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1 Introduction

KilometerVision [5, 9] is the spatial-reasoning track of the Fourth Perception Test Challenge. It continues the hour-long
walking-tour question answering introduced in the 2024 edition [5] and run again in 2025 [6], posing multiple-choice questions
about walking-tour videos [17] of up to ten minutes and roughly one kilometre of travel, across six families: map-path matching,
camera-heading tracking, textual directions matching, start-to-end distance, image-to-video distance, and revisit detection.
Two properties of the task shape our design. A segment is long relative to the temporal resolution at which video models
attend and accuracy falls with duration [3], so the evidence for one answer spreads over hundreds of seconds the model must
address individually. And several families reward exact quantities such as an integrated turn angle or a metric distance, where
multimodal models remain below human accuracy on spatial video question answering [19] and near chance on classic spatial
tests [11], while the perception feeding them stays qualitative, as in reading a street sign or naming a city. Our system assigns
each kind of work to the component suited to it: the model performs perception and world-knowledge grounding, deterministic
image processing performs geometry and measurement, and the interface between them is explicit text. Figure 1 traces one
question through it.
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Figure 1: One question carried end to end, each box holding the values its stage produced. Blue marks deterministic components,
orange vision-language turns, green measurement. The five sessions favour South and the Stage 3 measurement overrides that
majority.

2 Method

The pipeline answers one question at a time. A question supplies a video segment delimited by a start and an end second, a
question string, and five options, and every stage below works from those materials alone, together with the pretrained models
and the fixed constants of Table 1. A question is solved in its own context, with nothing carried over from any other question.

Stage 0: deterministic substrate. Stage O turns the material of one question into text-addressable form and uses no model
tokens. A rule-based classifier assigns the question to one of the six families the task defines, from its wording alone, selecting
the Stage 1 playbook and the Stage 2 sampling budget. Only the footage between that question’s own start and end seconds is
retrieved. The segment is rendered as 4 X 4 frame montages [7] at 1 fps up to 360 s and 0.5 fps beyond, 480 px per tile, every tile
stamped with its own second so that a time can be named from the pixels [18], plus up to 24 keyframes at 1280 px for reading
street names and shopfronts. Where the options are candidate route maps, whose thin polylines are a documented failure mode
for vision-language models [10], a deterministic pass recovers the route mask by colour thresholding, the two pins and their
start and end identity from the glyph inside each pin head, and the ordered polyline between them, emitted as a sequence of
eight-way compass legs with turn angles and attached to the prompt beside the images. A route-mask signature marks duplicate
and reversed candidates among that question’s own five options.

Stage 1: evidence log and answer. Stage 1 opens a fresh session for the question and closes it once the answer is written.
The session first builds an evidence log from the segment in three parts: the real city and streets read from signage with the
evidence cited, every heading change with a timestamp, direction, estimated magnitude and uncertainty range, and a timeline
of re-identifiable landmarks. It then answers under a playbook selected by family. The compass playbook derives a heading
from turn log integration, from the bearing of an identified street, and from sun and shadow azimuth, and reconciles the three.
The distance playbooks pin the endpoints to named intersections and read their separation off the identified street layout, the
map and textual playbooks match the turn log against the five option descriptions, and the revisit playbook enumerates the



Table 1: Configuration of the system.

Component Setting

visual context 4 X 4 grids at 480 px per tile with per-tile timestamps, 1 fps up to 360's and 0.5 fps beyond, plus up to
24 keyframes at 1280 px spaced at least 5 s apart

map vectorisation route mask by colour threshold, S and E pin glyph, eight-way leg transcript, normalised route-mask
signature

backbone and tool Gemini 3.7 Flash [4], zero shot, fixed family-specific prompt templates, 8192 max output tokens,

extract_frame(z) as the only tool, < 12 rounds

runs per question compass 5, map and textual 2 plus an adjudication turn, other families 1, one predefined evidence-scan
strategy per session

yaw odometry Lucas-Kanade on Shi-Tomasi features, 8 fps at 384 x 216, median horizontal displacement, scale
normalised inside each question’s own segment

place recognition Megal.oc at 1 fps, 322 x 322 input, 8448-d L-normalised descriptors
verification Claude Fable 5, answer-blind, no browsing or external retrieval, one agent per question
setup no model training or fine-tuning, zero shot on the challenge splits

candidate timestamps. Throughout, the session may call extract_frame(¢), returning the full-resolution frame at second ¢ of
that segment, for up to twelve rounds, following the tool-using pattern of recent long-video agents [20].

Stage 2: type-routed sampling. Stage 2 repeats Stage 1 on the same question and takes the majority. Because the return on
repeated sampling depends on the question [15], the budget is set by family: five independent sessions for compass, two for
map and textual directions, one elsewhere, each session drawing on a different one of five predefined evidence-scan strategies.
Where map or textual sessions disagree, an adjudication turn chooses between the two leading options, and because pairwise
judging alone is unreliable [16] it receives the deterministic Stage 0 route transcripts alongside them.

Stage 3: geometric and retrieval estimators. Stage 3 computes physical quantities from the segment and supplies them as
measurements with stated uncertainty. Net heading change comes from integrating the median horizontal displacement of
sparse optical flow [8, 14] at 8 fps on 384 x 216 frames, a statistic that responds to rotation and stays near zero under forward
translation [12]. Its pixel to degree scale is an ephemeral per-instance geometric estimate computed inside that same segment,
by snapping the turn magnitudes detected there onto multiples of 45°. It is discarded once the question is answered and is
withheld where a segment holds too few turns to determine it. The result is combined with the starting heading the question
itself states, within an integration horizon fixed in advance. Place identity comes from Megal.oc embeddings [1, 13] at 1 fps
over the same segment. A revisit question scores its candidate timestamps against the closing frames, and an image-to-video
question scores the supplied photograph against the segment frame by frame, with the located frame then pinned like any other
endpoint so that its distance to the final position follows. High similarity is admitted as evidence of a match and low similarity is
recorded as inconclusive.

Stage 4: verification. Without a verifier, more samples do not convert into more correct selections [2], so Stage 4 re-solves
the questions where Stage 2 leaves no majority, using a second reasoning model driven through an agentic command-line
harness, one agent per question. That agent sees the frame grids and options for that question alone, without the Stage 2 answer,
and returns a choice, a confidence level, and the evidence behind it. The channel is admitted only after scoring on synthetic
questions built from known camera trajectories, where an applied yaw fixes the compass answer and a route rendered from the
trajectory, with perturbed distractors, fixes the map and textual answers, on the subset where it disagrees with Stage 2.

The final answer then follows a fixed order. The Stage 2 majority stands unless an admitted Stage 3 measurement contradicts
it, a map or textual tie goes to the adjudication turn, and any remaining question without a majority goes to Stage 4. The
family-specific confidence gates behind each of these steps are set in advance and applied deterministically.

Configuration and data usage. Table 1 lists the settings. Gemini 3.7 Flash [4] and Claude Fable 5 are public pretrained
API models and Megal oc is a public pretrained checkpoint, all used as released. The system is trained on no data of ours and
evaluated zero shot.
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