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Abstract
AR and VR applications often require access to more than the latest scene graph. Replay, restoration, comparison,
and temporal queries depend on how a spatial scene evolves over time. This paper studies the downstream
management problem that begins after complete 3D scene-graph states have already been produced. We present
an incremental snapshot manager that filters unchanged states, stores node- and edge-level differences in an
append-only JSONL history, and materializes accepted states and transitions offline from an externally supplied
initial scene. A Unity/Python prototype validates the approach on four controlled workloads totaling 126 seconds,
producing 61 accepted transition groups and 155 operations while reconstructing every final state. The results
show that incremental histories provide temporal detail efficiently only when scene changes are sufficiently
sparse, and that higher capture rates preserve more intermediate transitions without affecting final-state recovery
in the tested workloads.
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1. Introduction

Figure 1: Overview of the proposed temporal scene manager. A conventional XR runtime exposes only the latest
scene graph, making previous states unavailable once the scene evolves. The proposed manager captures sparse
accepted scene-graph snapshots, stores only the changes between them as an external-baseline-plus-incremental
history, and reconstructs temporal scene states for restoration, replay, comparison, and temporal queries.

AR and VR systems increasingly expose their environments as structured scene graphs. Nodes may
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represent physical objects, virtual content, users, anchors, or zones; edges encode relations such as
containment, adjacency, attachment, or support. Prior work shows how such graphs can be constructed
and updated from spatial observations [1, 2]. This paper focuses on the next step: managing the stream
after those graphs already exist.
Latest-state storage is enough for immediate rendering, but not for replay, restore, comparison, or

temporal query [3, 4, 5, 6]. Storing every complete graph is simple but repeats unchanged content and
leaves downstream consumers to infer transitions themselves. Figure 1 makes this contrast explicit: the
top row keeps only the latest runtime state, whereas the proposed manager below preserves accepted
states as incremental history that can later be reconstructed for restore, replay, comparison, and query.
This gap matters because XR scene graphs are often consumed by more than one process. A live

runtime may need only the newest state for rendering, but review tools, authoring utilities, analytics
processes, or shared-space services may later need to know what changed, when it changed, and how
one accepted state led to the next [7, 8, 9, 3, 4, 10]. Without an explicit history layer, each consumer
must either keep its own copy of the stream or recompute differences from stored full states.
For example, in a collaborative XR authoring session, one user may move a chair, another may

rotate a lamp, and a third may add a table to the shared scene. A latest-state runtime can render the
final arrangement, but a review or replay tool needs the accepted transitions: which object moved,
which property changed, and which entity was introduced. The manager stores those accepted changes
directly rather than storing every complete graph again.
Our scope is deliberately narrow. We assume an upstream AR/VR runtime, shared-space service,

simulation, or authoring tool supplies complete renderer-independent 3D scene graphs. We do not
perform tracking, mapping, or scene-graph construction. The manager compares accepted graph
states, records node- and edge-level changes after an externally supplied initial graph, and materializes
temporal histories offline.
We implement the manager with a Unity recorder and Python materializer. The recorder filters

unchanged states, computes differences from the last accepted graph, and appends JSONL operation
records. The materializer checks order, groups records into accepted transitions, reconstructs final state,
and computes aggregate differences. As summarized in Figure 1, Unity then applies those transitions to
GameObjects.
The contributions of this work are:

• an incremental snapshot-management pipeline that transforms complete XR scene-graph states
into durable, replayable transition histories; and

• a feasibility study of the resulting histories under varying change density and capture rates,
highlighting the trade-off between temporal resolution and storage overhead.

2. Related Work

2.1. Scene graphs and temporal representations

Three-dimensional scene graphs represent entities and relations in immersive environments. 3DSSG
and SceneGraphFusion show how such graphs can be constructed from spatial observations and
updated over time [1, 2]. Dynamic scene-graph work adds metric, semantic, and agent-centric structure
to evolving environments [11, 12, 13]. Related temporal methods such as Action Genome, STTran,
TEMPURA, and Neural Scene Graphs model or infer how entities and relations evolve across time
[14, 15, 16, 17], while spatio-temporal mapping systems such as Khronos extend temporal modeling
into dynamic metric-semantic environments [18]. Dense dynamic representations such as 3D Gaussian
Splatting preserve geometry and appearance at a different abstraction level [19]. Taken together, these
lines of work address how spatial structure is estimated, represented, or predicted as a scene evolves.
Some emphasize semantic graph construction from observations, others encode temporal dependencies
between entities and relations, and still others preserve dense appearance and geometry for dynamic
views.



2.2. XR history and incremental storage

XR authoring and replay work motivates keeping spatial history accessible after initial creation. Reali-
tySketch, RealityCrafter, and collaborative VR authoring systems create evolving spatial arrangements
whose intermediate states matter for review and reuse [7, 8, 9]. Experience Graphs and Origin-Centric
Graphs show how graph history can support mixed-reality replay and adaptive playback [3, 4]. SceneGit
and VRGit make the history problem explicit through diffing, comparison, commits, and merging in 3D
or VR authoring workflows [5, 6]. Our prototype does not provide those user-facing replay or revision
interfaces; it preserves the lower-level ordered snapshot history on which they could build. These
systems also differ in when temporal structure is introduced. Replay and authoring tools typically
consume already-recorded histories or expose user-facing revision boundaries, whereas our manager
captures accepted runtime changes before commits, branches, or editing milestones are defined.
Large or unbounded histories also need an append-friendly format. RFC 7464 and JSON Lines

support incremental production and recovery of JSON sequence data [20, 21]. The design also resembles
event-sourcing and CQRS in that an append-oriented history can reconstruct state while derived read
products serve different access needs [22, 23]. The models are not equivalent, however: our records are
differences derived from accepted complete scene states rather than authoritative domain events.

3. Proposed System

3.1. Scope and architecture

We assume that an upstream AR runtime, shared-space service, simulation, or authoring tool publishes
complete renderer-independent 3D scene graphs with stable node identities. The manager does not
perform tracking, mapping, or scene-graph construction. Instead, it accepts supplied graph states, filters
unchanged ones, records node- and edge-level differences after an externally supplied initial scene, and
exposes temporal products offline for restore, transition replay, comparison, debugging, or temporal
query [3, 4, 5, 6].

Figure 2: Online/offline management path. The runtime path performs bounded filtering, node- and edge-level
differencing, and append-only logging, while background processing loads the external initial scene, validates
and groups operations, reconstructs accepted states, and produces example outputs for XR applications.

Figure 2 shows the system boundary. The online path does only the work needed to preserve a new



accepted state: signature construction, unchanged-state filtering, differencing against the last accepted
graph, and append-only logging. The offline path validates ordering, groups operations into accepted
transition groups, reconstructs graph states, and produces derived products such as transition replay,
aggregate comparison, and temporal queries. This split keeps long-history reconstruction and other
heavy temporal access outside the real-time XR loop. In the current prototype, a state is accepted
only when its canonicalized graph content differs from the last accepted state; otherwise the sample is
skipped without producing log records.

Incremental management depends on identity continuity. A changed pose should remain a property
patch to the same node, whereas a genuinely new entity becomes an added node. The current manager
expects stable node identifiers within one history and edge identities derived from source, relation type,
and target. Figure 2 reflects this division of labor by showing that identity-preserving differencing
remains in the bounded online path, while reconstruction and other temporal products remain offline.

3.2. Scene-graph schema

The manager assumes that the external initial scene follows the public SceneGraph schema draft
provided by the kaist-arrc/SceneGraph repository [24]. Baseline scene documents use six top-level
fields: schema, version, metadata, nodes, edges, and extensions. In this prototype, schema must be
scenegraph. Each node stores id, type, and a free-form properties object, while each edge stores id,
type, source, target, and layer. The prototype uses object-centered node properties such as asset,
position, rotation, scale, and name. Rotation is stored as a normalized quaternion [x,y,z,w] so
that the recorded state is directly reusable during materialization and replay.

Table 1
Scene-graph and incremental-log schema used in the prototype.

Structure Fields

Scene graph schema, version, metadata,
nodes, edges, extensions

Node id, type, properties
Edge id, type, source, target, layer
Log record seq, time, snapshot_id, op
Node patch node_id, optional node_type,

sparse properties,
changed_properties,
remove_properties

Structural
payload

full node for add_node; full edge
for add_edge and remove_edge

Table 1 summarizes the two linked representations. The baseline scene graph is intentionally simple:
nodes and edges carry the semantic content, while the append-only log carries only the information
needed to recover accepted changes. During differencing, nodes are matched by stable id, and edges
are matched by the triplet (source, type, target). This keeps the accepted-state interface compact
while allowing sparse node-property patches and explicit relation changes.

3.3. Incremental snapshot model

Each history begins from an externally supplied initial scene rather than a manager-generated check-
point. Figure 3 visualizes this structure: starting from external 𝐺0, each accepted transition is stored
as one grouped boundary containing several append-only node- and edge-level records. For every
accepted state, the manager emits only five operation types: update_node, add_node, remove_node,
add_edge, and remove_edge. Node updates store only changed properties together with explicit
changed_properties and remove_properties lists, so omitted fields are not treated as authoritative



Figure 3: Accepted transition groups and appendable operation records. Starting from an externally supplied
initial scene 𝐺0, each accepted transition 𝑇𝑖 is represented as a group of node- and edge-level operations. Records
in the same group share an accepted-state boundary and together produce the next accepted state 𝐺𝑖.

defaults. In the current Unity recorder, transform properties include position, normalized quaternion
rotation [x,y,z,w], and scale.
These operations intentionally separate identity continuity from structural change. update_node

modifies an existing node that remains the same entity across accepted states, whereas add_node and
remove_node mark true appearance or disappearance in the accepted graph. The edge operations
similarly add or remove relations between existing nodes without implying that the nodes themselves
are replaced. This distinction lets the materializer treat pose or attribute edits as continuity-preserving
patches rather than as delete-and-recreate events.

We denote the accepted reconstructed states as 𝐺𝑖 and the grouped operation set between consecutive
accepted states as an accepted transition 𝑇𝑖.
Each JSONL line contains a sequence number, timestamp, snapshot identifier, and one operation

[20, 21]. Records that belong to the same accepted transition share the same snapshot identifier and
timestamp, so the durable log distinguishes one appendable operation record from the larger transition
group 𝑇𝑖 that together produces the next accepted state 𝐺𝑖. This distinction matters because temporal
consumers reconstruct accepted-state boundaries from grouped records rather than treating each line
as an independent scene state or transition.

Operational granularity is therefore finer than accepted-state granularity. A single accepted transition
may contain several records, such as multiple node updates together with one relation removal, while
an unchanged sampled graph produces no transition group at all. This is also visible in Figure 3, where
several operation records belong to the same accepted boundary before yielding the next reconstructed
state. The log preserves only accepted change boundaries, but within each boundary it still exposes the
node- and edge-level edits needed for reconstruction, inspection, or comparison.

3.4. Durability and temporal access

The recorder exports the external initial scene separately and appends each completed operation
immediately. Sequence numbers must increase monotonically; unsupported operations or updates to
missing nodes are rejected during load. If recording ends after only part of the final JSON object reaches
storage, the loader treats a malformed final line as recoverable and ignores it, while malformed earlier
lines remain errors. This yields a useful record-level recovery guarantee, although a multi-operation



transition group is not yet transactionally committed.

Figure 4: Accepted-transition history preserves accepted changes and their ordering, whereas the aggregate
difference compares only the endpoints and loses intermediate ordering.

Offline materialization starts with a deep copy of the external initial graph and applies each accepted
transition group in temporal order. Figure 4 shows the resulting distinction: the accepted-transition
history preserves each intermediate change boundary, whereas the aggregate difference collapses the
same evolution into one endpoint-only comparison. The processor therefore exports two complementary
products: an accepted-transition sequence that preserves every accepted change boundary and an
aggregate difference that compares only the beginning and end states.
The current prototype pairs a Unity online recorder with a Python offline processor. The recorder

runs in Unity 6000.3.10f1, obtains complete graph states from a controlled scene extractor used only as
an upstream stand-in, performs automatic or manual capture, and writes JSONL operations. The Python
processor reconstructs the final graph, writes an ordered accepted-transition sequence, and writes the
aggregate comparison using only standard-library components. Unity can then load the external initial
scene and apply each transition to renderer objects. In Figure 4, this corresponds to the top path that
preserves the ordered accepted changes rather than only the endpoint difference. Transition replay
therefore demonstrates that the stored changes are explicit enough for an interactive XR consumer,
while continuous motion between accepted states remains a presentation concern rather than a stored
signal [3, 4].

4. Feasibility Study

4.1. Study design

This section evaluates feasibility rather than deployed XR performance. We measure accepted states,
skipped unchanged states, operations per transition, materialization success, transition-replay genera-
tion, reconstruction latency, and incremental-log size relative to accepted full states. The four controlled
StreamingAssets workloads—ShortSparse, MediumStaggered, LongComplex, and OriginalChoreogra-
phy—total 126 seconds and all begin from seven-node initial scenes. Using a nominal two-second
capture interval, we infer observation opportunities and skipped unchanged samples from workload
duration, then apply the official Python materializer to every log. The workload set intentionally spans
sparse, staggered, extended, and continuously changing motion patterns so that the study covers more
than one change-density regime.



The evaluation is organized around three feasibility questions: whether the manager reconstructs
final graphs from accepted operations, how latency and storage vary with change density, and how
capture rate affects the amount of intermediate transition history that is preserved.

The study tests the same append-and-materialize path under different temporal patterns rather than
approximating one deployed application, so the emphasis is on internal consistency across filtering,
transition grouping, reconstruction, and downstream reuse.
Table 2 summarizes the workload structure used by the motion driver. ShortSparse isolates three

brief object motions with two explicit unchanged windows. MediumStaggered alternates single-object
motion, paired-object motion, and hold intervals. LongComplex extends that pattern over a longer
session with more alternating active and unchanged segments. OriginalChoreography keeps all objects
active throughout and therefore provides the densest change stream without designed pause windows.
These workloads approximate common XR authoring patterns at a controlled scale: isolated object
manipulation, staggered multi-object editing, longer sessions with pauses, and dense continuous
manipulation.

Table 2
Stage structure of the four controlled workloads.

Workload Stage Sec. Active objects Unchanged

ShortSparse
(18 s)

Orb transfer 0–4 orb No
Unchanged observation window 4–8 none Yes
Pillar-only precession 8–11 pillar No
Second unchanged window 11–14 none Yes
Block-only pulse 14–18 block No

MediumStaggered
(30 s)

Left platform calibration 0–3 left platform No
Calibration hold 3–6 none Yes
Orb orbit survey 6–12 orb No
Pillar and block pair 12–17 pillar + block No
Pair-state hold 17–21 none Yes
Orb slalom 21–27 orb No
Right platform calibration 27–30 right platform No

LongComplex
(54 s)

Orb and left platform launch 0–7 orb + left platform No
Launch-state hold 7–11 none Yes
Pillar precession 11–16 pillar No
Block pulse train 16–22 block No
Intermediate hold 22–27 none Yes
Orb orbital scan 27–35 orb No
Pillar and block interaction 35–42 pillar + block No
Relation transition hold 42–46 none Yes
Orb and right platform landing 46–54 orb + right platform No

Original
Choreography
(24 s)

Original launch 0–4 all objects No
Original central orbit 4–8 all objects No
Original slalom 8–12 all objects No
Original pillar inspection 12–16 all objects No
Original dive 16–20 all objects No
Original landing 20–24 all objects No

4.2. Managed histories

Table 3 summarizes the four managed histories. Across 67 nominal observation opportunities, 61
changed transition groups are recorded and six unchanged opportunities are inferred as skipped.
Together with four initial scenes, the materializer reconstructs 65 graph states. The logs contain 155
operations: 135 node updates and 20 edge additions or removals.
Change density differs substantially across workloads. ShortSparse averages 1.33 operations per

accepted group, whereas continuously changing OriginalChoreography averages 5.23. Across all logs,
position and rotation change in all 135 node-update records, while scale changes in 68. These selective
patches avoid treating unchanged properties as authoritative. The official materializer reconstructs all
four final scenes, emits exactly 61 accepted transitions, and all 13 snapshot-management regression



Table 3
Quantitative results from the four StreamingAssets workloads. Skip is inferred from a two-second nominal
capture interval. Ratio compares JSONL bytes with compact reconstructed full-state bytes.

Workload Sec. Groups Skip Ops Ops/group Ratio

ShortSparse 18 9 1 12 1.33 0.46
MediumStaggered 30 15 1 29 1.93 0.65
LongComplex 54 24 4 46 1.92 0.67
OriginalChoreography 24 13 0 68 5.23 1.68

Total / weighted 126 61 6 155 2.54 0.86

tests pass.
The per-workload totals also show that accepted-transition count is shaped by both motion duration

and pause structure. LongComplex produces the largest number of groups because it runs longest and
alternates between active and hold intervals, whereas OriginalChoreography produces fewer but denser
groups because multiple objects continue changing together. This distinction is important for later
interpretation: a history can be long because it preserves many accepted moments, or heavy because
each accepted moment carries many node- and edge-level edits.

4.3. Latency and storage

We measured the offline temporal-access path using Python 3.14.5 on the development machine. After
100 warm-up iterations, each workload was measured 2,000 times with time.perf_counter_ns. Final
reconstruction applies all already-loaded transition groups to the external initial scene. Transition-replay
generation builds the ordered transition document. End-to-end restore includes loading and grouping
the JSONL file plus final reconstruction. Table 4 reports arithmetic means; these small controlled
histories establish feasibility rather than large-scale performance.

Table 4
Offline temporal-access latency in milliseconds, averaged over 2,000 iterations after warm-up. Restore includes
file load, grouping, and final-state reconstruction.

Workload Groups Reconstruct Replay doc. Restore

ShortSparse 9 0.86 0.89 3.54
MediumStaggered 15 0.98 1.86 5.10
LongComplex 24 1.54 2.66 6.07
OriginalChoreography 13 1.54 3.20 7.16

All mean restore times remain below 7.2 ms. Latency follows both transition-group count and
operations per group. LongComplex has the most groups, but dense OriginalChoreography produces
the slowest transition-replay generation and restore because each group carries more changes. These
results support background restore and transition-replay generation for the current scale, but do not
establish interactive latency for large deployed XR histories.
The four JSONL logs occupy 107,352 bytes in total, compared with 124,954 bytes for compact se-

rialization of all reconstructed full states, giving an aggregate ratio of 0.86. This aggregate hides a
strong workload effect. Incremental logs use 0.46, 0.65, and 0.67 times the full-state bytes for the sparse,
staggered, and long workloads. In contrast, the continuously changing OriginalChoreography log uses
1.68 times the full-state bytes.

The result shows that change sparsity, rather than session duration alone, determines storage behavior.
Each operation repeats sequence metadata, snapshot identifiers, timestamps, operation names, node
identifiers, and JSON field names. That overhead is amortized when few nodes change, but dominates
when most nodes change at every accepted time.



The results show that incremental histories are advantageous only when scene changes are sufficiently
sparse. Highly dynamic scenes may instead favor periodic full snapshots, hybrid checkpoint strategies,
or grouped binary encodings.

4.4. Capture-rate sensitivity analysis

As an additional validation, we evaluate sensitivity to capture rate while holding the motion driver fixed.
The study uses a randomized 4×4×5 factorial design: four workloads, four rates (10, 30, 60, 120) captures
per minute, and five repetitions for 80 runs. Each run exports an initial scene, incremental log, final
ground-truth scene, motion manifest, and runtime metrics, and Table 6 reports the workload-specific
means.

Table 5 reports means over the 20 runs at each CPM. As CPM increases from 10 to 120, accepted groups
per run increase from 6.25 to 52.20 and operations increase from 19.35 to 124.15. Mean log size increases
from 12.8 to 85.3 KB. The increase is sublinear relative to the twelve-fold capture rate increase because
unchanged-state filtering rejects more attempts at high rates. Mean skipped-unchanged attempts
increase from 0.00 to 11.80.

Table 5
Capture-rate sensitivity results. Values are means over 20 runs per rate. Capture ms is total snapshot-processing
time per run.

CPM Attempts Accepted Skipped Ops Rel. ops KB Capture ms

10 7.25 6.25 0.00 19.35 4.35 12.8 9.16
30 17.75 15.25 1.50 39.40 5.65 26.6 20.39
60 33.50 27.50 5.00 66.75 5.50 45.6 31.91
120 65.00 52.20 11.80 124.15 7.45 85.3 62.77

Higher CPM also exposes additional transient relation transitions. Mean relation operations rise
from 4.35 at 10 CPM to 7.45 at 120 CPM, although intermediate rates vary by workload. This is not a
ground-truth recall measurement, but it shows that coarse sampling can omit short-lived relations that
finer sampling observes.
Every run performs a final changed-state capture after motion ends. Therefore, CPM controls

intermediate temporal resolution but should not change the final state. The official materializer confirms
this expectation: all 80 runs produce exactly the ground-truth final edge set. Position RMSE is zero in all
analyzed runs, while maximum quaternion-angle rotation and scale RMSE are 1.87 × 10−6 degrees and
7.69 × 10−9, respectively. Total snapshot processing remains small relative to motion duration, rising
from 9.16 ms per run at 10 CPM to 62.77 ms at 120 CPM.

The workload interaction is important. For continuously changing OriginalChoreography, accepted
groups rise from 5.0 to 49.0 and mean log size from 19.0 to 171.2 KB. For ShortSparse, filtering limits
the increase to 4.0 to 24.8 groups and 5.1 to 20.2 KB. Higher capture rates therefore preserve more
intermediate transitions at increased storage and processing cost while leaving final-state recovery
unchanged in the tested workloads.

Increasing CPM does not make the final state more correct in these controlled runs; it changes how
much intermediate temporal structure is retained between the same endpoints. Applications focused
on final-state recovery can prefer lower rates and smaller histories, whereas applications that inspect
relation changes or motion evolution may choose denser accepted-transition histories and pay the
added storage cost.



Table 6
Detailed CPM means by workload. Values are averaged over five repetitions per workload-rate pair.

Workload CPM Accepted Skipped Ops Rel. ops KB Capture ms

Long 10 10.0 0.0 26.0 6.0 17.4 13.92
Long 30 24.0 4.0 49.0 9.0 33.1 29.33
Long 60 45.0 10.0 80.4 8.4 55.4 45.01
Long 120 86.0 23.0 151.2 16.2 104.2 90.63
Medium 10 6.0 0.0 14.6 3.6 9.5 7.43
Medium 30 15.0 1.0 26.6 5.6 17.6 21.07
Medium 60 26.0 5.0 39.8 5.8 26.6 31.35
Medium 120 49.0 12.0 67.2 5.2 45.5 57.13
Original 10 5.0 0.0 28.6 3.6 19.0 10.65
Original 30 13.0 0.0 69.6 4.6 47.2 21.72
Original 60 25.0 0.0 128.8 3.8 88.0 34.45
Original 120 49.0 0.0 249.8 4.8 171.2 77.67
Short 10 4.0 0.0 8.2 4.2 5.1 4.64
Short 30 9.0 1.0 12.4 3.4 8.5 9.42
Short 60 14.0 5.0 18.0 4.0 12.4 16.85
Short 120 24.8 12.2 28.4 3.6 20.2 25.65

5. Discussion

The prototype demonstrates that runtime scene generation and offline temporal access can be sep-
arated by a small interface: complete graph states with stable identities. This separation permits
environment-understanding and runtime components to evolve without forcing application consumers
to understand low-level tracking. The resulting history is useful for restoration, transition replay,
comparison, debugging, or temporal query [3, 4, 5, 6].

The explicit operation model provides a reusable representation of accepted changes beyond repeated
full-state differencing. Without it, every downstream consumer must repeatedly compare complete
graphs and independently decide how to apply changes. With it, the manager centralizes identity-based
differencing, ordering, patch semantics, and recovery behavior. Rather than preserving only archived
full graphs, the manager keeps accepted changes as explicit transition groups that later tools can reuse
for restore, comparison, and inspection.
This design sits between two simple baselines. Full-snapshot storage is easy to load but repeats

unchanged scene content at every accepted state. Aggregate differencing is compact when only end-
points matter, but it discards intermediate ordering and cannot replay accepted transitions. Incremental
snapshot management preserves those transitions at the cost of materializing operation groups during
offline access. In this design, that cost is kept out of the real-time XR loop by the online/offline split in
Figure 2.

The current work remains a feasibility study. It uses a controlled Unity source rather than deployed
AR/VR traffic, assumes one ordered writer and stable identities, keeps one external initial scene without
intermediate checkpoints, lacks transactional transition-group commits and multi-writer reconciliation,
and operates on small controlled workloads with basic identity and transform properties rather than
dense observations or production security features. The most immediate extensions are deployed-
runtime integration, periodic checkpoints, stronger commit and integrity markers, and source-aware
ordering for multi-producer histories [25].

Even within that scope, the prototype separates three concerns that are often entangled in XR systems:
producing a scene graph, deciding which states to preserve, and serving temporal products derived
from preserved states.

6. Future Work

Two next steps are especially important for deployed AR and VR systems. First, the controlled extractor
should be replaced by broader adapters that normalize heterogeneous upstream graph sources into
the accepted-state interface used here. Deployed runtimes may expose partial updates, uncertain



identities, changing labels, or multiple graph producers at different rates [25]. The storage layer should
likewise becomemore robust through transactional commits for each accepted transition group, periodic
checkpoints for longer sessions, and lightweight integrity metadata for recovery.

Second, the history model should be exercised in collaborative and deployed settings. Multi-user XR
will require source-aware ordering or reconciliation rather than the single ordered writer assumed here,
and longer real-world traces are needed to test restore latency, query usefulness, and review workflows
beyond controlled motion scripts. These studies would clarify which downstream tasks benefit most
from accepted-transition history and where richer indexing or collaboration semantics become worth
adding [6, 5, 26, 10].

7. Conclusion

This paper presents an incremental snapshot manager for XR applications that require replay, restoration,
comparison, or temporal access to scene history. By assuming that a runtime or shared-space service
supplies complete graph states, the prototype separates runtime scene generation from offline temporal
access. Starting from an externally supplied initial scene, it filters unchanged states, appends explicit
node and edge operations, checks ordering, recovers from an incomplete final record, reconstructs
graph state, computes aggregate comparison, and supplies accepted transitions for replay.

Across four controlled workloads, the prototype manages 61 accepted transition groups and 155 oper-
ations over 126 seconds, successfully reconstructs every final state, and passes 13 snapshot-management
regression tests. The study also shows that readable incremental JSON benefits sparse-change workloads
but is not automatically storage-efficient for highly dynamic graphs. A capture-rate sensitivity analysis
further shows that increasing CPM captures more intermediate and transient relation transitions at
higher storage cost, while every run preserves the final graph. These results support snapshot man-
agement as a practical interface between runtime scene generation and offline temporal access, while
motivating stronger durability guarantees, temporal indexing, and scalable encoding.
Viewed this way, the contribution is not a new scene-understanding algorithm but a narrow sys-

tems layer that preserves temporal access after scene graphs already exist. Many XR runtimes can
produce a current-state graph, but far fewer retain an ordered, reusable history once the scene changes.
The prototype shows that even a transparent append-only design can bridge that gap for controlled
workloads and provide a concrete baseline for more durable, queryable, and collaborative temporal
scene-management systems. The main trade-off is also clear: accepted-transition history improves
temporal access, but reconstruction cost and storage overhead depend on change density.
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