLMs
on KilometerVision, compared to human
performance and a blind baseline.

We collected a small human baseline on
a subset of the video QAs. We randomly
sampled 47-49 questions from each cat-
egory, for a total of 337 QAs. We re-
cruited 18 crowd-sourced participants
(male and female, with advanced En-
glish skills) and we collected 10 answers
per question, from 10 different partici-
pants. Each participant answered ques-
tions from between 3 and 7 categories.
The overall score for this baseline was
71.3%; see Fig. 7 for accuracy across
tasks, with an inter-rater agreement of
0.76 across the dataset. Most of the er-
rors were encountered in the loop clo-
sure task, where the participants often
mistakenly answered that there was no
loop in the video. This is the only task
where the human baseline was outper-
formed by two of the evaluated VLMs.
Humans watched the videos at 30 FPS.
8 We use the model with 64k thinking tokens. The model without thinking obtains

slightly lower performance (35.1% vs 34.9%).
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Fig. 8: Impact of frame rate (left) and of spatial resolution (right) on performance for
different models.

5.2 Results and Ablations

In our experiments, we found that PLM-8B and Qwen2.5-VL-72B can only pro-
cess up to 32 frames, and Claude Opus API failed repeatedly on more than 32
frames. For fair comparison, we ran all models by uniformly sampling 32 frames
for each question. Fig. 7 summarises the results. Overall, GPT-5 obtains the
strongest performance, excelling at loop closure and route summary, but be-
ing significantly below human performance at all other tasks, especially tasks
involving maps. PLM-8B and Qwen2.5-VL-72B show limited understanding ca-
pabilities, being on par with the blind baseline.

Impact of frame rate and spatial resolution: To decouple intrinsic spatial capa-
bilities from the memory limitations of each model, we also evaluated Gemini
2.5 Flash and GPT-5 (the only models that can run reliably with more than
32 frames per video) at their maximum temporal capacity to reflect the cur-
rent SOTA upper bound and have a fairer comparison with the human baseline.
We include results in Fig. 8, left. Gemini 2.5 Flash shows almost no improve-
ment when increasing the number of frames (32→600; ∼38% accuracy), while
GPT-5 improves significantly from 45% to 57%. This suggests that only larger-
scale models are capable of exploiting additional frames due to higher-level video
understanding capabilities. To understand how spatial resolution impacts per-
formance, we ran an ablation with Claude Opus downsampling the frames to
200 pixels on the smaller side (from 400 pixels used in the main experiment).
The performance mainly degrades across tasks, with the exception of map re-
lated tasks, where the accuracy stays at chance-level irrespective of the spatial
resolution.
Passive visual observations vs. embodied perception: The cognitive literature out-
lines that humans have difficulties performing large-scale spatial tasks in passive
setups without access to proprioception [10]. In an attempt to mimic additional
modalities (e.g . the vestibular signal), we run ablations with Gemini 2.5 Flash
with additional privileged information to see if it can leverage them in a zero-
shot regime. First, we investigate if providing camera pose and absolute VPS
coordinates help with map trace recognition tasks (Fig 9, left). Then, we investi-
gate if providing maps helps with the Route summary task (Table 1). Finally, we
check if providing the ground truth route summary helps with map trace recog-



KilometerVision 13

nition tasks, given that these models are experts at processing text information
(Table 2). We can observe that providing camera pose or VPS traces does not
help significantly, suggesting that fine-tuning might be needed for the model to
learn to leverage them. Providing maps with text labels helps in summarising
the routes, but maps without labels actually hurt performance. Similarly, pro-
viding the route text summary for map recognition tasks helps, but only when
the maps have text labels overlaid. Interestingly, performance increases for these
tasks when we remove the video completely and provide only the map with text
labels or the text route summaries, suggesting that the model is able to read the
map to some extent when it is allowed to allocate all its attention to it, instead
of trying to correlate the map information with visual cues in the video.
LLM Thinking ablation: We enable the thinking variant of models where possible,
but in practice these models think regardless. With thinking not enabled and the
prompt strongly asking the model to answer with just the option number, both
Claude Opus and Gemini Flash presented a detailed analysis of the question
and options similar to those shown in Fig. 14-16 (Appendix). Thus a strict
ablation of this is currently challenging. Nonetheless, we observe the following
absolute accuracy changes when attempting to disable thinking in Gemini 2.5
Flash: Euclidean Distance (+15.5%), Loop closure (-3.6%), Route Summary (-
4.8%), Compass (-10%). There is no clear trend as the model is often thinking
regardless of not being prompted to do so.

5.3 Discussion

In biological intelligence, spatial awareness develops hierarchically: anchoring
via visual landmarks, connecting them via egocentric routes (path integration),
and ultimately forming an allocentric, geometric map (survey knowledge). Our
experiments reveal a fundamental divergence in how current AI models process
spatial information.
a) The Landmark stage: visual recognition vs. spatial grounding. VLMs excel
at visual recognition of landmarks in long videos, as can be observed in Fig. 9
right, where we separate performance for Landmark and Loop closure tasks into
visual recognition (i.e. determining the presence or absence of a landmark or
loop) and selecting the correct distance/time option. However, they acuity lack
spatial grounding, given poor performance in estimating the Euclidean distance
to the landmark or estimating when the loop started. Model traces (examples
included in appendix) reveal an inability to infer 3D depth or scale from 2D
pixels; they recognise what a landmark is, but not where it is relative to the
observer.
b) The Route stage: semantic dependency over path integration. Biological route
knowledge relies on path integration: the continuous tracking of movement and
rotation. Our compass, loop closure, and route summary tasks demonstrate that
VLMs fail at this physical tracking. When navigating cumulative angle changes,
their geometric reasoning collapses. They attempt to recognise turn-left or turn-
right actions (e.g . for compass), but they fail most of the time at estimating the
angles of rotations. This could also be due to the low frame rate that they can
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Fig. 9: Left: Gemini 2.5 Flash performance on Map Trace questions with additional
camera and/or VPS information. Right: Performance on Landmark and Loop Closure
questions separated into Visual Recognition (i.e. determining the presence or absence
of a landmark or loop) and selecting the correct distance / time option, compared to
overall (combined) performance.

Video No video

No map 42.2 –
Map trace w/ text 49.0 53.1
Map trace w/o text 37.4 53.1

Table 1: Ablation for the route summary
task (top-1 accuracy).

Video No video

Map trace w/ text 28.6 –
+ route summary 34.7 46.3

Map trace w/o text 28.6 –
+ route summary 26.5 38.1

Table 2: Ablation for the map trace
recognition (top-1 accuracy).

process. Instead, models rely almost exclusively on reading semantic cues (e.g .
street signs or text labels on the map, see ablations in Tables 1 and 2), effectively
substituting reading comprehension for actual geometric path integration.

c) The Map stage: illusion of survey knowledge. Mental maps allow humans
to infer allocentric relationships, such as straight-line distances. Our Euclidean
distance task and map trace recognition task reveal that VLMs possess only an
illusion of this survey knowledge. The models default to text-matching street
names (ablations in Tables 1 and 2), confirming that VLMs rely on OCR rather
than matching geometric trajectories to map topology. It is worth noting that
we tried to create similar visualisations of mental maps as in [63], by defining
a grid and asking the model to indicate the location of different landmarks, but
preliminary results were not satisfactory.

Loop Closure: bypassing the mental map. Loop closure is the only task where
two of the evaluated VLMs achieve super-human performance. However, model
traces show that they bypass route or spatial map formation entirely, relying
instead on exhaustive, brute-force visual frame matching. While effective, this
approach is brittle. Latching onto misleading repeated visual cues can cause false
positives (e.g . the statue in Fig. 10 for Gemini 2.5 Flash), further highlighting
the absence of underlying geometric awareness. More examples of thinking traces
are included in the appendix.
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Fig. 10: Example of thinking traces from Gemini 2.5 Flash and Claude Opus on loop
closure questions. Both models rely purely on visual recognition to solve the task. Gem-
ini correctly identifies the location at the end of the video 1 , and correctly eliminates
another option 2 . The model incorrectly believes that a different statue that it can
see in the distance is the same as the one it sees at the end of the video 3 . The
model correctly determines that the camera is in the same location at time 9:17 but
incorrectly decides that this was not visited earlier 4 . Claude Opus’s reasoning is
generally correct and it correctly identifies option ID 2 as the right answer.

6 Conclusion

We introduce KilometerVision, the first benchmark that comprehensively eval-
uates city-scale geographical understanding in large multimodal models (VLMs)
using real-world videos. Evaluated against the human landmark-route-maps
paradigm, we find that current VLMs operate at the Landmark stage. While
they can leverage robust semantic matching and visual recognition to simulate
spatial awareness, such as reading street signs to “navigate” or brute-forcing
frame matches to detect loop closures, they fundamentally fail at path integra-
tion and inferring allocentric survey knowledge. When provided with privileged
information in context (GPS, maps, or camera poses), they cannot leverage it,
suggesting that such capabilities are not yet mature in state-of-the-art models.
We hope that our benchmark and analyses will help the community to improve
spatial capabilities in VLMs and build reliable AI assistants and embodied AI.
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