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ABSTRACT

Spatial understanding is essential for embodied agents navigating and interact-
ing with the physical world. As observations arrive incrementally, agents must
reason in a streaming manner. Yet streaming understanding must also be closed-
loop: task-relevant evidence may require both recalling past observations and ac-
tively acquiring new views. Existing streaming approaches largely emphasize
processing incoming observations, leaving task-driven active exploration under-
explored. We introduce MemAct, a framework for streaming spatial understand-
ing with memory and action. A shared vision–language model incrementally
writes structured historical memory, retrieves records and past frames on demand,
and acquires additional evidence through movement and turning. Retrieved ev-
idence and action observations inform subsequent decisions, enabling the agent
to continue exploring or answer within a unified reasoning loop. We develop the
MemAct suite, a data generation pipeline and collection across real and simulated
environments, with approximately 1M training examples for spatial reasoning,
memory writing, retrieval, and exploration. Its MemAct-bench comprises 20,000
main QA pairs evaluating current-observation understanding, historical evidence
use, and active exploration, plus 2,000 separate Timing questions. MemAct com-
bines supervised fine-tuning for memory and interaction with counterfactual ac-
tion optimization using cumulative evidence gains, action costs, and terminal an-
swer quality to improve exploration and stopping decisions. Experiments show
that MemAct outperforms existing spatial understanding and streaming baselines
and approaches frontier multimodal models on MemAct-bench while retaining
streaming inference efficiency.

1 INTRODUCTION

Spatial understanding enables embodied agents to reason about objects, their locations, geometry,
and relationships while navigating and interacting with an environment (Yang et al., 2024a;b; Huang
et al., 2022; Jatavallabhula et al., 2023; Gu et al., 2023). In a live setting, observations arrive incre-
mentally (Das et al., 2017; Gordon et al., 2017; Yokoyama et al., 2023): future views are unavail-
able, previously seen objects may leave the visual context, and some task-relevant details may never
appear unless the agent changes viewpoint. A spatial question may therefore be answerable from
the current view, require recalling an earlier observation, or require acquiring a new one. Stream-
ing spatial understanding is consequently a closed-loop process in which the agent uses available
evidence to decide whether to answer, retrieve history, or explore.

Recent streaming work advances spatial reasoning over incrementally arriving observations (Xu
et al., 2025; Yu et al., 2026; Wang et al., 2025b). Yet these methods generally follow a predetermined
camera stream: earlier evidence may leave the retained context, while needed views may never
be acquired (Yang et al., 2024b; Hong et al., 2026). Active embodied QA systems choose new
viewpoints, often using geometric maps or structured spatial memories (Jiang et al., 2025; Yang
et al., 2024b; Ginting et al., 2025). Some also retain experience from before a question arrives. We
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Figure 1: Offline, passive streaming, and closed-loop streaming spatial understanding. MemAct combines rea-
soning over incremental observations, historical memory retrieval, and active acquisition of missing evidence
in a shared exploration-and-answering loop.

study a complementary challenge: training a single streaming VLM to build retrievable memory
as RGB observations arrive and, once queried, decide whether to retrieve earlier evidence, acquire
a new view, or answer. Each result informs the next decision, without supplying depth maps or a
reconstructed 3D map to the model at inference time. Figure 1 contrasts this memory-and-action
loop with offline and passive streaming QA.

This setting poses three distinct challenges. First, a streaming VLM must preserve potentially useful
evidence before knowing the question, even as earlier views leave its limited context. Second, once
queried, it must determine whether the needed evidence is visible now, recoverable from history, or
obtainable only through a new camera view. Learning this distinction requires causal supervision
over what the agent has seen and what its actions reveal. Third, an informative view may require
preparatory movements with little immediate gain, so training must credit their delayed value while
teaching the model when to stop exploring and answer.

We introduce MemAct, a simple design that makes memory and exploration native decisions of a
streaming VLM. The model processes incoming RGB observations incrementally and periodically
generates compact, timestamped records linked to stored frames. When queried, it uses the same
generation interface to answer, request past evidence, or select a discrete camera action. A a simple
rule-based interface returns the requested records or frames, or the resulting new view, to the model
for its next decision. This lets the VLM learn what to record, retrieve, and observe without a separate
spatial planner, depth maps, or a reconstructed 3D scene map as model inputs. (Section 4)

For data construction, we introduce MemAct-data, a data suite that combines streaming spatial QA
with supervision for memory writing, retrieval, and multi-step exploration. An automated pipeline
constructs approximately one million training examples from real and simulated visual streams;
constructed action supervision from changes in target visibility, enabling the model to recognize
insufficient evidence and learn how to explore for more informative views. We also introduce
MemAct-bench, with 20,000 questions testing reasoning from current, historical, and newly ac-
quired observations, plus 2,000 separate questions testing when to answer. (Section 3)

For training, supervised fine-tuning establishes the shared memory, retrieval, exploration, and an-
swering protocol. To credit preparatory actions with delayed benefits, bandit-based counterfactual
optimization compares camera actions and immediate answering from the same causal state through
multi-step continuations. Cumulative evidence gains, action costs, and terminal answer quality en-
courage useful exploration beyond immediate gains while learning when to stop; supervised QA and
memory replay preserve existing capabilities (Section 4.4).

On MemAct-bench, MemAct-9B achieves 67.27% overall multiple-choice accuracy and 60.23 nu-
merical mean relative accuracy, compared with 61.39% and 48.65 for StreamingVLM. Its aggregate
scores are close to those of the evaluated GPT-6 Astra model, while it leads the separate response-
timing evaluation. Ablations show that explicit memory substantially improves questions requiring
historical evidence, and that active exploration and counterfactual optimization improve questions
requiring new views. MemAct also remains competitive on established spatial reasoning bench-
marks, including VSI-Bench, ReVSI, MMSI-Bench, and ViewSpatial. Together, these results sup-
port spatial understanding that can use the present, recall the past, and actively acquire missing
evidence within a causal stream.
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Our contributions are fourfold: 1)Task formulation. We extend streaming spatial understanding
with task-driven active exploration and introduce MemAct, unifying historical evidence retrieval,
new-view acquisition, and answering. 2) Data construction. We develop an efficient, automated
pipeline for generating memory, retrieval, and exploration supervision, producing the MemAct suite
with approximately 1M training examples from real and simulated environments. 3) Training strat-
egy. We combine supervised interaction learning and cumulative-return counterfactual optimization
in multi-stage training to improve exploration and stopping decisions. 4) Evaluation. We build
MemAct-bench: 20,000 main QA pairs and 2,000 separate Timing questions evaluating memory,
exploration, task performance, and streaming inference efficiency.

2 RELATED WORK

Spatial Understanding. Recent work advances spatial understanding through dedicated bench-
marks (Azuma et al., 2021; Ma et al., 2022; Fu et al., 2024) and spatially grounded training
data (Chen et al., 2024; Cheng et al., 2024; Song et al., 2024). VSI-Bench (Yang et al., 2024a)
evaluates spatial relations, measurement estimation, and spatiotemporal reasoning from indoor
videos. SAT (Ray et al., 2024) synthesizes static and dynamic spatial QA in simulation, while
Cambrian-S (Yang et al., 2025a) develops VSI-590K and spatial training, extending to contin-
ual sensing through latent frame prediction and surprise-driven memory management. These ap-
proaches strengthen spatial reasoning over supplied visual evidence. MemAct contributes an au-
tomated pipeline that constructs supervision for historical memory, retrieval, and multi-step explo-
ration in streaming spatial QA.

Streaming Spatial Understanding. Streaming methods address causal processing and efficient
retention of continuously arriving observations (Zhang et al., 2024; Yao et al., 2025; He et al.,
2024). StreamingVLM (Xu et al., 2025) combines a compact KV cache with overlapping-chunk
SFT to align training and streaming inference. Stream3D-VLM (Yu et al., 2026) integrates incre-
mental geometry priors and geometry-adaptive voxel compression for online spatial understanding.
StreamEQA (Wang et al., 2025b) evaluates perception, interaction, and planning across backward,
real-time, and forward reasoning on recorded videos. StreamingBench (Lin et al., 2024) evalu-
ates online understanding; VideoChat-Online (Huang et al., 2024) and LiveCC (Chen et al., 2025)
develop memory-based processing and real-time commentary, respectively. MemAct additionally
learns observation acquisition: the model retrieves historical evidence or executes camera actions,
incorporates their outcomes, and decides whether to continue exploring or answer.

Active Perception. Active perception acquires task-relevant evidence through viewpoint selection
and environmental interaction (Majumdar et al., 2024). EXPRESS-Bench (Jiang et al., 2025) eval-
uates the exploration and reasoning capability of VLMs. ESI-Bench (Hong et al., 2026) evaluates
the perception–action loop through perception, locomotion, and manipulation, exposing failures in
action selection and premature commitment despite insufficient evidence. MemoryEQA (Zhai et al.,
2025) uses structured memory throughout exploration, while Mind Palace (Ginting et al., 2025)
combines long-term recall with exploration and stopping. MemAct contributes a shared streaming
VLM trained for memory writing, retrieval, and camera-action selection, with cumulative-return
optimization of exploration and stopping using downstream evidence and answer quality.

3 CONSTRUCTING THE MEMACT SUITE

Our pipeline builds supervision for recording evidence, retrieving history, and acquiring new views
through five stages: observation acquisition, metadata alignment, memory and QA generation, ac-
tion rendering, and stream assembly (Figure 2). Each question is linked to its arrival time, supporting
observations, and memory or action supervision. Aligned metadata supports answer computation
and camera-transition selection but remains separate from model inputs.

3.1 OBSERVATION CONSTRUCTION AND EVIDENCE ALIGNMENT

Simulated observations use 3D-FRONT (Fu et al., 2021) layouts and assets after removing conspicu-
ously interpenetrating or implausibly scaled objects. Camera trajectories scan rooms in randomized
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Figure 2: MemAct suite. Aligned temporal, camera, object, visibility, and scene metadata supports memory
and spatial QA supervision from real and simulated observations. Dedicated rendering and geometric/evidence
checks yield discrete multi-step camera-action data; all supervision forms causal streams.

visitation orders using mesh-based A* planning (Hart et al., 1968) and Bézier smoothing. Multi-
ple trajectories diversify observation histories, while Cycles (Blender Foundation, 2026) rendering
varies floor/ceiling textures and HDRI lighting. Trajectory construction is detailed in Appendix A.

Real sequences use ScanNet (Dai et al., 2017), ScanNet++ (Yeshwanth et al., 2023), and ARK-
itScenes (Baruch et al., 2021) videos, camera information, and 3D annotations. Both sources share
the memory and QA pipeline; simulation additionally renders action-conditioned views with scene
geometry, appearance, and imaging settings fixed within each interaction.

Unified Metadata and Temporal Evidence Alignment. We standardize categories, units, and co-
ordinates across five metadata groups: temporal frame/time mappings, camera intrinsics and poses,
object identities and geometry, visibility annotations and image-space measurements, and scene ge-
ometry and occupancy. Timestamps align projected objects and source visibility annotations with
observations; field definitions appear in Appendix A.2.

Visibility indicators, projected-box occupancy, framing completeness, and visible-pixel fractions
remain distinct. Initial simulated streams use source visibility and clipped box projections; ac-
tion views additionally provide object masks. Projected occupancy measures image extent, not
unoccluded surface area (Appendix A.2). At question time t, inputs contain only the causal prefix
O≤t = {oi : ti ≤ t}; action observations enter after their commands.

3.2 MEMORY AND SPATIAL QA SUPERVISION

Incremental memory targets. At 1 FPS, observations form five-second write windows. Memory
targets contain timestamp-linked frame references, per-frame category counts, and optional image-
plane relations. Visibility selects observed instances; projected positions on a 3 × 3 grid support
unambiguous directional relations. Records describe observed content, not a complete scene graph;
empty frames and final partial windows are retained.

Per-frame counts enumerate visible instances of each category; historical distinct-instance answers
deduplicate sightings across the causal prefix using offline instance identities, which are excluded
from model-visible memory (Appendix A).

Questions and evidence requirements. We select a time and template, bind eligible referents,
compute the answer, and attach evidence. Object/camera metadata supplies distances, dimen-
sions, and relative directions; temporal/visibility metadata supplies appearances, order, counts, and
changes. Room-area questions require floor polygons and coverage checks. Candidates must satisfy
visibility, referent-uniqueness, and answer-separation criteria.

Current QA uses the current observation or a specified recent window. Memory QA requires ear-
lier appearances, previously observed instances not all currently visible, or historical relations; direct
answering is allowed when this evidence remains in context. LLM rewriting varies wording while
preserving referents, temporal constraints, and annotation-derived answers. Template calculations
and examples appear in Appendix A.

Retrieval supervision. Historical evidence determines query categories, optional time ranges, and
image requests. The deterministic router applies inference-time retrieval rules to constructed mem-
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historical retrieval, and discrete-action view acquisition through SFT. Counterfactual optimization improves
exploration and stopping using cumulative evidence gains, action costs, and terminal answer quality.

ory, yielding records and optional historical frames. Requests, responses, and answers form super-
vised traces; private instance-level checks exclude traces without sufficient evidence within budget
without altering router outputs (Appendix C).

3.3 MULTI-ROUND ACTION EVIDENCE CONSTRUCTION

Dedicated simulation rendering supplies action supervision. We bind identifiable targets and com-
pute fixed answers: size is the longest physical bounding-box side, and distance is the Euclidean
distance between 3D centers. Scene, targets, question, and answer remain unchanged, so explo-
ration changes evidence rather than the task.

Discrete atomic actions. Five parameter-free commands translate forward, left, or right by 0.5 m
in the current camera’s horizontal frame, or rotate left/right by 45◦. Translation preserves orien-
tation; rotation preserves position. The executor fixes magnitudes; supervision uses the model’s
commands. Collision and clearance checks precede rendering each admissible resulting state.

Evidence-based sequence selection. Joint target support is the minimum image-occupancy score
across required objects, ensuring evidence for both targets in pairwise questions. Endpoints must
satisfy occupancy and framing thresholds and exceed the best pre-question joint support by both
relative and absolute margins. We distinguish acquiring historically missing adequate views from
improving existing ones; measurement definitions and selection thresholds are in Appendix A.

We execute and render up to three admissible actions sequentially, retaining the earliest endpoint
meeting these criteria. Intermediate actions may reposition the camera without immediate gain.
Each demonstration stores the causal prefix, fixed question, command–observation pairs, and an-
swer. Counterfactual optimization additionally uses rendered alternative outcomes; demonstration
thresholds and RL rewards are separately defined in Appendices A and D.2.

Streaming Assembly and Quality Control. Across all task types, observations, memory writes,
questions, commands, and tool results are assembled chronologically. Validation checks media,
temporal/object references, answers, duplicates, command–observation alignment, budgets, and
predecessor-state continuity. Missing evidence, failed checks, or excessive token length exclude a
sample; construction metadata and private labels remain separate from public events (Appendix A).

The MemAct-data contains approximately 1M examples, all for training, while MemAct-bench
contains 20,000 main QA pairs covering current understanding, historical evidence use, and ac-
tive exploration, plus 2,000 separate Timing questions. Training-data composition and action-length
distributions are in Appendix B, with construction thresholds in Appendix A.
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4 STREAMING SPATIAL REASONING WITH MEMORY AND ACTION

4.1 PROBLEM FORMULATION AND OVERVIEW

MemAct uses a shared VLM for memory and evidence-guided interaction. Figure 3 links inference
to supervised interaction learning and counterfactual action optimization. At time t, the agent main-
tains causal context Ct in an incremental KV cache and external memory Mt. Following compact-
cache streaming (Xu et al., 2025), the oldest visual tokens are preferentially evicted at the token
limit. A deterministic harness retains structured memory and historical images independently, en-
abling retrieval beyond the visual context.

For question qt, history hk contains the question, available observations, prior commands/results,
and remaining budgets at round k. The model answers, retrieves, or acts; periodic memory writing
is separate during observation. The harness executes commands without a learned router. Decision
inputs exclude future observations, ground-truth geometry, private instance identities, and rewards.

4.2 INCREMENTAL MEMORY WRITING AND RETRIEVAL

To preserve history beyond visual-cache eviction, MemAct writes increments ∆Mt every five sec-
onds: per-frame categories, counts, frame references, and optional image-plane relations. The up-
date Mt = Update(Mt−5,∆Mt) validates structure and temporal references without semantic
correction; storage and retry rules appear in Appendix C.

Structured records locate historical evidence; retrieved frames recover visual detail absent from
those records. A use memory request specifies categories, an optional time range, and image
requirements, returning matching records, relations, and optional frames to shared context. Each call
returns at most two images, with four distinct historical images per question; filtering and pagination
follow Appendix C.

4.3 EVIDENCE SELECTION AND MULTI-ROUND ACTION

Memory recovers past evidence; camera actions acquire views missing from retained observations.
MemAct answers directly when evidence suffices, including historical QA; otherwise, it retrieves or
selects one of five camera commands with executor-fixed magnitudes (Section 3.3).

A retrieval or camera command uk and result zk yield hk+1 = Append(hk, uk, zk), informing
subsequent decisions. Successive camera actions build on preceding states to improve evidence,
with at most three attempts and an independent four-call retrieval budget per question. Answering
terminates interaction; action-budget exhaustion requests a final answer. Action views remain in
question context without automatic memory writes; the original stream resumes after exploration.
Figure 4 illustrates current-view QA, memory-based last-observation QA, and three-action view
improvement; Appendix E adds QA and memory-write examples.

4.4 TRAINING STRATEGY

Stage I: Supervised Fine-Tuning. SFT learns writing, retrieval, answering, and single-/multi-step
exploration from causal MemAct-data traces, including preparatory actions with delayed benefits,
together with VSI-590K (Yang et al., 2025a). We minimize next-token cross-entropy over assis-
tant tokens in memory writes, retrieval requests, camera commands, and answers, averaged within
each sequence. Observations, prompts, and tool results supply context but are loss-masked; every
decision uses only preceding events. Training settings and loss normalization appear in Appendix D.

Stage II: Counterfactual Optimization with Cumulative Returns. After SFT, a contextual-
bandit objective uses multi-step candidate values to improve exploration and stopping. At history h,
we evaluate the five camera commands and answer now from independent copies with identical
causal state and budget. Each camera attempt costs one unit before continuation under frozen policy
snapshot µ. Values capture later evidence, answer quality, and preparatory-action benefits.

Evidence and answer rewards. View quality E(x, q) ∈ [0, 1] combines normalized visible-pixel
fractions, framing completeness that discounts cropping, and joint support limited by the weaker
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Figure 4: Current/Memory/Action QA: available observations, historical evidence, and newly acquired views.

target in pairwise questions. The best quality over pre-question observations and preceding action
outcomes is Φ(h, q) = maxx∈O(h) E(x, q).

Within an action rollout, let hj denote the history after j camera attempts. Attempt aj receives

rj = α[Φ(hj+1, q)− Φ(hj , q)]+ − λac(aj)− λinv1[invalid(aj)]. (1)

Revisiting previously acquired evidence earns no repeated gain. Invalid actions preserve the observa-
tion, receive no evidence gain, and consume an attempt. The terminal answer receives RQA(ŷ, y

⋆),
using exact option correctness or numerical MRA. Evidence functions, coefficients, and reward ab-
lations are detailed in Appendix D.2.

Cumulative values and policy updates. For a rollout of T camera attempts, decision j has return

Gj =

T−1∑︂
ℓ=j

γℓ−jrℓ + γT−jRQA(ŷ, y
⋆). (2)

Answer-now terminates without camera cost. We estimate candidate values from B continuations asˆ︁Qµ(h, a) = 1
B

∑︁B
b=1 G

(b)(h, a) and train on initial and visited nonterminal histories. These rollouts
use available causal context without initiating additional memory retrieval. Branch observations
enter the context after their corresponding actions; branch validation is specified in Appendix A.

Summed conditional log probabilities of candidate decision-value tokens, without length normaliza-
tion, define a categorical policy πθ(a | h). We optimize

Laction = Eh

⎡⎣− ∑︂
a∈A(h)

πθ(a | h) ˆ︁Qµ(h, a) + βDKL(πθ(· | h)∥πSFT(· | h))

⎤⎦ . (3)

KL regularization anchors the policy to the frozen SFT reference (Ouyang et al., 2022). We refresh µ
before each update and detach estimated values within it. Supervised QA and memory replay inter-
leave with action optimization to preserve answering, tool use, and memory writing. Appendix D.2
specifies sampling, loss normalization, and rollout settings.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

We compare closed-/open-source general-purpose VLMs, spatial and streaming models, and
uniform-option, modal-answer-content, and modal-option-letter baselines. Models include GPT-
6 Astra (OpenAI, 2026), Gemini-3.8-Flash (Google DeepMind, 2026), Qwen3.5 (Qwen Team,
2026a), Qwen3.8-27B (Qwen Team, 2026b), InternVL3.5 (Wang et al., 2025a), VLM-3R (Fan et al.,
2025), Cambrian-S (Yang et al., 2025a), StreamingVLM (Xu et al., 2025), and Stream3D-VLM (Yu
et al., 2026). We train MemAct on our dataset and VSI-590K (Yang et al., 2025a). At each decision,
offline models receive 32 uniformly sampled frames from the available prefix; streaming models
observe causally at 1 FPS. Multiple-choice and numerical questions use accuracy (ACC) and mean
relative accuracy (MRA), respectively, following VSI-Bench (Yang et al., 2024a). Overall QA pools
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Table 1: MemAct-bench results. ACC and MRA assess multiple-choice and numerical questions, respectively;
on-time rate (T), joint timing-and-answer accuracy (JA), and timing-gated MRA (JM) assess response timing.
Latency (seconds) spans image/context readiness to complete answer output (exclusions: Section 5.1).
Model / baseline Current Memory Action Overall QA Timing Latency

ACC MRA ACC MRA ACC MRA ACC MRA T / JA / JM s/QA
Closed-source models

GPT-6 Astra 68.16 53.04 64.43 68.68 59.57 49.82 66.74 61.15 81.3 / 54.2 / 49.6 –
Gemini-3.8-Flash 59.26 46.29 56.41 59.55 52.20 43.42 58.17 53.14 67.1 / 38.9 / 36.0 –
Reference baselines

Uniform options 23.22 – 22.71 – 25.00 – 23.11 – – –
Modal answer content 32.62 29.51 22.36 41.64 54.76 34.04 29.89 36.73 – –
Modal option letter 26.10 – 25.68 – 27.68 – 26.00 – – –
Open-source models

Qwen3.5-4B 36.31 22.96 46.63 43.98 31.50 21.44 39.50 34.23 30.9 / 12.2 / 10.5 1.558
Qwen3.5-9B 42.82 27.11 55.31 51.78 36.66 24.59 46.67 40.24 42.3 / 19.8 / 16.7 2.475
Qwen3.8-27B 44.47 28.51 57.24 53.72 39.65 27.23 48.44 42.10 46.4 / 22.4 / 19.5 5.423
InternVL3.5-8B 37.34 23.56 47.73 44.98 32.43 22.17 40.55 35.07 33.9 / 13.7 / 11.8 2.495
InternVL3.5-38B 39.74 25.03 51.66 48.78 34.88 24.08 43.45 37.86 38.8 / 16.8 / 14.6 5.446
Spatial models

VLM-3R 43.52 27.71 56.63 52.69 36.78 24.96 47.55 40.98 44.0 / 21.0 / 17.5 2.622
Cambrian-S 42.54 26.56 54.20 51.38 35.71 24.30 46.11 39.80 43.4 / 20.1 / 16.8 2.446
Cambrian-S-FT 66.19 41.54 63.46 61.85 57.76 39.87 65.10 52.40 73.3 / 47.6 / 38.5 2.523
Streaming models

StreamingVLM 63.24 38.06 58.85 58.54 46.03 33.66 61.39 48.65 63.6 / 39.1 / 31.3 0.377
Stream3D-VLM 60.42 36.78 55.88 56.46 43.76 32.32 58.54 46.92 61.0 / 35.7 / 29.2 0.410
MemAct-4B 62.01 37.50 64.13 63.80 51.54 37.68 62.43 51.87 84.9 / 53.1 / 44.0 0.383
MemAct-9B 67.22 52.28 68.11 67.72 58.28 48.74 67.27 60.23 85.3 / 57.4 / 50.9 0.420

Current, Memory, and Action across domains by question count (13,134 multiple-choice; 6,866 nu-
merical), scoring multi-turn questions per turn. Action is simulation-only, with all models using the
same discrete interface and attempt budget and receiving action observations before answering.

Timing uses a separate 2,000-question set balanced across domains. Questions precede evidence;
models observe at 1 FPS and wait or answer without memory/action tools. The first answer is final
and on time within the inclusive five-second window from the first evidence-sufficient checkpoint.
We report on-time rate (T), joint timing-and-answer accuracy (JA), and timing-gated MRA (JM),
averaged over applicable questions (Appendix D.4).

Latency spans image/context readiness to complete answer output, excluding frame acquisition,
observation maintenance, memory operations, action execution/rendering, and network/queueing
delays. Overall latency averages the two domains, each with 10,000 QA turns (Appendix D.3).

5.2 MAIN RESULTS

All streaming models in Table 1 are also fine-tuned on our QA dataset; Cambrian-S is fine-tuned on
our dataset’s offline conversion as a spatial baseline (Cambrian-S-FT).

MemAct-9B achieves the highest Overall ACC (67.27) and leads all three QA categories in both
ACC and MRA among open-source, spatial, and streaming models. It exceeds StreamingVLM
by 5.88/11.58 percentage points in Overall ACC/MRA; MemAct-4B also improves both metrics,
particularly on Memory and Action QA. GPT-6 Astra leads Current and Action QA and Overall
MRA, but MemAct-9B achieves comparable aggregate performance: +0.53 points in Overall ACC
and −0.92 in MRA. Its highest Memory ACC (68.11) exceeds Astra by 3.68 points. MemAct thus
combines competitive spatial QA with incremental observation processing and, for MemAct-9B,
answer-generation latency of 0.420 seconds per QA turn. MemAct-9B also leads all three Timing
metrics (85.3 T, 57.4 JA, and 50.9 JM), combining timely responses with accurate answers.

5.3 ABLATION STUDIES

Memory Ablations. Table 2 ablates memory content, retention, and write frequency. Full mem-
ory improves ACC/MRA over no explicit memory by 13.59/15.48 points; ground-truth memory
adds another 2.66/3.34 points, indicating room for better memory construction. Historical RGB
contributes most: removing it costs 3.19/4.00 ACC/MRA points. Counts mainly benefit numerical
answers, while relations yield smaller ACC gains.

8



Preprint

Table 2: MemAct-9B Memory QA ablations: (1) content, (2) retention length, (3) write frequency.
A. Memory components

Setting ACC MRA
No explicit memory 54.52 52.24
Full memory 68.11 67.72
GT memory 70.77 71.06
w/o Frames 64.92 63.72
w/o Count 68.10 66.62
w/o Relations 67.91 67.72

B. Retention window
Window ACC MRA
10 s 58.52 57.45
20 s 60.91 60.12
30 s 63.20 62.48
40 s 65.04 64.47
50 s 66.50 65.95
Full history 68.11 67.72

C. Write interval
Interval ACC MRA
1 s 67.47 66.98
2 s 67.82 67.34
3 s 68.13 67.72
5 s 68.11 67.72
10 s 66.60 65.83

Table 3: MemAct-9B Action QA ablations: (1) RL algorithm, (2) reward design, and (3) action-step budget.

Setting ACC (%) MRA (%) Evidence gain Effective gain Mean
(∆ pp) (∆ pp) (points) rate (%) steps

A. Training strategy
No action 47.45 (+0.00) 35.27 (+0.00) 0.00 0.00 0.00
SFT only 52.92 (+5.47) 41.87 (+6.60) 14.26 43.41 2.19
SFT + Bandit (full) 58.28 (+10.83) 48.74 (+13.47) 29.13 71.14 2.02
SFT + GRPO 57.92 (+10.47) 48.20 (+12.93) 28.34 69.78 2.08

B. Reward composition (cumulative)
Pixel visibility 51.39 (+3.94) 39.63 (+4.36) 10.40 35.13 2.31
+ Full framing 52.55 (+5.10) 43.11 (+7.84) 17.79 50.90 2.20
+ Two-target evidence 55.81 (+8.36) 45.03 (+9.76) 21.69 58.07 2.14
+ Historical gain (full) 58.28 (+10.83) 48.74 (+13.47) 29.13 71.14 2.02

C. Action budget
No action (0 steps) 47.45 (+0.00) 35.27 (+0.00) 0.00 0.00 0.00
At most 1 step 54.61 (+7.16) 43.26 (+7.99) 17.85 50.85 0.94
At most 2 steps 56.93 (+9.48) 46.73 (+11.46) 25.45 64.84 1.57
At most 3 steps (full) 58.28 (+10.83) 48.74 (+13.47) 29.13 71.14 2.02

Extending retention from 10 seconds to full history consistently raises ACC/MRA to 68.11/67.72,
supporting evidence use beyond recent observations. More frequent writes do not consistently help:
three-second intervals maximize ACC, but our five-second interval matches MRA with only 0.02
points lower ACC and fewer writes; ten-second intervals reduce both metrics.

Action Ablations. Table 3 compares training, rewards, and budgets using common evidence-gain
metrics and mean camera-action attempts, including invalid attempts. Cumulative-return optimiza-
tion adds 5.36/6.87 ACC/MRA points over SFT-only training and reduces mean attempts from 2.19
to 2.02. GRPO (Shao et al., 2024) achieves comparable performance. Reward ablations share termi-
nal answer rewards, action costs, and cumulative returns. Framing adds 1.16/3.48 ACC/MRA points
over pixel visibility alone; joint target evidence adds 3.26/1.92 points, supporting complete views
and balanced evidence for relational questions. Replacing current-view gains with gains over the
best historical view adds 2.47/3.71 points and raises the effective gain rate from 58.07% to 71.14%,
encouraging acquisition of new evidence. Raising the action budget from one to three attempts adds
3.67/5.48 ACC/MRA points, supporting multi-step exploration.

5.4 EVALUATION ON OTHER SPATIAL BENCHMARKS

Table 4: MemAct versus published results
on spatial understanding benchmarks.

Model
VSI-

Bench ReVSI
MMSI-
Bench

View
Spatial

Closed-source models
GPT-5.2 54.49 50.90 41.30 47.30
Gemini-3-Pro 55.10 60.90 45.20 50.40
Open-source models

Qwen3.5-9B 57.90 51.60 36.50 48.20
Spatial models

VLM-3R-7B 60.90 50.10 27.90 40.50
Cambrian-S-7B 67.50 49.10 27.10 41.30
Our method

MemAct 65.90 55.30 37.80 52.21

We evaluate MemAct-9B on VSI-Bench (Yang et al.,
2024a), ReVSI (Zhang et al., 2026), MMSI-Bench (Yang
et al., 2025b), and ViewSpatial (Li et al., 2025), com-
paring against publicly reported results (Li et al., 2026;
Zhang et al., 2026; Dai et al., 2026; Wang et al., 2026;
TaichuAI, 2026; SpatialAxiom, 2026) in Table 4. Despite
operating as a streaming model, MemAct-9B remains
competitive on these spatial benchmarks. It leads the
listed models on ViewSpatial (52.21), outperforms both
specialized spatial baselines on ReVSI and MMSI-Bench,
and obtains 65.90 on VSI-Bench, behind Cambrian-S-
7B’s 67.50. These results suggest that our training sup-
ports spatial understanding beyond our benchmark, while
retaining incremental observation processing.
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6 CONCLUSION

MemAct combines structured memory writing, historical evidence retrieval, and active exploration
in a streaming vision–language model for spatial understanding. The MemAct suite supports train-
ing and evaluation in real and simulated environments. SFT teaches memory and interaction behav-
iors; cumulative-return counterfactual optimization improves exploration and stopping decisions.
Experiments show that historical evidence and newly acquired views improve spatial reasoning. Fu-
ture work will extend discrete camera commands to more continuous, comprehensive action spaces
and adapt MemAct to larger, more cluttered, and more dynamic scenes.
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APPENDIX GUIDE

The linked guide below summarizes the supplementary material.

• Dataset Construction Details (Appendix A): observation alignment, evidence measure-
ments, memory and QA targets, action trajectories, and question templates.

• Training Data Composition and Sampling (Appendix B): episode counts, training-data
sources and composition, and action-length statistics.

• Memory Router Details (Appendix C): memory writes, category/time queries, pagination,
and image retrieval.

• Training and Evaluation Details (Appendix D): optimization, action rewards and roll-
outs, QA scoring, and timing evaluation.

• Qualitative Examples (Appendix E): current-observation, historical-evidence, active-
view, and memory-write examples.

A DATASET CONSTRUCTION DETAILS

This section details how observations are converted into supervision for memory writing, spatial
question answering, and camera actions. We first establish a shared temporal representation, then
describe target construction and filtering, and finally specify the action space and multi-step trajec-
tories. The question catalog provides examples and construction rules for individual templates.

A.1 OBSERVATION PREPARATION AND ALIGNMENT

Simulation episodes use existing 3D-FRONT (Fu et al., 2021) layouts and assets. We remove objects
with conspicuous interpenetration or erroneous scale while preserving the remaining scene structure.
Scanning trajectories connect geometric centers and selected centers of maximal inscribed circles in
randomized order, with the camera oriented toward the room interior. A* (Hart et al., 1968) plans
paths on a mesh-derived occupancy map over the camera’s relevant height range, and Bézier curves
smooth the resulting paths. Multiple trajectories provide different visitation orders and observation
histories for each layout. Floor and ceiling textures and randomly selected HDRI environments vary
appearance, and Cycles (Blender Foundation, 2026) renders the RGB observations and auxiliary
visibility annotations.

Real observations originate from ScanNet (Dai et al., 2017), ScanNet++ (Yeshwanth et al., 2023),
and ARKitScenes (Baruch et al., 2021) videos. Frames are aligned with camera poses and source
3D annotations through physical timestamps. Coordinate transformations and projection associate
annotated objects with individual observations. Both branches provide time-ordered RGB frames,
category labels, instance correspondences, geometry, and per-frame visibility. We sample observa-
tions at 1 Hz and express geometric distances in meters. Per-frame visibility follows the source
annotations. Pixel-level measurements are used where rendered masks are available; projected
bounding-box area is separately identified when used as an evidence proxy.

For a question at time t, historical evidence is selected from the observation prefix O≤t. An action-
generated observation becomes available only after the corresponding command is executed. Offline
geometry and instance identifiers determine supervision, whereas the model receives RGB observa-
tions, timestamps, retained context, and returned tool content. Each example records its question
time, evidence-frame references, answer, and construction provenance.

A.2 METADATA AND EVIDENCE MEASUREMENTS

Temporal metadata maps frame references to timestamps. Camera metadata contains intrinsics and
poses; object metadata supplies persistent identities, categories, 3D centers, dimensions, and avail-
able meshes or boxes. Scene metadata supplies geometry, occupancy, and floor polygons. Visibility
metadata links these records to individual observations. Distances use meters, image fractions are
dimensionless, and each evidence measurement records its provenance.
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Visibility and image occupancy. Let I be the image rectangle, N = WH its pixel count, bo(x)
the source visibility indicator, and no(x) the object’s visible mask-pixel count. Pixel visibility is
po(x) = no(x)/N . For observations using projected-box evidence, let Ro(x) be the image-plane
bounding rectangle of the projected world-axis-aligned 3D box. The occupancy proxy is

uo(x) = bo(x)
area(Ro(x) ∩ I)

WH
. (4)

The indicator gates the proxy, but box area does not measure the unoccluded object surface. Missing
source visibility is distinct from an explicit negative observation.

Framing completeness. Transform the corners of the mesh-local bounding box to the world and
camera frames, project them using camera intrinsics, and form their convex hull Ho(x). Framing
completeness is

fo(x) =
area(Ho(x) ∩ I)

area(Ho(x))
. (5)

A valid ratio requires positive projected area and a box entirely beyond the 0.01 m near plane.
Near-plane intersections are retained only as diagnostics, not valid framing scores; fully behind-
camera and degenerate projections are unavailable. Framing describes image-boundary clipping,
not occlusion by other objects.

Occlusion support. An isolated-object render uses the same camera and target geometry while
hiding other scene objects. If its target mask contains niso

o (x) > 0 pixels, define

vocco (x) = min{1, no(x)/n
iso
o (x)}. (6)

The ratio is unavailable when the isolated mask is missing or empty, or the unbounded ratio exceeds
1.01. Values up to 1.01 are capped at one to accommodate small rasterization differences. This
measures visible support relative to the isolated in-frame silhouette; framing is checked separately.
Required unavailable measurements fail the corresponding quality check rather than being replaced
with zeros.

A.3 INCREMENTAL MEMORY TARGETS

Memory targets are generated over consecutive five-second windows. Each target contains one
observation record per sampled frame, including frames with no visible objects. A record specifies
the frame reference and visible category counts. Optional relations describe image-plane left, right,
above, or below relationships, with subjects and objects localized on a 3 × 3 image grid. The final
incomplete window is also retained.

Let Vf,c denote the set of visible instances of category c in frame f . The per-frame count is |Vf,c|,
whereas the historical distinct-instance count is

Nc(t) =

⃓⃓⃓⃓
⃓⃓ ⋃︂
f : tf≤t

Vf,c

⃓⃓⃓⃓
⃓⃓ . (7)

The latter is computed using offline instance correspondences. For example, observing the same two
chairs in three frames yields per-frame counts of two and a historical count of two. Memory targets
preserve frame references so that detailed appearance and instance evidence can be recovered from
historical images.

A.4 SPATIAL QA CONSTRUCTION

Each QA example is constructed by selecting a causal observation prefix, binding its referents,
computing an answer from aligned annotations, checking evidence and ambiguity conditions, and
instantiating a question template. Multiple-choice questions use distinct semantic alternatives and
retain the mapping between option letters and answers. Numeric questions specify their units. All
QA text undergoes one LLM polishing pass to diversify phrasing while preserving referents, tempo-
ral constraints, units, option meanings, and annotation-derived answers.
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Current QA. Current questions use the latest observation or an explicitly specified recent window,
with a default duration of five seconds. Camera-to-object and object-to-object distances use 3D cen-
ters. Trajectory length sums consecutive camera translations, endpoint displacement measures the
distance between the initial and final positions, and orientation change measures the net endpoint ro-
tation. Referents must be uniquely identifiable under the question wording. Nearest-camera queries
require a minimum 0.15 m separation between the two closest candidates; designated-object nearest-
neighbor queries require 0.40 m. Appearance and disappearance questions require a unique category
change between the specified observations.

Memory QA. Memory questions require evidence preceding the current window. First and last
appearances are computed over the full causal prefix, historical counts use instance-set unions, and
historical relationships are evaluated at the referenced frame. Appearance-order questions require
successive first-observation times to differ by at least two seconds. Historical-neighbor questions
bind a uniquely observed target that is absent from the current view and select neighbors among ob-
jects co-visible at the specified historical time. These evidence conditions define the question family;
the model can answer directly when its retained context already contains the required information.

Chained questions and geometric examples. For linked questions, the first turn establishes an
object or category and subsequent turns retain that referent. These linked QA turns are distinct
from multiple camera actions taken to answer a single question. Each turn is associated with its
own arrival time and evidence prefix. Height questions compare vertical extent rather than elevation
above the floor, with a 0.30 m margin between the two tallest candidates. Room-area questions use
the room’s floor polygon, including floor beneath furniture, and require at least eight observations,
90% boundary-angular coverage, and a viewing-direction span of at least 150◦.

A construction example. Consider a nearest-object question with visible object-center distances
of 1.0, 1.4, and 2.1 m. The first object supplies the answer because its 0.4 m lead exceeds the
0.15 m ambiguity margin. Replacing the second distance with 1.08 m rejects the example. For a
first-appearance question, the answer is the earliest visible frame in the complete prefix, and the
example is assigned to Memory QA when that evidence precedes the current window.

A.5 SELECTING QUESTION TIMES AND OBJECT REFERENTS

Construction operates on aligned frame records rather than RGB alone. Each record links a times-
tamp and image to its camera pose, visible-instance set, and category labels. Object records sup-
ply persistent instance identifiers, 3D centers, and the geometric fields required by each template;
image-plane relations additionally use projected positions, and room-area questions use floor poly-
gons. These annotations select candidates and compute labels offline. Public questions identify
objects through category names, explicit nearest-instance qualifiers, or image regions, without ex-
posing instance identifiers or geometric answers.

Candidate times and evidence windows. We enumerate candidate times on the sampled ob-
servation sequence and apply template-specific temporal conditions before constructing a ques-
tion. Single-view questions use the question frame; motion and visibility-change questions require
the specified earlier endpoint. Nearest-neighbor, fixed-reference relation, and height-comparison
templates enumerate interior frames. Last-seen, historical coappearance, historical direction, and
appearance-order templates are proposed every five sampled frames starting at index ten. Memory
evidence must belong to the available prefix and be covered by completed memory writes. Room-
area candidates are proposed when a continuous within-room observation run meets the coverage
conditions. A frame that does not satisfy a template’s conditions produces no example for that
template.

Object eligibility and combinations. For nearest-neighbor, fixed-reference relation, and height-
comparison templates, candidate objects are visible at the question frame and its two adjacent
frames, and each selected category has exactly one visible instance at the question frame. The
adjacent-frame test selects stable observations offline; the following frame is not included in the
question’s model input or used to compute its geometric answer. Category-conflict checks re-
move semantically overlapping options. We then enumerate reference–target pairs for relations
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and nearest-neighbor questions, or four distinct-category objects for height comparison. Missing
geometric fields remove the affected combination. Other templates retain their own bindings: a
nearest-instance qualifier can resolve multiple objects of one category, whereas historical single-
instance questions require a unique previously observed instance.

Answer computation and acceptance. For a bound combination, we first compute the geometric
or temporal quantity, then check the template’s uniqueness and evidence conditions. A designated-
object nearest-neighbor question requires a 0.40 m gap between its two closest eligible neighbors.
Height comparison uses world-vertical bounding-box extent and requires a 0.30 m gap between the
two tallest objects. Fixed-reference left/right questions use the 3 × 3 image grid: the correct target
lies in the reference object’s row and on the requested side; distractors come from the opposite side
or categories absent from the scene. The category alternatives are filtered before option letters are
assigned. These conditions apply to the corresponding templates, rather than serving as universal
thresholds for all QA.

Historical selection and memory verification. The last-seen template selects a category absent
at the question frame whose latest occurrence is at least five frame indices earlier. That historical
frame also supplies candidates for coappearance and relative-direction questions, with its timestamp
stated in the question. Coappearance distractors are absent from the referenced frame. Direction
questions require unique category instances and a same-row or same-column grid relation. First-
appearance-order questions select three categories whose first sightings occur at least two seconds
apart, with the latest first sighting at least five frame indices before the question. We replay the
corresponding teacher memory writes and retrieval requests, reconstruct the answer from returned
records or relations, and require agreement with the annotation-derived label. Direction examples
additionally require the referenced image to be retrievable within the image budget.

Room evidence and retained records. Room-area construction uses simulation episodes with
a valid floor polygon and unambiguous camera-to-room assignment. Leaving the assigned room
resets the observation run. Each polygon edge contributes eight boundary samples; coverage counts
samples falling within the horizontal viewing angle of at least one observation in the run. We
require eight observations, 90% angular boundary coverage, and a 150◦ heading span. This is a
geometric coverage proxy rather than a wall-pixel visibility test. Each retained QA records its
template, question time, evidence-frame references, bound objects where applicable, answer, and
source-scene provenance. Missing evidence images and failed template checks are excluded before
serialization.

Worked current and memory examples. Consider an illustrative current nearest-neighbor ex-
ample at t = 12 s. A cabinet, bed, chair, and lamp have unique category referents and pass the
adjacent-frame visibility check. Their center distances from the cabinet are 1.0, 1.6, and 2.2 m. The
bed is retained as the answer because the nearest-neighbor margin is 0.6 m; the question refers to the
cabinet, and its evidence is the frame at 12 s. If the chair were 1.2 m away, the combination would
fail the 0.40 m margin. For an illustrative memory example at t = 20 s, a lamp was last visible at
8 s and is absent afterward. Its last-seen question has answer 8 s, with the frame at 8 s as positive
evidence and the intervening prefix establishing that no later sighting occurred. The teacher write
covering that frame is replayed, and a lamp-category query must recover the same latest timestamp.
A later lamp sighting would change the label rather than preserve the earlier answer.

A.6 ACTION-CONDITIONED DATA

Action data are constructed through dedicated rendering of one- to three-step discrete camera-action
sequences. Each example fixes the starting observation, question, target objects, and geometry-
derived answer. Every action is executed from the preceding camera state and produces a newly
rendered observation under unchanged scene geometry, appearance, and imaging settings. Evidence
and geometric checks select demonstration sequences; alternative action outcomes are rendered and
recorded separately for counterfactual optimization.

Start times and target binding. At candidate question times in simulated observation streams, we
select objects with available geometry, a resolvable initial-view referent, and an evidence-area score
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of at least0.0002. Referents use a unique category or a unique category within a 3× 3 image region.
Up to sixteen objects are retained in descending score order. Each object supplies a size candidate,
and each unordered pair supplies center-distance and distance-range candidates. Size is the longest
physical bounding-box side, using source physical dimensions when available or transformed mesh
dimensions otherwise; pair distance is the Euclidean distance between fixed 3D centers. The same
bound objects and answer are retained throughout the path.

Evidence measurements and endpoint selection. Action construction uses mask-derived visible-
pixel fractions for both pre-question observations and newly rendered action views. Corresponding
target masks are required to evaluate the historical baseline, ensuring that evidence gains compare
the same measurement. Let pj(x), fj(x), and voccj (x) denote visible-pixel fraction, framing com-
pleteness, and occlusion support, respectively, as defined in Appendix A.2. For the required objects
Jq , define

P (x, q) = min
j∈Jq

pj(x), Bt(q) = max
x∈O≤t

P (x, q). (8)

The minimum requires joint visual support for pairwise questions, while the historical maximum
prevents improvement from being measured only against a weak starting view. An endpoint x is
retained only if

pj(x) ≥ 0.005, fj(x) ≥ 0.80, voccj (x) ≥ 0.70 ∀j ∈ Jq, (9)

P (x, q) ≥ 1.5Bt(q), P (x, q)−Bt(q) ≥ 0.002. (10)

Required unavailable measurements fail the quality check. These conditions define a single selection
profile for all rendered demonstrations.

A historical view is adequate when every required object satisfies the same visibility, framing, and
occlusion thresholds in that view. We retain separate labels for examples lacking an adequate his-
torical view and examples improving an already adequate view. The historical baseline includes all
pre-question observations, regardless of whether they satisfy the adequacy thresholds.

Discrete action interface and multi-step interaction. The action interface consists of five com-
mands: forward, leftward, and rightward translation by 0.5 m, and left and right rotation by 45◦.
Translation follows the current camera’s horizontal coordinate frame and preserves orientation; ro-
tation preserves position. The model selects a command, and the runtime assigns its fixed magnitude.
Each returned observation is associated with the resulting camera state. Interactions allow at most
three action attempts, each continuing from its predecessor state and producing a specifically ren-
dered observation. Demonstrations terminate at the earliest endpoint satisfying the unified quality
and gain criteria above. Intermediate views need not satisfy the endpoint thresholds or improve
evidence monotonically, allowing preparatory actions.

Geometric checks and serialization. For each segment, a mesh-based check rejects a surface
intersection along the straight camera-center connection. Positions sampled at intervals no greater
than 0.025 m require at least 0.125 m surface clearance and support within 2 m below. The serialized
example contains the causal prefix, unchanged question, ordered command–image pairs, and final
answer; future trajectory images enter the model context only after their corresponding commands.
Duplicate candidates sharing the source trajectory, bound target or pair, endpoint, and template are
removed. Distance-range and proximity candidates share the same geometric quantity. Identical
serialized sequences are deduplicated across these template labels, and the final release retains the
distance-range label.

Rendered alternatives for counterfactual optimization. Selected action sequences provide SFT
demonstrations. Counterfactual optimization additionally requires alternative outcomes for the five
discrete commands at each evaluated state, rendered under the same scene and imaging settings.
Demonstration endpoint thresholds do not filter these alternatives: valid actions with little or neg-
ative evidence improvement remain available for comparison, and physically invalid actions are
recorded separately. Branch validation distinguishes missing rendered outcomes (coverage errors)
from physically invalid actions, which preserve the observation and consume an attempt. RL re-
wards use the mask-derived measurements defined in Appendix D.2.
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Worked three-step example. Consider a size question about a uniquely identified cabinet whose
longest physical side is 1.2 m. Suppose its best historical visible-pixel fraction is 0.001, and three
successive rendered views yield 0.002, 0.004, and 0.007. The first two fail the 0.005 visibility
threshold. The third achieves a gain ratio of 7 and an absolute gain of 0.006; with framing com-
pleteness 0.85 and occlusion support 0.80, it satisfies all endpoint conditions. If all transitions pass
geometric checks, we retain the causal prefix, fixed question, three discrete command–image pairs,
and answer 1.2 m. A failed transition rejects this sequence; if an earlier view satisfies every condi-
tion, the demonstration ends there instead.

A.7 ASSEMBLY AND QUALITY CONTROL

We assemble observations, memory targets, questions, and tool outcomes into causally ordered train-
ing sequences. The training release contains all retained QA examples; the main test and Timing
sets are separate evaluation collections. Validation checks timestamps, frame references, referent
consistency, answer computations, duplicate semantic questions, tool-image correspondence, and
interaction budgets. Examples with missing required evidence, failed constraints, or excessive se-
quence length are excluded. Public model inputs and private annotation fields are stored separately.

A.8 QUESTION CATALOG AND CONSTRUCTION EXAMPLES

Tables 5, 6, and 7 list the Current, Memory, and Action QA templates, respectively, with represen-
tative questions, semantic answers, and construction rules. Current templates use present or recent
evidence; Memory templates require historical observations; Action templates specify questions
supported by newly acquired views. For multiple-choice examples, we display the semantic answer
rather than its option letter. Linked templates show the opening question and specify the subsequent
turn in the construction rule.

Table 5: Current QA templates and examples.

Template Example and construction

approached object
category

Question: What is the category whose object had the largest decrease
in camera-to-3D-center distance among objects visible both now and 5
seconds ago? Choose from the listed options.
Answer: storage unit.
Construction: Compare objects visible at both endpoints. Require a
distance decrease of at least 0.20 m and a 0.10 m lead over the runner-
up.

became visible cat-
egory

Question: Select the option that identifies the category that became vis-
ible between 5 seconds ago and now.
Answer: plant.
Construction: Take the difference between endpoint category sets and
require one newly visible category.

camera motion
bucket

Question: What is the range of the camera’s straight-line endpoint dis-
placement over the last 5 seconds? Choose from the listed options.
Answer: almost stationary (at most 0.2 meters).
Construction: Discretize straight-line camera endpoint displacement,
excluding ambiguous interval boundaries.

camera path length
m

Question: Estimate the total length of the camera’s trajectory over the
last 5 seconds. Answer in meters.
Answer: 0.0.
Construction: Sum Euclidean translations between consecutive camera
positions in the specified window.

camera rotation deg Question: Provide your numerical estimate of the net difference be-
tween the camera’s starting and ending orientations over the last 5 sec-
onds. Answer in degrees.
Answer: 120.0.
Construction: Compute net rotation between endpoint camera orienta-
tions, expressed in degrees.
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Template Example and construction

camera to object
distance bucket

Question: What is the camera-to-3D-center distance range for the clos-
est visible sofa? Choose from the listed options.
Answer: very near (at most 1.25 meters).
Construction: Bind the nearest visible instance of the named category
and discretize its center distance to the camera.

camera to object
distance m

Question: Give a numerical value for the camera-to-3D-center distance
to the closest visible sofa. Answer in meters.
Answer: 1.06.
Construction: Bind the nearest visible instance of the named category
and compute its center distance to the camera.

closer than before Question: Select the option that identifies the change in camera-to-3D-
center distance to the table over the last 5 seconds, considering the object
visible at both times.
Answer: much closer (decrease of at least 0.75 meters).
Construction: Uniquely match the category referent across the two ob-
servations and classify its camera-distance change.

closest category
then distance

Question: Choose the answer corresponding to the category of the cur-
rently visible object closest to the camera by 3D center distance.
Answer: sofa.
Construction: First identify the nearest visible category; then query the
distance interval of the same object. Count both QA turns.

closest category
then relation

Question: Determine the category of the currently visible object closest
to the camera by 3D center distance and select the matching choice.
Answer: sofa.
Construction: First bind the nearest visible object; then identify its
nearest neighbor among currently co-visible objects.

closest neighbor
category

Question: Which option describes the listed category whose currently
visible object has its 3D center closest to the cabinet?
Answer: bed.
Construction: Require visibility at the question frame and its adjacent
frames for offline stability selection, and unique category referents; the
nearest two candidates must differ by at least 0.40 m.

closest object cate-
gory

Question: Choose the answer corresponding to the category of the cur-
rently visible object closest to the camera by 3D center distance.
Answer: sofa.
Construction: Rank currently visible objects by camera-to-center dis-
tance; require a nearest-candidate margin of 0.15 m.

disappeared cate-
gory

Question: From the options below, indicate the category that disap-
peared from view between 5 seconds ago and now.
Answer: sofa.
Construction: Take the reverse endpoint category-set difference and
require one disappeared category.

fixed reference rela-
tion

Question: From the options below, indicate the listed category whose
currently visible object is to the left of the desk in the image at the time
of this question.
Answer: double bed.
Construction: Use projected image positions with unique referents; se-
lect a same-row left/right relation and place distractors on the opposite
side.

multi candidate
height

Question: Which option describes the listed category whose currently
visible object has the greatest vertical height (not elevation above the
floor)?
Answer: wardrobe.
Construction: Compare world-vertical bounding-box extents of four
distinct-category candidates; require a 0.30 m gap between the tallest
two.
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Template Example and construction

object category
then later visibility

Question: Determine the category of the currently visible object closest
to the camera by 3D center distance and select the matching choice.
Answer: media unit.
Construction: Bind a category/object in the first turn and ask about its
visibility only after the later observation arrives.

object relative to
camera

Question: Which option describes the direction of the closest visible
bed relative to the camera now?
Answer: far to the right.
Construction: Transform the bound object center into the current cam-
era frame and assign the corresponding direction category.

room floor area Question: Calculate the total floor-footprint area of the room just sur-
veyed that the camera is currently inside, including floor beneath furni-
ture from the observations. Answer in square meters.
Answer: 8.43.
Construction: Compute the valid room floor-polygon area. Require at
least eight frames, 90 percent boundary-angular coverage, and a 150-
degree heading span.

Table 6: Memory QA templates and examples.

Template Example and construction

first appearance or-
der

Question: Identify the first-observation order of the categories arm-
chair, dining table, storage unit since this episode began by selecting
an option.
Answer: storage unit → dining table → armchair.
Construction: Sort three category-first-observation times, separated by
at least two seconds and preceding the current window.

first seen category
then timestamp

Question: Determine the category seen earliest among the listed choices
so far in this episode and select the matching choice.
Answer: lighting.
Construction: Identify the earliest category among the options, then
query its original first-observation timestamp.

first seen object cat-
egory

Question: Among the choices, which one gives the category seen earli-
est among the listed choices so far in this episode?
Answer: lighting.
Construction: Compare first-observation times of the listed categories;
require a unique earliest option before the current window.

first seen timestamp
s

Question: Estimate the first-seen timestamp of the lighting category,
measured from the start of this episode. Answer in seconds.
Answer: 0.0.
Construction: Return the earliest observed timestamp for the category
over the complete causal prefix.

historical coappear-
ance category

Question: Choose the answer corresponding to the listed category also
visible alongside the lighting at timestamp 3 seconds.
Answer: cabinet.
Construction: Use the explicitly referenced historical frame; the cor-
rect category is co-visible with the anchor and distractors are absent.

historical relative
direction

Question: From the options below, indicate the image-plane position of
the storage unit relative to the table in the observation at timestamp 44
seconds.
Answer: left.
Construction: Use uniquely bound objects in the historical frame and
their same-row or same-column image-plane relationship.
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Template Example and construction

last seen timestamp Question: Report the last timestamp at which the lighting category was
observed before this question as a number. Answer in seconds.
Answer: 44.0.
Construction: Take the last occurrence before the question; require cur-
rent absence and an occurrence preceding the pending write window.

seen count by cate-
gory

Question: Report the number of distinct table objects observed so far in
this episode as a number. Answer with an integer count (objects).
Answer: 4.
Construction: Union visible instance IDs over the prefix; require his-
torical write coverage and that the current view does not contain all
counted instances.

single seen object
then closest cate-
gory

Question: Choose the answer corresponding to the category nearest to
that lighting by 3D center distance, among the other objects visible at
timestamp 0 seconds alongside the lighting seen earlier and absent now.
Answer: table.
Construction: Bind the only previously observed instance of the target
category, absent now; find its nearest co-visible historical neighbor.

single seen ob-
ject then closest
distance

Question: What is the 3D center distance from that lighting to its near-
est neighbor, among the other objects visible at timestamp 0 seconds
alongside the lighting seen earlier and absent now? Answer in meters.
Answer: 0.776.
Construction: Use the same historical target binding and return its min-
imum center distance to another object visible in the referenced frame.

Table 7: Action QA templates and examples.

Template Example and construction

object size m Question: Estimate the longest physical side length of the 3D bounding
box of the drawer chest / corner cabinet visible in the initial view. An-
swer in meters.
Answer: 1.185.
Construction: Use source physical dimensions or transformed mesh
bounding-box dimensions to obtain the longest physical side in meters;
hold the bound object fixed across views.

object to object dis-
tance bucket

Question: Identify the 3D center-to-center distance range between the
sofa in the middle left of the initial view and the table in the lower left
of the initial view by selecting an option.
Answer: near (1 to 1.75 meters).
Construction: Map the bound pair’s center distance to an unambiguous
interval; require evidence for both objects.

object to object dis-
tance m

Question: Report the 3D center-to-center distance between the sofa in
the lower left of the initial view and the chair visible in the initial view
as a number. Answer in meters.
Answer: 3.041.
Construction: Compute the Euclidean distance between the bound 3D
centers; retain the same pair throughout the action path.

B TRAINING DATA COMPOSITION AND SAMPLING

We report source composition, supervision counts, and action-path statistics separately. A QA
turn is one question–answer pair; a linked two-turn example contributes two QA turns. Memory
writes count completed supervision windows, while camera-action counts refer to executed transi-
tions. Unique questions, demonstration paths, and alternative transitions have separate denomina-
tors. Demonstration length counts executed camera actions.
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Table 8: Episode composition. The simulation row covers Current and Memory QA; real-world
rows count original recordings and unique retained segments.

Source Layouts / recordings Episodes / segments

3D-FRONT 4,823 14,534

ScanNet 1,412 1,511
ScanNet++ 796 1,457
ARKitScenes 4,681 5,764

Real-world total 6,889 8,732

Table 9: Training QA composition by family. Counts denote answer turns.

Family Training QA turns

Current 302,661
Memory 402,662
Action 294,677
Total 1,000,000

Sampling is organized hierarchically by QA family, semantic template, and source scene. Within
each family, we balance templates over eligible examples and preserve scene diversity. Linked
question groups are selected together, and memory-writing targets remain attached to their causal
windows. Dataset composition and training exposure are reported separately: sampling an example
multiple times does not increase the number of distinct QA examples.

The training release contains 1,000,000 QA answer turns: 302,661 Current QA, 402,662 Memory
QA, and 294,677 Action QA. All of these turns are training data. MemAct-bench uses a separate
20,000-turn main QA test set and an additional 2,000-question Timing set. Training and evaluation
sets are disjoint at the scene level. The 1,000,000 training QA turns are serialized into 342,868
streams covering 11,724 source-qualified scene identifiers. Retained sequences satisfy the 180,000-
token budget; the longest contains 178,705 tokens. Table 9 breaks down training answer turns by
QA family, while Table 10 separates their sources and shows that Action QA is simulation-only.
Table 11 reports demonstration lengths; one-action paths are most common, with two- and three-
action paths providing multi-step supervision. Table 12 reports training-set fractions, rather than
repeated exposure during optimization, and Table 13 gives the finer template-level counts, including
linked answer turns.

B.1 EPISODE COMPOSITION AND TEMPORAL SEGMENTATION

For 3D-FRONT, an episode is an observation sequence associated with a layout, camera trajectory,
and appearance configuration. Current and Memory QA use 14,534 simulated episodes from 4,823
layouts. The Action subset contributes 12 additional layouts outside this set, giving 4,835 simulated
layouts across the complete release. Action observations are not counted as independent episodes in
Table 8.

Long real-world recordings are divided into shorter temporal segments. The final release uses 8,732
unique segments from 6,889 original recordings. A recording is counted when at least one segment
is retained, without requiring its full duration to be used. All retained segments reported here belong
to the training collection. These recording identities are distinct from episode IDs and serialized
training streams. Together, 4,835 simulated layout IDs and 6,889 real recording IDs account for the
11,724 source-qualified scene identifiers reported above; recording identifiers do not establish that
every recording depicts a different physical environment.
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Table 10: Training QA composition by source.

Source Current Memory Action

3D-FRONT 135,671 218,983 294,677
ScanNet 31,304 30,431 0
ScanNet++ 19,160 29,201 0
ARKitScenes 116,526 124,047 0

Table 11: Training action demonstration lengths after selection.

Actions Training QA turns

1 216,418
2 46,858
3 31,401

Table 13: Template counts in the training release. Linked templates count all retained answer turns.

Template Training QA turns

Current QA
approached object category 18,733
became visible category 18,733
camera motion bucket 18,733
camera path length m 18,733
camera rotation deg 18,733
camera to object distance bucket 18,733
camera to object distance m 18,733
closer than before 18,733
closest category then distance 18,732
closest category then relation 18,732
closest neighbor category 18,739
closest object category 18,732
disappeared category 18,732
fixed reference relation 1,618
multi candidate height 1,316
object category then later visibility 18,732
object relative to camera 18,732
room floor area 18,732
Memory QA
first appearance order 61,034
first seen category then timestamp 36,870
first seen object category 18,435
first seen timestamp s 18,435
historical coappearance category 60,843
historical relative direction 26,743
last seen timestamp 60,847
seen count by category 24,399
single seen object then closest category 47,528
single seen object then closest distance 47,528
Action QA
object size m 128,469
object to object distance bucket 70,293
object to object distance m 95,915
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Table 12: Training-set composition by QA family and source. Each fraction uses the 1,000,000
training QA turns as its denominator.

Group QA turns Fraction

Current 302,661 30.27%
Memory 402,662 40.27%
Action 294,677 29.47%
ARKitScenes 240,573 24.06%
ScanNet 61,735 6.17%
ScanNet++ 48,361 4.84%
3D-FRONT 649,331 64.93%

C MEMORY ROUTER DETAILS

The memory router maintains model-written records and retrieves historical evidence through deter-
ministic rules. Its responsibilities are structural validation, persistent storage, category/time filtering,
and budgeted image return. The shared model supplies the semantic content of memory writes and
formulates retrieval requests.

C.1 WRITING AND STORAGE

A memory write uses the fields type, observations, and relations. Observation entries
contain a frame reference and a list of category–count pairs. The router requires contiguous half-
open windows [ts, te), exactly one record per supplied frame, normalized lowercase category strings,
positive integer counts, and valid relation endpoints. Empty object lists represent frames without
visible objects. A valid write is stored with its frame/time mapping and a payload receipt. Repeating
an identical write returns already stored; a different payload for the same window is rejected
as a conflicting retry. Semantic predictions are stored as generated by the model.

C.2 QUERIES, PAGINATION, AND IMAGES

Each question allows at most four memory-retrieval calls. A retrieval request specifies categories,
an optional time range, and whether images are required. Category matching returns the union
of matching records, with an additional co-visibility indicator for records containing all requested
categories; an empty category list selects all categories. Results are ordered by time and paginated at
eight records per page. A continuation cursor is bound to the original query and its record snapshot.

When images are requested, the router selects one representative per contiguous matching run, pre-
ferring co-visible records and the timestamp nearest their midpoint. Additional candidates are or-
dered by the summed counts of requested categories. Each call returns at most two images, with
at most four distinct historical images per question. Returned images remain in context and are not
resent. New questions reset pagination and image budgets; textual frame references remain available
after the image budget is exhausted. These limits concern retrieved history, not action observations
or the entire context.

Relations contain a frame, a predicate, and subject/object endpoints specified by category and image-
grid region. Query time ranges are half-open. Category filtering selects frame records, and the
response includes all relations attached to frames in the returned text page or image list. It does not
independently filter relation endpoints by query category.

Illustrative protocol. The following payload illustrates a single-frame write at t = 1 s. A com-
plete write contains one observation entry for every supplied frame in its window. The chair query
returns this frame’s category counts and the chair–table relation, together with the image if budget
permits.

{"type":"memory_write",
"observations":[{"frame":"f000001","objects":[

{"category":"chair","count":1},
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{"category":"table","count":1}]}],
"relations":[{"frame":"f000001",

"subject":{"category":"chair","region":"middle_left"},
"predicate":"left_of_in_image",
"object":{"category":"table","region":"middle_right"}}]}

{"type":"use_memory","categories":["chair"],
"time_range":[0,5],"with_frames":true}

D TRAINING AND EVALUATION DETAILS

Training first learns the shared output protocol through supervised fine-tuning and then optimizes
action decisions using cumulative continuation returns. Both stages use the same vision–language
model and structured outputs. This section specifies optimization, causal rollout construction, and
answer scoring.

D.1 SHARED CONFIGURATION AND SUPERVISED FINE-TUNING

We use Qwen3.5-4B and Qwen3.5-9B (Qwen Team, 2026a) with LoRA (Hu et al., 2021) applied
to the query and value projections, using rank eight, scaling factor sixteen, and zero dropout. Base-
model parameters, including the visual encoder, are frozen. We use our dataset together with VSI-
590K (Yang et al., 2025a) for SFT. Both stages use AdamW (Loshchilov & Hutter, 2017) with a
learning rate of 10−5 and gradient clipping at 1.0. Training uses eight GPUs, one training item per
GPU per microbatch, and eight gradient-accumulation steps, giving 64 items per update. SFT items
are serialized sequences; action-optimization items are decision histories whose candidate rollouts
are evaluated internally. Each serialized training sequence is limited to 180,000 tokens, including
text, visual tokens, and supervised assistant outputs. Sequences exceeding this budget are discarded
without truncation or splitting.

SFT sequences preserve the order of observations, memory triggers, questions, and tool results. Only
assistant outputs contribute to the token loss: memory records, retrieval requests, camera commands,
and answers. Prompt and tool-result tokens provide context. The loss is averaged over supervised
assistant tokens within each sequence and then over the effective batch. Linked questions retain
their original referents and causal context.

D.2 CUMULATIVE-RETURN ACTION OPTIMIZATION

Action optimization evaluates camera and stopping decisions using evidence increments and termi-
nal answer quality. Construction thresholds select examples; the following scores define training
rewards and common evidence metrics.

View-level evidence. For the one or two required objects Oq , use the visible-pixel fraction po(x)
and framing completeness fo(x) defined in Appendix A.2. Define

vo(x) = min{po(x)/0.10, 1}, so(x) = vo(x)fo(x), (11)

Epixel(x, q) =
1

|Oq|
∑︂
o∈Oq

vo(x), (12)

Eframe(x, q) =
1

|Oq|
∑︂
o∈Oq

so(x), (13)

Ejoint(x, q) = min
o∈Oq

so(x). (14)

Normalization saturates at ten percent image occupancy. Framing discounts cropped targets, and
joint evidence is limited by the less-supported object. For single-object questions, framing and joint
scores coincide. These reward inputs use mask-derived pixel fractions, not projected-box occupancy.

Historical gain and cumulative returns. Let k index camera-action decisions from zero and T
denote the total number of attempted camera actions before answering; write [z]+ = max(z, 0).
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The full configuration maintains Φ(h, q) = maxx∈O(h) Ejoint(x, q) over pre-question observations
and preceding action results, with increment dk = Φ(hk+1, q) − Φ(hk, q). The first three ablation
configurations instead use dk = [E(xk+1, q) − E(xk, q)]+ with their respective view score. Lo-
cal increments can reward recovery of previously acquired evidence; historical gain removes this
repeated reward.

rk = 0.10dk − 0.03− 0.201[invalid(ak)], Gk =

T−1∑︂
j=k

rj +RQA. (15)

We use unit action costs, discount γ = 1, and at most three camera-action attempts. Invalid actions
preserve the observation, receive no evidence gain, and consume an attempt. Answer-now terminates
without camera cost; budget exhaustion requests a final answer. RQA scores the model’s generated
answer by exact option correctness or numerical MRA, as defined in Appendix D.3. In the full
configuration, evidence increments telescope to 0.10[Φ(hT , q)−Φ(h0, q)], while action costs favor
shorter paths with equal final evidence and answer quality.

Counterfactual candidate values. On rendered branch states, candidates are the five fixed-
magnitude commands and answer now. All candidates start from an independent copy of the
same history and remaining total budget. We average B = 4 continuations per candidate:

ˆ︁Qµ(h, a) =
1

4

4∑︂
b=1

G(b)(h, a). (16)

A frozen snapshot of the current policy is refreshed before each update. Subsequent camera de-
cisions are sampled from its categorical policy at temperature one; terminal answers use greedy
decoding. Training includes initial histories and visited nonterminal histories. No new memory
retrieval is introduced inside these rollouts.

Candidate scores sum conditional log probabilities of decision-value tokens and are normalized
across candidates without length normalization. The action loss is

Laction = Eh

[︄
−
∑︂
a

πθ(a | h) ˆ︁Qµ(h, a) + 0.05DKL(πθ(· | h)∥πSFT(· | h))

]︄
. (17)

Values are detached during updates and retain their original scale. The loss sums over all candidate
actions using the four-rollout value estimates. The SFT reference remains frozen. Private scores and
alternative outcomes never enter the decision prefix.

Supervised replay. Training items are sampled with probabilities ρaction = 0.50, ρQA = 0.25,
and ρmem = 0.25. An action item contributes the counterfactual loss for a decision history; QA and
memory items contribute assistant-token-averaged SFT losses for answers/tool calls and incremental
writes, respectively. Averaging item losses gives the mixture objective

Lmix = Eu∼ρEz∼Du
[ℓu(z)]. (18)

The sampling probabilities set item frequencies, and sampled item losses are averaged with equal
weights. Rollout branches are evaluated within each action item.

Ablations and common metrics. Reward variants progressively add framing, joint aggregation,
and historical gain to pixel visibility, retaining the same cumulative-return definition. Memory-
component and reward variants are retrained under their respective configurations. GT memory re-
places model-written records with the annotation-derived memory targets described in Appendix A.
Action-budget comparisons use the full policy with limits of one, two, or three attempts. All reward
variants are evaluated with the same full-history joint score:

∆i = Φ(hTi
, qi)− Φ(h0i , qi), (19)

EvidenceGain =
100

N

∑︂
i

∆i, (20)

EffectiveGainRate =
100

N

∑︂
i

1[∆i > 0.10]. (21)
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The initial history includes all observations available before acting. Both metrics include all ques-
tions, including zero-action answers. Mean steps counts attempted camera actions, including invalid
attempts.

D.3 STREAMING INPUTS AND MAIN QA

All streaming models process observations chronologically at 1 FPS. Offline models receive up
to 32 uniformly sampled frames from the available prefix, using all available frames when fewer
are present. Future frames are withheld. On the Action subset, comparison models can also issue
actions under the same action interface and attempt budget, receiving the corresponding observations
before answering. Multiple-choice answers are scored by exact option agreement. For nonzero
references y ̸= 0, numeric answers use mean relative accuracy (Yang et al., 2024a) over thresholds
T = {0.05, 0.10, . . . , 0.50}:

MRA(ŷ, y) =
1

|T |
∑︂
τ∈T

1

[︃
|ŷ − y|
|y|

≤ τ

]︃
. (22)

For zero-valued references, we use exact zero agreement. We report results by QA family, and sep-
arate one-, two-, and three-action budgets when evaluating active reasoning. All compared models
share the same question times, referents, and available observation prefixes, represented according
to their streaming or offline input protocols.

Offline QA prompts. Offline QA prompts present chronologically ordered frames with times-
tamps, followed by the question and its labeled options or numerical unit. When submitting a final
answer, models return exactly one JSON object, {"type":"answer","answer":value}.
For multiple-choice questions, value must be a single uppercase option letter rather than the op-
tion text. For numerical questions, it must be a JSON number in the unit specified by the question;
object counts must be integers. Linked questions include preceding questions and the model’s own
predictions as context.

Main QA aggregation and latency. The main evaluation contains 10,000 QA turns from each
domain. Overall ACC pools the 13,134 multiple-choice turns, and Overall MRA pools the 6,866
numerical turns, weighting each task and domain by its applicable question count. Action con-
tributes simulated questions only; no zero score is imputed for the real domain. Linked questions
are scored per answer turn. Latency starts when the required images and context are ready and ends
when the full answer has been produced. It excludes frame acquisition, ongoing observation main-
tenance, memory-tool operations, action execution or rendering, and network or queueing delays.
The overall mean uses all 20,000 main QA turns, equivalent to averaging the two domain means
with equal weights.

D.4 TIMING EVALUATION

Timing contains 1,000 simulated and 1,000 real-world questions presented before their evidence
appears. Frames arrive chronologically at 1 FPS, retaining observed history and withholding future
frames. At each checkpoint the model outputs wait or answer; the first answer is final. Memory
and action tools are disabled.

The first answerable time t∗i is derived from visibility and evidence references: the unique earliest
option-category appearance, the queried category’s first appearance, the earliest prefix leaving one
consistent appearance-order option, or the arrival of the referenced historical frame for coappear-
ance and direction questions. Tied first appearances are excluded, and derived answers must match
ground truth. The model does not receive t∗i ; no example is answerable at the initial frame.

For first-answer time tai , let zi = 1[t∗i ≤ tai ≤ t∗i + 5 s], or zero if unanswered. The inclusive
window uses video time, not inference latency. An answer at the deadline is allowed; waiting at that
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checkpoint is unanswered. We report

T =
100

|Q|
∑︂
i∈Q

zi, (23)

JA =
100

|Qc|
∑︂
i∈Qc

zi1[ŷi = yi], (24)

JM =
100

|Qn|
∑︂
i∈Qn

zimi. (25)

Here mi ∈ [0, 1] is numerical MRA; |Q| = 2,000, |Qc| = 1,787, and |Qn| = 213. Denominators
include all applicable questions, with early, late, and unanswered cases contributing zero. Timing is
separate from Overall QA.

E QUALITATIVE EXAMPLES

We provide visual examples of the evidence used by each QA family and of the incremental memory
records that support historical retrieval.

Current observations and recent changes. Figure 5 illustrates approaching objects, newly vis-
ible categories, and camera displacement using observations five seconds apart. Figure 6 distin-
guishes trajectory length, camera rotation, and camera-to-object distance, while Figure 7 combines
metric distance, changes in distance, and a linked category–distance query. Figure 8 shows closest-
object identification, a follow-up relation query, and disappearance from view. Figure 9 illustrates
tracking a selected referent across turns, camera-relative direction, and height comparison; Figure 10
shows nearest-neighbor and fixed-reference spatial relations. Together, these examples distinguish
geometric reasoning in the current view from short-window temporal comparisons.

Historical evidence. Figure 11 illustrates retrieving the first observed category and its times-
tamp, and Figure 12 contrasts first-appearance lookup with counting distinct previously observed
instances. Figure 13 uses an earlier observation to recover the nearest category or distance for
a referent no longer visible. Figure 14 shows historical coappearance and image-plane direction;
Figure 15 uses timestamps to recover the last observation and first-appearance order. Figure 16 pro-
vides further distinct-instance counting and historical nearest-neighbor examples, illustrating why
the current view alone may be insufficient.

Acquiring additional views. Figure 17 shows turns that expose a target for size or proximity
questions, and Figure 18 illustrates categorical and numerical inter-object distance queries after a
turn. Figure 19 shows a turn and a lateral movement that provide additional views for inter-object
distance questions. Figure 20 illustrates multi-step translations that increase target-pixel evidence
relative to the best historical view before size estimation. These examples visualize the evidence
acquired by actions; metric answers are derived from the scene annotations.

Incremental memory writes. Figure 21 shows five-second write windows in which objects leave
view or new categories and counts appear. Figure 22 illustrates changing categories and a frame-
linked spatial relation. Both figures retain individual frame entries within each write window: per-
frame visible counts are not cumulative distinct-instance counts.
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Figure 5: Current QA sample 1

31



Preprint

Figure 6: Current QA sample 2

32



Preprint

Figure 7: Current QA sample 3
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Figure 8: Current QA sample 4
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Figure 9: Current QA sample 5
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Figure 10: Current QA sample 6
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Figure 11: Memory QA sample 1
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Figure 12: Memory QA sample 2
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Figure 13: Memory QA sample 3
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Figure 14: Memory QA sample 4
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Figure 15: Memory QA sample 5
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Figure 16: Memory QA sample 6
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Figure 17: Action QA sample 1
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Figure 18: Action QA sample 2
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Figure 19: Action QA sample 3
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Figure 20: Action QA sample 4
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Figure 21: Memory write sample 1
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Figure 22: Memory write sample 2
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