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Figure 1. We present Describe Anything, Anywhere, at Any Moment (DAAAM), a real-time, large-scale, spatio-temporal memory for
embodied question answering and 4D reasoning. Given RGB-D sensor input DAAAM incrementally constructs a hierarchical 4D scene
graph with highly detailed annotations that acts as an effective and scalable spatio-temporal memory representation for LLM Agents.

Abstract

Computer vision and robotics applications ranging from
augmented reality to robot autonomy in large-scale envi-
ronments require spatio-temporal memory frameworks that
capture both geometric structure for accurate language-
grounding and semantic detail. Existing methods face a
tradeoff, where producing rich open-vocabulary descrip-
tions comes at the expense of real-time performance when
these descriptions have to be grounded in 3D. To address
these challenges, we propose Describe Anything, Any-
where, at Any Moment (DAAAM), a novel spatio-temporal
memory framework for large-scale and real-time 4D scene
understanding. DAAAM introduces a novel optimization-
based frontend to infer detailed semantic descriptions from
localized captioning models, such as the Describe Anything
Model (DAM), using batch processing to speed up inference
by an order of magnitude for online deployment. It lever-

ages such semantic understanding to build a hierarchical
4D scene graph (SG), which acts as an effective globally
spatially and temporally consistent memory representation.
DAAAM constructs 4D SGs with detailed, geometrically
grounded descriptions while maintaining real-time perfor-
mance. We show that DAAAM’s 4D SG interfaces well
with a tool-calling agent for inference and reasoning. We
thoroughly evaluate DAAAM in the complex task of spatio-
temporal question answering (SQA) on the NaVQA bench-
mark and show its generalization capabilities for sequential
task grounding on the SG3D benchmark. We further curate
an extended OC-NaVQA benchmark for large-scale and
long-time evaluations. DAAAM achieves state-of-the-art
results in both tasks, improving OC-NaVQA question accu-
racy by 53.6%, reducing position errors by 21.9% and tem-
poral errors by 21.6%, and improving SG3D task grounding
accuracy by 27.8% over the most competitive baselines. We
release our data and code open-source.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
The ability to understand, reason about, and interact with
complex, large-scale environments over long time horizons
is a crucial challenge in computer vision and a prerequisite
to a range of applications in robotics and augmented reality.
In these applications, perception systems should be able to
answer spatio-temporal queries; for instance, a robot oper-
ating on a factory floor should be able to answer questions
like “where and when did you last see the red screwdriver?”
or “can you go and grab the component we assembled last
week?” However, this requires internal memory representa-
tions that i) support spatial reasoning and task planning, ii)
extend over long time horizons and large environments, and
iii) can be built in real-time with limited computation.

To this end, two main paradigms for spatio-temporal
memory systems have emerged. First, metric-semantic
maps ground objects geometrically in 3D reconstructions
and semantically lift them [7, 11, 20, 23, 27, 43, 55, 63,
75, 76] to act as spatio-temporal memory. In particular,
3D scene graphs (SGs) [4, 22, 49, 50, 57] have found
widespread interest due to their ability to capture seman-
tic entities and their relationships in a topological graph,
grounded in the 3D world. However, the need for as-
expressive-as-possible scene descriptions is fundamentally
at odds with the requirement for real-time, mobile compu-
tation. As a result, existing methods either lack semantic
detail, using fast but closed vocabulary segmentation or em-
beddings [7, 20, 22, 43], or query large multimodal (MM)
models on a per-object basis for highly detailed but very
expensive open-vocabulary annotations [16, 29].

Alternatively, a second emerging paradigm leverages
multimodal large language models (MM-LLMs) to gener-
ate detailed scene representations from natural language de-
scriptions. Primarily, individual frames or video sequences
are annotated by MM-LLMs [3, 61] and stored in a database
for later retrieval [31]. This approach can lead to more ex-
pressive representations with notable performance for large
scale visual question answering (VQA) [3, 61]. However,
since annotations are stored by frame and not by content,
they are often not sufficiently grounded in the 3D world
and lack spatial and temporal consistency. For instance,
since object observations are not associated and reconciled
across frames, these models are typically unable to answer
questions involving long-range spatial relationships or ob-
ject quantities (e.g., “count the number of chairs”) [61].

To address these challenges, we propose DAAAM: De-
scribe Anything, Anywhere, At Any Moment. Our approach,
shown in Fig. 1, builds a hierarchical 4D scene graph (SG)
as spatio-temporal memory representation by combining
real-time 4D metric-semantic mapping with highly detailed
natural-language descriptions for every observed entity. In
particular, we introduce an optimization-based frontend to
select key observations and infer detailed descriptions (e.g.,

using DAM [32]) in batch, speeding up inference time by
an order of magnitude for online deployment of large mod-
els. Our backend then globally optimizes and reconciles
the object observations (or fragments) created in the fron-
tend, yielding a spatially and temporally consistent 4D SG
with description histories for each entity as memory repre-
sentation. Finally, a tool-calling agent can efficiently lever-
age the proposed representation for queries. We demon-
strate DAAAM in the complex setting of large-scale spatio-
temporal question answering (SQA) on the NaVQA bench-
mark [3] and further show its generalization capabilities in
sequential task grounding on the SG3D dataset [72], achiev-
ing state-of-the-art results in both cases. We make the fol-
lowing contributions:
• We introduce DAAAM: Describe Anything, Anywhere, At

Any Moment, a novel real-time approach to create a 4D
SG, an explicit large-scale spatio-temporal memory rep-
resentation with highly detailed annotations.

• We formulate the task of selecting frames and masks to
annotate with large localized captioning models in batch
efficiently and online as an optimization problem, en-
abling real-time deployment of 3B-parameter models.

• We thoroughly evaluate DAAAM, achieving state-of-the-
art results in spatio-temporal question answering (SQA)
and sequential task grounding. We further curate an ex-
tended SQA benchmark and release our data and imple-
mentation open-source.

2. Related Works
Robotic agents need spatial memories that are simultane-
ously geometrically precise for manipulation, semantically
rich for arbitrary natural language instructions, and com-
putationally efficient for real-time operation. Existing ap-
proaches typically excel in only one of these dimensions.

Metric-Semantic Map-based Spatial Memory Sys-
tems. Various approaches embed foundation model fea-
tures [42, 44, 69] into different 3D representations: point
clouds [7, 11, 20, 23, 25, 43], Gaussian Splats [75, 76], ra-
diance fields [27, 55] or TSDF volumes [63]. These ap-
proaches often suffer from limited expressiveness, large
memory footprint, and inefficient queries (e.g., searching
unstructured feature fields in large-scale environments).

Alternatively, 3D SGs [4, 50, 51, 57] augment geometric
mapping with semantic information and hierarchical struc-
ture. This was extended to real-time systems [22, 60] for
3D SG construction. While these achieve real-time perfor-
mance, they often rely on closed-vocabulary semantics that
limit expressiveness for complex robotic memory queries.
Extensions include temporal changes [15, 37, 54], task-
grounding [6, 39, 40], task-specific visual memory [52], and
functional relationships [29, 71].

An adjacent line of research achieves richer seman-
tic understanding by directly querying MM-LLMs per ob-
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ject [16, 29], generating detailed descriptions. While se-
mantically rich, these approaches require expensive per-
object VLM queries, preventing real-time use.

Finally, capturing temporal dynamics is important, albeit
very challenging for spatial representations. Some systems
address this through episodic scene graphs linked across
time [14], spatio-temporal metric-semantic SLAM handling
short- and long-term changes [54], or dynamic point cloud
memory with open-vocabulary features [34].

View-based Spatial Memory Systems. View-based
representations directly annotate camera frames with MM-
LLMs, sacrificing 3D structure for higher semantic detail.
Retrieval-Augmented-Generation (RAG) [31] approaches
store VLM-annotations of frames or short video segments
in vector databases [3] or hierarchical semantic forests [61],
enabling natural language queries over long horizons. 3D-
Mem [64] retrieves observed frames directly, hoping multi-
modal LLMs can infer 3D structure from individual views
without explicit geometric grounding. Navigation systems
ground instructions as textual landmarks in a sequence of
per-frame observations [56], use tokenized frame observa-
tions [74] to encode observation history, or use segment-
level representations [13] as a topo-semantic map. Hybrid
approaches aim to combine view-based flexibility with 3D
structure [19, 36] in indoor environments.

These methods offer detailed view-annotations, but their
per-frame annotations are not sufficiently grounded in 3D
space. Without metric grounding, they struggle with pre-
cise spatial reasoning, which is critical, e.g., for manipu-
lation. Lightweight topological approaches [13, 67] trade
semantic richness for efficiency while others require expen-
sive annotations [36]. In contrast, our approach provides
semantic detail alongside geometric grounding and compu-
tational efficiency.

VLMs for Spatial Understanding and Task Execu-
tion. Recent works expand spatial understanding capabil-
ities of VLMs and LLMs [38]. Models can reason spa-
tially by training on scene graphs [8, 10], by using 3D-
aware architectures [18, 24, 62], or by training on large
scale video data with spatial annotations [12]. While these
models demonstrate spatial reasoning capabilities, reason-
ing over large-scale dynamic 3D environments and tempo-
ral changes remains challenging.

For task grounding and execution, systems use scene
graphs for hierarchical planning [46], grounding in robotic
affordances [2], structured LLM interfaces [48], embod-
ied question answering [52], and navigation with chain-of-
thought reasoning [65, 66]. To this end, our contribution
provides an efficient, but detailed and general spatial mem-
ory that can be used by embodied agents for complex rea-
soning and task grounding.

3. Approach
In the following, we describe DAAAM: Describe Anything,
Anywhere, at Any Moment. Given RGB-D images and
poses as input, our method constructs a 4D scene graph
with detailed open-vocabulary semantic annotations in real-
time. This 4D scene graph acts as a spatio-temporal metric-
semantic memory for embodied agents. An overview of our
pipeline is given in Fig. 2. DAAAM is composed of several
modules: an active window (A), a parallel thread for seman-
tic lifting of segmentation fragments (B&C), and modules
to construct, maintain and hierarchically structure the large-
scale spatio-temporal memory (D&E).

A) Active Window and Real-time SG Construc-
tion. We follow the approach of Khronos [54] to extract
temporally-consistent fragments from the sensor stream in
dynamic scenes. In particular, we augment Khronos’ active
window by first splitting each input frame IRGB-D

t at time t
into segments stj ∈ RH×W using Fast-SAM [73] and track
them over time using Bot-Sort [1]. Each track creates an ob-
ject fragment o0...Tj

j ∈ RH×W×Tj of Tj observations. We
then use Khronos to lift each fragment to 3D and reconstruct
their shape and position (through time for dynamic objects).
Since geometric segmentation, tracking, and reconstruction
is fast, it is run at the sensor rate of 10Hz.

B) Prompt Frame Selection. Since extraction of
highly-detailed descriptions is an expensive operation, we
propose to process only selected frames and annotate
fragments in batch. Specifically, we accumulate frag-
ment observations in consecutive time windows wt =
[tstart, tstart+m]. After each window, we propose to select
frames where each fragment is visible and well-positioned
for semantic grounding by the vision language model
(VLM). We formulate the frame selection as a 2-step op-
timization problem.

Let O = {ow1 , . . . , owm} denote the set of tracked ob-
ject fragments within window w, where each owj represents
a temporally consistent track across multiple frames. For
each frame fi ∈ Fw and owj ∈ O, we define a visibility
indicator vij ∈ {0, 1}, vij := 1 iff object owj is visible in
frame fi, and a view quality score qij ∈ [0, 1] for object owj
in frame fi.

Our selection problem has to balance two competing ob-
jectives: minimizing the number of frames sent to the VLM
(for computational efficiency) while maximizing the quality
of selected fragment-frame pairs (for annotation accuracy).
To address this, we first solve the set cover problem to find
the minimum number of frames K⋆ required to observe all
object fragments owj at least once:

K⋆ = min
S⊆Fw

|S|

s.t. ∀owj ∈ O : ∃fi ∈ S with vij = 1
(1)

We solve (1) using a greedy algorithm. Given the minimum
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D) Place Extraction

A) Active window B) Prompt Frame
Selection
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...

C) Semantic Lifting

E) Global Optimization
and Region Clustering
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Figure 2. An overview of the proposed approach. Given an RGB-D video stream, we first segment the scene into fragments and track them
over time in image space using a lightweight tracker [1, 5]. We perform metric-semantic mapping using Hydra [22] with the Khronos [54]
frontend on the unlabeled segments to build a 4D map of the environment. To semantically lift the resulting map, we aggregate the tracked
observations in parallel and select frames using an optimization-based frame selection algorithm. The selected frames and segments are
batch-processed by the Describe Anything Model (DAM) [32] to generate detailed descriptions for each object. The generated descriptions
are finally incorporated back into the map and a 4D scene graph is constructed and clustered into semantically informed regions.

frame count K⋆, we then solve the binary linear program:

max
x,y

n∑
i=1

m∑
j=1

qij · yij

s.t.
n∑

i=1

xi = K⋆ + ϵ,

n∑
i=1

yij = 1,

yij ≤ xi, yij ≤ vij , xi ∈ {0, 1}, yij ∈ {0, 1}
∀i ∈ [n], j ∈ [m],

(2)

where xi ∈ {0, 1} indicates selection of frame fi, yij ∈
{0, 1} indicates assignment of fragment owj to frame fi, and
ϵ is a slack parameter set to 1. The objective maximizes
the quality score for each selected fragment, constrained by
the conditions that i) the total number of selected frames
is (K⋆ + ϵ), ii) if a frame is not selected, no fragment is
assigned to it, and iii) every fragment is assigned to exactly
one frame where it is guaranteed to be visible.

While our formulation is applicable to any large model
and suitable quality score qij , we design a heuristic qij that
combines position and size components:

qij = α · qpos
ij + (1− α) · qsize

ij . (3)

The position score qpos
ij is the entropy of normalized coor-

dinates to favor centrally located objects, resulting in the
maximum value when objects are centered and minimum
at frame boundaries. The size score qsize

ij uses a hyperbolic
tangent function that saturates for large objects while penal-
izing objects below a minimum area threshold Amin, ensur-
ing that selected objects are sufficiently visible when being
labeled. We use α = 0.5.

C) Semantic Lifting. Given the image-fragment pairs
from the frame selection algorithm, we batch selected im-

ages to annotate all fragments in a single pass of the De-
scribe Anything Model (DAM) [32] to obtain a detailed
natural-language description for each fragment. We extend
DAM with a batch inference strategy that bundles multiple
frames and masks into a single tensor, minimizing redun-
dant computation and taking better advantage of paralleliza-
tion. This allows DAAAM to run in real-time in real-world
environments while still leveraging large, detailed models
such as DAM. We further assign a CLIP [44] feature and
a sentence embedding feature [41], which are similarly ob-
tained in batch, to each fragment to aid semantic search,
clustering, summarization, and reconciliation of repeatedly
observed objects. Note that our frame selection algorithm
naturally minimizes the number of frames passed to DAM
while processing many masks per image, further improving
the inference time of the batch-processing. In addition, each
mask is situated as visible as possible in the image frame
leading to high-quality labels.

D) Place Extraction. To capture detailed descriptions
not only of objects but also of the background, inspired by
[9, 17, 40], we further extract place nodes pj in our SG. Fol-
lowing our approach for objects, we first extract geometric
fragments in the active window. While other methods such
as Voronoi diagrams [22] or sampling [53] are also admissi-
ble, we extract pj based on ground traversability to capture
relevant surfaces and topology. Our traversability-based
places adapt the general hierarchical approach of [22, 47] to
ground robots. Different traversability layers enable other
embodiments and multi-floor environments. Volumetric 3D
places would require a different strategy of semantic assign-
ment (e.g., closest annotation). Traversability is estimated
by convolving a robot bounding box with the local volumet-
ric occupancy map maintained in Khronos’ active window

35005



and squashing along the Z-axis. We then tesselate this slice
into places pj by inscribing largest traversable rectangles.
To ensure near uniform coverage, each rectangle is subject
to a maximum size constraint of 2m.

For semantic lifting, each pj is first projected to the
groundand then projected to all frames that annotate the
fragment covering it. The resulting descriptions and fea-
tures are assigned by majority voting. While it may seem
intuitive to use full-frame annotations instead of ground-
fragment annotations to describe places pj , we find that
full-frame queries are often out-of-distribution (OOD) for
DAM [32] and therefore use ground annotations. More de-
tails on place extraction in Appendix A.

E) Global Optimization and Region Clustering. To
achieve a spatially globally consistent memory representa-
tion, we continuously optimize the positions of all nodes in
our 4D SG in the backend using the factor graph formu-
lation of [54]. For temporal consistency, object fragments
and place nodes with similar geometry and descriptive fea-
tures are merged in a reconciliation step. To retain temporal
information, descriptions of merged objects are appended
to form a history, where also the timestamps of the corre-
sponding active window periods are retained.

Finally, we extract regions Ri as hierarchical abstrac-
tions by clustering the reconciled low-level SG. To this end,
we first extract regions from the places graph by assign-
ing edge-weights as the cosine distance of the respective
semantic features and applying the most-stable-clique find-
ing algorithm of Hydra [22]. Object nodes are assigned
to the closest cluster. To obtain representative descriptions
that summarize the content of regions, we use farthest point
sampling of the features of all objects in a region, starting
from the mean, and summarize them by prompting an LLM.

F) Retrieval-augmented Reasoning For inference, we
use a tool-calling agent to answer natural language queries.
The tool-calling agent has access to tools to a) retrieve ob-
jects based on semantic search b) retrieve information about
the regions and c) retrieve information about the agent. Re-
trieved information includes spatial and temporal informa-
tion about each retrieved 4D SG node. More detail about
the LLM Agent as well as tool descriptions in Appendix B.

4. Experiments
We evaluate DAAAM on the challenging tasks of spatio-
temporal question answering (SQA) as well as sequential
task grounding to demonstrate its flexibility and generaliza-
tion ability. We also ablate introduced components and pro-
vide run-time analysis for real-time use. In all evaluations,
ground-truth poses are provided as input to all methods.

4.1. Spatio-Temporal Question Answering
Dataset. To assess DAAAM’s performance as an explicit
large-scale spatio-temporal memory framework, we evalu-

ate it on spatio-temporal question answering (SQA) in the
CODa dataset [70], featuring large-scale indoor and outdoor
scenes. To obtain depth images on the dataset, we use stereo
depth estimation [58]. We adopt the QA-samples from the
NaVQA [3] benchmark consisting of 210 samples of QA-
pairs of different categories, including binary (yes/no) ques-
tions, spatial (position) questions, and temporal (time, du-
ration) questions. The benchmark further distinguishes dif-
ferent sequence lengths of Short, Medium, and Long, corre-
sponding to average memory durations of 1.2min, 4.4min,
and 12.3min, respectively.

Baselines. We compare DAAAM against recent base-
lines, including several variations of the state-of-the-art
spatio-temporal memory system ReMEmbR [3]. We further
compare against a multi-frame VLM, representing a reason-
ing system without explicit memory, as well as Concept-
Graphs [16], a recent open-set metric-semantic mapping-
based method.

Results. We report SQA performance in Tab. 1.
Our method shows strong performance even when com-
pared to larger-sized models such as ReMEmbR+VILA1.5-
13b [3, 33] and modern near-real-time methods such as
ReMEmbR+NVILA-Lite-2B [35], especially for long se-
quences and temporal reasoning. This indicates that ge-
ometric structuring of spatio-temporal memory aids scene
understanding and the 4D SG representation greatly im-
proves temporal understanding. On the other hand, our
method struggles with queries which are hard to infer from
the limited set of tools (e.g., “Was the robot driving on the
left side of the sidewalk?”), albeit being encoded in the 4D
SG, as well as queries that reference small objects. Note
that the binary questions are skewed towards positive la-
bels while LLMs generally predict conservatively, explain-
ing the sub-0.5 question accuracy for some methods (as also
observed in [3]).

Dataset Limitations. We find a number of limitations
in the NaVQA benchmark that make comparisons tricky.
First, we observed that for several methods in-context ex-
amples are provided to the LLM that also appear in the test
set, confounding performance. These methods are marked
† in Tab. 1, where we additionally evaluate them after re-
moving the confounding examples. Second, ground truth
annotations for spatial questions (e.g., “Where is the yellow
police call pole?”) in NaVQA are annotated as the position
from which the object was observed instead of its actual
3D position, strongly favoring view-based memory systems
like ReMEmbR. Although DAAAM is designed to predict
actual object positions, we modified it to return the view
position for the results in Tab. 1 to allow a fair comparison
on the original NaVQA benchmark. Third, we find several
annotations to be noisy or incorrect (in part leading to the
weak performance for Medium spatial queries for DAAAM).
For a dataset of 210 samples, this can greatly skew the re-
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Table 1. Results on the original NaVQA benchmark [3]. Results of ReMEmbR [3] and multi-frame VLM are partially taken from [3], we
further ran it with recent language models. Superscript † indicates confounding use of in-context examples in LLM prompts that also appear
in the test set. Best (without in-context examples) is bold, best (with in-context examples) underlined if better than without. × indicates
that inference was not possible, either due to insufficient context or due to not keeping track of observation times.

Metric: Descriptive Question Accuracy ↑ Positional Error [m] ↓ Temporal Error [min] ↓

Method Query Length Short Medium Long All Short Medium Long All Short Medium Long All

R
eM

E
m

bR
[3

]

NVILA-Lite 2B + GPT-5-mini 0.423 0.519 0.524 0.483 11.179 23.877 65.588 39.278 0.313 1.240 4.472 2.518

NVILA-Lite-8B + GPT-5-mini 0.551 0.605 0.714 0.607 8.486 34.409 56.297 37.337 0.363 1.491 4.979 2.840

NVILA-Lite 2B + GPT-5-mini † 0.577 0.556 0.643 0.582 8.535 25.030 49.259 31.536 0.272 1.248 4.975 2.743

NVILA-Lite-8B + GPT-5-mini † 0.538 0.630 0.571 0.582 8.467 53.279 53.717 41.485 0.436 1.336 4.122 2.414

VILA1.5-13b + GPT-4o † 0.62 0.58 0.65 0.61 5.1 27.5 46.25 29.96 0.3 1.8 3.6 2.3

VILA1.5-13b + Llama3.1:8b † 0.31 0.33 0.21 0.30 159.9 151.2 165.3 159.9 9.5 7.9 18.7 13.3

Multi Frame VLM — GPT-4o † 0.55 × × × 7.5 × × × 0.5 × × ×

Concept Graphs [16] — NVILA-Lite-8B + GPT-5-mini 0.385 0.296 0.143 0.299 85.67 126.35 158.67 130.03 × × × ×

DAAAM (Ours) — DAM-3B + GPT-5-mini 0.654 0.630 0.786 0.672 7.282 46.015 42.116 33.89 0.443 1.030 2.538 1.591

Table 2. Results on OC-NaVQA dataset. All models use GPT-
5-mini to reason over the constructed memory. × indicates that
method does not keep track of observation times.

Method
Question
Accuracy ↑

Positional
Error [m] ↓

Temporal
Error [min] ↓

ReMEmbR - NVILA-Lite-2B [3, 35] 0.432 53.466 2.287
ReMEmbR - NVILA-Lite-8B [3, 35] 0.463 55.894 4.106

Concept-Graphs [16] 0.299 111.29 ×
DAAAM (Ours) 0.711 41.75 1.792

sults. Further, we find that for 22 out of 210 samples the
provided ground-truth observation time does not fall into
the provided (Short/Medium/Long) context window. Fi-
nally, the ground truth time and position annotations are
calculated from ReMEmbR’s video query length, favoring
the method, especially for short-horizon questions. To ad-
dress these limitations, we re-annotate the spatial queries
of the NaVQA dataset with the actual object positions and
improve the accuracy of the labels with a custom 3D label-
ing tool. We further discard the observation windows and
instead evaluate on the entire context of full sequences of
the CODa dataset, reflecting more large-scale settings of up
to 35.8min. We call this the object-centric NaVQA (OC-
NaVQA) dataset and release it publicly.

Results on OC-NaVQA. The results on OC-NaVQA
are shown in Tab. 2. We observe that the 4D SG perfor-
mance scales well to large-scale long-term settings of up
to 35.8min and 1.64 km of traveled distance, outperform-
ing both metric-semantic map-based spatial memory sys-
tems [16] and view-based spatial memory systems [3]. At
the scale of the benchmark, ConceptGraphs [16] struggles
with memory limitations as it maintains a full point-cloud
in memory. While ReMEmbR [3] scales better, we observe

limitations in multi-view consistency and spatial reasoning
in the large scale setting, leading to reduced performance.

4.2. Sequential Task Grounding
A vital but challenging task in robotics is grounding natural
language instructions in the 3D environment. We evaluate
our method in sequential task grounding on the SG3D [72]
dataset. We follow the evaluation protocol of ASHiTA [6]
(Table 2), evaluating on the HM3D [45] scenes and using
the sequences provided in HOV-SG [59] to construct scene
graphs. We compare DAAAM against the results reported by
Chang et al. [6], showing sub-task and task accuracy (s-acc
and t-acc, respectively) in Tab. 3. Task accuracy refers to
a full task (composed of multiple subtasks) being correctly
grounded in the environment.

We observe significant performance increases over Hy-
dra [21], even when using ground-truth single-word seman-
tic labels Hydra(GT Seg), highlighting the importance of
our highly detailed descriptions. DAAAM further achieves
superior results to ASHiTA, a specialized method for hierar-
chical task analysis, highlighting the generalization ability
and flexibility of our 4D SG memory: it represents seman-
tic information in great detail while still providing accurate
spatial grounding. It is worth pointing out that SG3D is a
semi-synthetic dataset based on HM3D, leading to a real-
to-sim gap resulting in a small loss of accuracy for the De-
scribe Anything Model, which is only trained on real data.

4.3. Ablation Studies
Language-Augmented Localized Image-Text Retrieval.
While our explicit descriptions generated using DAM aid in
providing context and detail to reasoning LLMs as well as
human interpretability, their use for pure retrieval tasks is
less clear: One can use a sentence-embedding model to cre-
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Table 3. Evaluation of Sequential Task Grounding on the
SG3D [72] benchmark. Our method outperforms metric-semantic
map-based spatial memory systems [22, 59] and performs compet-
itively with specialized methods [6]. Results for top 4 methods are
taken from Chang et al. [6].

Method s-acc [%] ↑ t-acc [%] ↑
Hydra [22] + GPT 8.18 2.44
Hydra [22] (GT Seg) + GPT 14.2 6.34
HOV-SG [59] 8.98 1.95
ASHiTA [6] 21.7 8.78

DAAAM (Ours) + GPT 22.16 11.22

Table 4. Retrieval of localized object descriptions on ref-
COCOg [26, 68] and visual Genome [30] datasets.

D
at

a

Method Accuracy [%] ↑ Top-1 Top-5 Top-10

re
fC

O
C

O
g CLIP ViT-L/14 [44] 19.59 41.12 52.51

DAM-3B [32] w/ Sentence-T5-xl [41] 18.07 39.53 51.18

CLIP + DAM w/ Sentence (Ours) 25.11 50.10 62.96

vi
s.

G
en

om
e CLIP ViT-L/14 [44] 21.64 40.04 48.4

DAM-3B [32] w/ Sentence-T5-xl [41] 18.34 38.22 48.72

CLIP + DAM w/ Sentence (Ours) 24.92 47.72 57.76

ate embedding vectors from the natural language descrip-
tions. This invariably introduces an information bottleneck
when comparing to jointly learned embedding spaces pro-
duced by VLMs like CLIP [44]. However, we find some of
the retained information to be orthogonal to the information
captured by contrastive VLMs and thus concatenate both
features in our method.

To test this hypothesis, we measure the accuracy of
retrieving a localized subject on an image based on the
ground-truth description against random subsets of 2500
localized subjects. We take five subsets from the Visual
Genome dataset [30] and use the entire validation set of the
refCOCOg dataset [26, 68] as a 6th subset (2573 samples).
Note that for DAM, we run SAM [28] to turn the bounding-
box annotations into segments, potentially introducing ad-
ditional error unrelated to the retrieval performance. The
top-K retrieval accuracy is shown in Tab. 4.

As expected, the retrieval performance of DAM descrip-
tions encoded into a sentence embedding falls short of using
a CLIP model for retrieving localized image information.
However, concatenating CLIP with sentence embeddings
outperforms CLIP alone, indicating that the two methods
capture complementary information. Consequently, explicit
subject descriptions still aid retrieval tasks, despite the in-
formation bottleneck introduced by the text transformation.

A Case for Explicit Object Descriptions. An advan-
tage of our method is the added interpretability, as all

Table 5. Ablation study of DAAAM on OC-NaVQA.

Question
Accuracy ↑

Positional
Error [m] ↓

Temporal
Error [min] ↓

DAAAM + GPT-5-mini 0.711 41.75 1.792
w/o DAM descriptions 0.776 50.05 2.396
w/o region clustering 0.707 48.93 3.576
w/o frame selection quality heuristic 0.627 49.92 1.678

nodes of the hierarchical 4D SG are annotated with open-
vocabulary natural-language labels. This not only aids in
human understanding of the spatio-temporal memory, but
also helps LLM agents. In Tab. 5, we compare against
a baseline “w/o DAM descriptions” that, instead of
DAM descriptions, only uses visual features and prompts
image crops of observed fragments to the MM-LLM agent.
The results suggest that explicit descriptions aid compo-
sitional reasoning of the retrieval-augmented agent, espe-
cially for positional and temporal queries. When answering
binary questions, images appear to provide a better proxy
for verification, resulting in superior performance. Binary
questions benefit from direct visual verification via image
crops prompted to the LLM agent. Spatial and temporal
queries require reasoning over potentially many explicit de-
scriptions and timestamps. Here, DAM helps with concise
textual descriptions, explaining the 16.6% and 25.4% re-
ductions in positional and temporal error. We note that
our method was designed to run any comparatively large
model for semantic lifting in parallel. Thus, if no explicit
descriptions are necessary, a large image embedding model
improving retrieval accuracy of downstream RAG systems
can also be deployed.

Region Clustering. To analyze the benefit of our hierar-
chical region clustering in 4D SGs, Tab. 5 compares against
a “w/o region clustering” version. We observe
that DAAAM benefits from region clustering for all metrics.
Especially for temporal queries, often focusing on large in-
formation context (e.g., “how much time did you spend in-
side”), the hierarchical structure of our 4D SG memory ap-
pears to facilitate accurate SQA.

Frame Selection Quality Score. “w/o frame
selection quality heuristic” in Tab. 5 high-
lights the benefit of using the quality heuristic in our
optimization-based frame-selection algorithm, improving
spatial and QA accuracy and performing comparably in
terms of temporal accuracy. Since temporal queries in the
NaVQA benchmark often focus on larger subjects, the qual-
ity heuristic may be of lesser importance here.

4.4. Runtime Analysis

Since real-time computation is essential for robotics and
VR, we evaluate the run-time of DAAAM as an overall sys-
tem, inference speed-up of our batching strategy, as well
as the resulting latency. All experiments are performed on
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Table 6. Average frame rate of overall systems for spatio-temporal
memory creation [Hz].

ReMEmbR [3]
DAAAM (ours) Concept-Graphs [16] NVILA-Lite-2B [35] NVILA-Lite-8B [35]

11.6 0.075 4.9 4.6
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batch size

0.00

0.25

0.50

0.75

1.00

1.25

tim
e 

pe
r 

m
as

k 
[s

]

Figure 3. Speedup of DAM [32] inference via batching. Baseline
(batch size = 1) dashed red, batch processing solid blue.

CODa [70] sequences on a single NVIDIA RTX 5090 GPU.
DAAAM is a Real-Time System. The overall frame rate

of our method is compared to several baselines in Tab. 6.
We observe that, due to DAAAM’s efficient architecture and
its threaded batch-inference of large models, it can run at the
sensor rate of 10Hz in CODa [70] even when using compar-
atively large models such as DAM. We find the main bottle-
neck of our method to be input segmentation and tracking,
whereas the parallel thread for semantic annotation only be-
comes a bottleneck for very cluttered or fast-moving scenes
with many fragments to annotate. Our mean annotation
time per fragment is 0.18 ± 0.03s, thus 5 new fragments
can be annotated per second by a single worker. In practice,
we find that a single worker is sufficient for the real-time
workload of a mobile ground robot in the wild.

In contrast, ConceptGraphs [16] is not real-time deploy-
able at the scale of the dataset. ReMEmbR would require
down-sampling to a lower frame rate (than the 10Hz of the
CODa dataset), potentially leading to a loss of accuracy.

Inference Speed Up through Batching. The inference
time of DAM for different batch-sizes is shown in Fig. 3.
Using our frame selection strategy, we observe notable in-
ference speed-ups. In our experiments, we use a batch-
size between 48-128 (depending on the frame selection out-
come), leading to a speed-up by an order of magnitude.

Worker Latency. We time the frame selection latency
at 1.2 ± 0.74s and semantic lifting latency at 9.2 ± 1.4s,
both measuring a full batch. The increased latency is an
inevitable side-effect of running large models, which de-
lays detailed reasoning about observations by around 10s.
Nonetheless, our experiments demonstrate the benefit of
highly detailed memory for robotics and augmented real-
ity, where for most large-scale long-horizon decision mak-
ing the immediate past may be less important as long as
all other observations are accurately summarized. This
throughput-over-latency trade-off suits applications query-
ing past observations (warehouse inventory, surveillance

review). Real-time interaction (e.g., cooking assistance)
might need lower-latency pipelines. Still, the geometric in-
formation about all fragments and the background is always
maintained in real-time.

5. Limitations
By the standards of modern large VLMs, the training corpus
used to train DAM is relatively modest (1.5M samples) [32].
Consequently, generated descriptions sometimes fail to cap-
ture out-of-distribution objects or uncommon visual fea-
tures and can hallucinate towards the mean (e.g., predict-
ing elevator doors with handles). However, as multimodal
LLMs are rapidly evolving, we expect that future detailed
localized description models will be able to generate more
accurate descriptions and integrate well into DAAAM.

Second, as shown in Sec. 4.4, using DAM an average of
5.2 new fragments can be annotated per second by a single
worker on a Desktop GPU. While this suffices for a mobile
ground robot, it may be too slow for a dynamic aerial robot
or VR headset. We note that, since DAAAM aims to run
“comparatively large models” on a thread with higher la-
tency, smaller models can be run on smaller hardware (thus
still comparatively large) or at higher throughput, enabling
even aerial application.

Third, our tracking [1, 5] assumes object identity preser-
vation. State transformations (e.g., cutting) break associa-
tions, creating new tracks without links to source objects.

Finally, although we generate a single spatially and tem-
porally consistent 4D SG by merging nodes, a history of all
descriptions is maintained in dynamic nodes which may not
scale indefinitely. Future work should investigate summa-
rization strategies to keep memory size bounded.

6. Conclusion
We presented DAAAM, a novel spatio-temporal memory
framework that combines detailed semantic descriptions
with geometric grounding for large-scale environments. By
decoupling geometric tracking from semantic annotation
through optimization-based frame selection and batch in-
ference, DAAAM overcomes computational constraints of
comparatively large vision annotation models. This en-
ables the real-time construction of hierarchical 4D SGs with
highly detailed natural language descriptions. Our approach
demonstrates substantial improvements over recent meth-
ods, achieving state-of-the art results in spatio-temporal
question answering and sequential task grounding. With
real-time performance at 10Hz and scalability to sequences
exceeding 35min and 1.5 km distance, DAAAM provides a
practical foundation for embodied agents to understand and
interact with complex, large-scale, dynamic environments
over an extended time horizon. We release our data and
code open-source.
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