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Abstract

Scene Graph Generation (SGG) aims to extract a detailed
graph structure from an image, a representation that holds
significant promise as a robust intermediate step for com-
plex downstream tasks like reasoning for embodied agents.
However, practical deployment in real-world applications -
especially on resource constrained edge devices - requires
speed and resource efficiency, challenges that have received
limited attention in existing research. To bridge this gap,
we introduce DSFlash, a low-latency model for panoptic
scene graph generation designed to overcome these limita-
tions. DSFlash can efficiently process video streams without
compromising performance against existing state-of-the-art
methods, with smaller DSFlash variants achieving 56 frames
per second on a standard RTX 3090 GPU. Crucially, unlike
prior approaches that often restrict themselves to salient re-
lationships, DSFlash computes comprehensive scene graphs,
offering richer contextual information while maintaining
its superior latency. Furthermore, DSFlash is light on re-
sources, requiring less than 24 hours to train on a single,
nine-year-old GTX 1080 GPU. This accessibility makes DS-
Flash particularly well-suited for researchers and practition-
ers operating with limited computational resources, empow-
ering them to adapt and fine-tune SGG models for special-
ized applications.

1. Introduction

Visual scene understanding has long been a core challenge
in computer vision. One increasingly valuable approach in-
volves scene graph generation (SGG) [19], which provides a
rich, structured representation of an image. A scene graph is
a set of nodes (representing instances in the scene) and edges
(representing the relationships between them). This struc-
ture allows models to move beyond simple object detection
towards comprehending complex interactions and context
within a visual scene. When talking about relations, we refer
to a triplet of (subject, predicate, object) that describes a
directed relationship, e.g. (“person”, “sitting on”, “chair’).
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Figure 1. Performance comparison between our approach and
previous work in terms of performance (mR@50) and latency (ms)
on the PSG dataset [51].

Scene graphs have proven to be highly beneficial for
numerous downstream tasks, including visual question an-
swering [7, 16, 27], sports analysis [14, 37, 50], assisting
surgery [15, 41], image captioning [35, 49, 52], and em-
bodied reasoning tasks [12, 12, 33]. Crucially, they serve
as an explainable intermediate step, offering clear, human-
readable insights into a model’s decision-making process,
contributing a significant advantage over opaque end-to-end
models.

SGG methods offer a lightweight and interpretable al-
ternative to complex vision-language models (VLMs) in
domains where structured scene understanding is prioritized
over broad multimodal reasoning. However, despite their
utility, the vast majority of research in this field has focused
on improving the quality of extracted scene graphs, often
at the expense of computational efficiency. Consequently,
almost no research has been dedicated to low-latency scene
graph generation models suitable for real-time or resource-
constrained applications, with a few recent exceptions [34].
This gap is critical, as many real-world applications, es-
pecially autonomous systems with limited communication,
demand efficient, scalable solutions that can operate under



strict latency constraints. To the best of our knowledge, there
is no active research on low-latency models that are specifi-
cally targeted for panoptic scene graph generation (PSGG).

In this paper, we address this gap by presenting a novel,
low-latency PSGG model, called DSFlash. Our work aims
to demonstrate that highly efficient PSGG is still achievable
while maintaining competitive performance. In fact, we go
one step further and predict comprehensive scene graphs, i.e.
for each image, DSFlash localizes all instances and classi-
fies all potential relations between all instances. Even then,
DSFlash runs faster than existing SGG methods that only
classify a subset of relations.

Evaluation scenario. To benchmark SGG models for
real-world applications, we evaluate model latency with a
batch size of 1, simulating a constant feed of frames from
a video stream. For our time measurements, we analyze
latency as the time taken for a forward pass through a model.
Since we are also interested in resource-constrained applica-
tions, we evaluate DSFlash not only using highly optimized
hardware but also using older GPUs.

Our contributions can be summarized as:

1. We introduce DSFlash, a low-latency panoptic scene
graph generation method with SOTA performance.

2. We propose a bidirectional relation predictor that halves
the number of forward passes through the model head.

3. We present a mask-based dynamic patch pruning tech-
nique to reduce the number of processed tokens with
minimal overhead.

4. We perform a thorough comparison with other PSGG
models regarding performance and latency.

5. We show an extensive ablation study of the influence
of DSFlash’s various components on latency and perfor-
mance.

Our code and model checkpoints can be found here:
https://lorjul.github.io/dsflash

2. Related Work

In this section, we discuss related work regarding other SGG
methods and relevant components that are employed in DS-
Flash.

2.1. Panoptic Scene Graph Generation

Contrary to traditional scene graph generation, panoptic
scene graph generation (PSGG) [51] uses segmentation
masks instead of bounding boxes to localize instances in
a scene. Integrating segmentation masks into the training
process gives a model additional context and understanding
of various relations as opposed to bounding boxes. The most
commonly used dataset for PSGG is the PSG dataset [51]
which was created from the overlap of the Visual Genome
[22] and COCO [28] datasets, resulting in 49k images with
panoptic segmentation masks and scene graph annotations.

17389

Contrary to Visual Genome, PSG reduces the large predi-
cate vocabulary of Visual Genome to 56 carefully selected
classes.

The PSGG task has been tackled with various approaches,
including methods that were originally built for Visual
Genome like NeuralMotifs [53] or VCTree [44] but also
specialized methods like HiLo [56] or DSFormer [31].

Similarly to classical SGG, PSGG methods can be cate-
gorized into two-stage and one-stage methods. Two-stage
methods first predict instance locations and categories and
use that information to perform the actual relation classi-
fication. One-stage methods do not separate these steps
and directly predict a set of subject-predict-object triplets.
Although recent research frequently argues for one-stage
methods [51, 55, 56] because of their supposedly superior
performance and efficiency, there have been recent publica-
tions opposing this claim [31, 34].

We choose to follow a two-stage approach for DSFlash
since it possesses beneficial properties that align with our tar-
get setting. By reusing a pretrained segmentation backbone,
DSFlash can be trained much quicker and with less resource
requirements. On the other hand, if enough computational
resources are available, the segmentation stage can be fine-
tuned to specific datasets, even using potential pretraining
recipies from adjacent domains.

2.2. Realtime Scene Graph Generation

Research on low-latency models for scene graph generation
has remained largely overlooked, with only a few studies
reporting their latency metrics.

However, Neau et al. [34] have begun to investigate com-
mon bottlenecks in recent SGG architectures. They evaluate
multiple existing two-stage architectures [44, 45, 53] and
optimize them for speed, achieving groundbreaking latency
with good SGG performance using their new architecture,
named REACT [34]. The most impactful contribution to
the low latency is the replacement of the Faster-RCNN [13]
backbones with YOLOv8 [18]. Additionally the authors pro-
pose to filter the number of box proposals before classifying
relations between them, reducing the number of required
relation predictions.

Although certainly a fundamental first step towards real-
time efficient SGG models, the PSGG setting is only cov-
ered very briefly. In this work, we present a PSGG model
that fully utilizes all available modalities and outperforms
REACT [34] by a large margin in latency and PSGG perfor-
mance.

2.3. DSFormer

To design DSFlash, we borrow some concepts from DS-
Former [31] but replace many parts for increased perfor-
mance and speed. The core idea behind DSFormer is to
strictly decouple instance segmentation and relation predic-



tion not only into two separate stages of the network but
two entirely separate networks. This enables DSFormer
to immediately use any modern segmentation model in a
plug-and-play fashion without having to retrain the scene
graph model. Although certainly appealing, having to use
two networks with separate backbones involves an immense
resource inefficiency which we address with DSFlash.

To produce a panoptic scene graph, DSFormer first exe-
cutes a segmentation model to retrieve segmentation masks.
Next, for each possible combination of two segmentation
masks, the second stage is prompted with the image, a sub-
ject segmentation mask, and an object segmentation mask.
The model then classifies the relation between subject and
object. To encode the location of subject and object, DS-
Former adds a mask embedding to each patch:

token = patch+rs-ts+1o-to+ (1 =15 —175) - tyg, (1)

where 75 and 7, are the proportions of the patch area that
is covered by the subject and object mask. %,,%,,%p, are
learnable tokens. Next, the enriched patches are processed
by a set of transformer blocks. Finally, the relation head
projects the tokens to the desired relation output.

While DSFormer achieves SOTA results on PSG, effi-
ciency has been completely neglected by the authors. With
DSFlash we borrow some core concepts to achieve similar
PSGG scores while achieving significantly reduced inference
time.

2.4. Fast Vision Backbones

As with most neural network architectures that target fast
inference, an optimized backbone is key. A common choice
is a network from the YOLO family [38], with recent iter-
ations [17, 46, 48] achieving around 40 mAP on bounding
box detection in less than 2 ms on a T4 GPU.

Although initially regarded as less efficient than convolu-
tional neural networks, transformer based architectures, es-
pecially ViT-based methods have eventually shown superior
computational efficiency [40] powered by highly optimized
algorithms like flash attention [8, 9]. Especially during infer-
ence, ViTs benefit from data locality and use of optimized
matrix operations. The recently published RF-DETR [39]
model applies these insights. It is based on a transformer
architecture, namely LW-DETR [43] and Deformable DETR
[57] and achieves 48 mAP on bounding box detection in
2.3 ms on T4 GPU.

Another resource efficient vision backbone is the Encoder-
only Mask Transformer (EoMT) [20]. It achieves detection
performance on a par with SOTA models while improving
latency. By using only a Vision Transformer [10] (ViT) en-
coder, EOMT eliminates the need for sequential components
like feature adapters, pixel decoders, and separate trans-
former decoders (e.g. Mask2Former [6]). It integrates seg-
mentation directly into the encoder’s attention mechanism,

enabling parallel processing of image patch and segmenta-
tion query tokens in a single forward pass. This approach
achieves up to 4 x faster inference than Mask2Former, espe-
cially with large models (e.g. ViT-L), while maintaining com-
petitive accuracy. EOMT’s efficiency is further enhanced by
large-scale self-supervised pretraining (e.g. DINO [3, 36, 42]
or EVA-02 [11]), which provide the robust visual representa-
tions needed for segmentation without auxiliary components.
Its minimalist design makes it ideal for low-latency, real-time
applications and easy to integrate into an existing codebase.
We therefore choose EOMT as the backbone for DSFlash.

2.5. Evaluation Issues

For a comparison with prior work on PSGG, we use the
PSG dataset [51] to report performance results. Like most
scene graph datasets, PSG contains no negative ground truth
annotations that indicate when a certain relation is predicted
incorrectly. Therefore, we have to fall back to ranking met-
rics like Recall@k (R@k) to evaluate model performance.
There are some exceptions that address negative ground
truth, however these datasets are either only designed for
evaluation [29] or based on simulated data only [32]. A well
understood problem of using R@k for SGG is the long tail
distribution of the used dataset [4, 24-26, 54, 56]. A model
that gets only the top 5% of all predicate classes right would
already achieve a R@k of 52%. For a more balanced met-
ric, we report Mean Recall@k (mR @k) instead, which first
computes the R@k per predicate class using all images and
averages the individual scores for the final metric.

When evaluating PSGG (and SGG) methods, special care
is required when interpreting the model output from various
models. Recent work [31, 34] has investigated irregularities
in the evaluation protocol of prior SOTA methods. Models
generated multiple relation predictions for the same associ-
ated ground truth subject-object pair. Consequently, SOTA
models artificially increased the number of attempts per
ground truth, which is not allowed per mR @ 50 definition.

3. Method

We use DSFormer [31] as the baseline for our efficient ar-
chitecture and provide an overview over the relevant parts in
the supplementary. We choose this model as our baseline be-
cause of its SOTA performance and simple design, allowing
us to quickly iterate new optimizations into the code. Start-
ing from DSFormer, we re-create several parts of the model
and end up with a new architecture that is capable to run
PSGG at very high speeds while producing more accurate
relation predictions.

An overview of the final DSFlash architecture is shown
in Fig. 2. To process a single image, DSFlash first uses a
pretrained EoMT [20] backbone to extract feature patches
and predict a comprehensive set of segmentation masks. For
every combination of two segmentation masks (e.g. a person
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Figure 2. Overview of the DSFlash architecture for inference. Part A is executed once per image. Part B is executed for each combination of
two segmentation masks. We use EOMT [20] as the segmentation backbone which is kept frozen throughout the whole training. We use
the mask embedding module from DSFormer [31]. The relation predictor head is described in Sec. 3.3. The red numbers indicate which

components are covered in which section.

and a donkey), a mask embedding [3 1] is added to the feature
patches from the backbone, encoding the location of subject
and object. The enriched patches are then fed through a set
of tranformer blocks (model neck) and finally processed by
a relation head, predicting the associated relations for the
two masks in both directions simultaneously, e.g. “person
behind donkey” and “donkey right of person”.

Note that during training, DSFlash receives ground truth
segmentation masks instead of inferred segmentation masks.
This provides better supervision through better segmentation
masks and reduces training time by skipping the segmenta-
tion head.

3.1. Merged Backbones

Starting off the architecture of DSFormer, we initially inherit
its strictly decoupled approach, meaning that segmentation
is delegated to a separate upstream model. Since DSFormer
requires the inferred segmentation masks as input, an addi-
tional forward pass through a segmentation model is required
per frame. Still, DSFormer contains its own ResNet-based
backbone which results in costly forward passes through two
backbones.

To tackle this inefficiency, we decide to directly extract
the feature tensors from the segmentation model, which
already runs to produce the segmentation masks. In addi-
tion, we replace the slow MaskDINO [23] segmentation
model with EOMT [20] which produces panoptic segmen-
tation masks of similar quality at a much lower latency. To
get a spatial feature tensor from the backbone, we extract
tokens after blocks 2, 5, 8, and 11 for the S and B variants
and blocks 5, 11, 17, 23 for the L variant. Since EOMT uses
DINO [36, 42], we make sure to only extract patch tokens
and exclude the class and register tokens. After block 9
(large: 20), EoMT introduces additional query tokens which
we also exclude. Concatenating the extracted tokens along
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(a) Upsampled mask logits

(b) No upsampling

Figure 3. Qualitative comparison of the segmentation masks pro-
duced by EoOMT with and without upsampling the logits.

the embedding dimension gives us a feature tensor with the
shape 768 x 40 x 40 for a 640 x 640 input image. Fig. 2
illustrates the approach.

We keep the EoMT-based backbone frozen at all times.
This speeds up training and enables us to fully outsource
panoptic segmentation training which can be performed
much more efficiently and on larger datasets without the
scene graph generation context.

3.2. Raw-resolution Segmentation Masks

To optimize computational efficiency in the later stages of
the architecture, we adopt a ViT-style patch embedding [10],
splitting the 40 x 40 feature tensor into 13 x 13 patch to-
kens, each with an embedding dimension of 384. Building
on DSFormer, DSFlash integrates the extracted segmenta-
tion masks directly into these patch tokens. Specifically,
a weighted embedding is added to each patch, where the
weight is determined by the fraction of the patch’s area that
is covered by the corresponding segmentation mask (as for-
malized in Eq. (1)). A more in-depth description can be
found in the supplementary and the original paper [31].
Following DSFormer, we would use the segmentation
mask logits from EoMT (160 x 160), upsample them to the



image size and then compute the patch area overlap fractions.
However, since only a resolution of 13 x 13 is required to
compute the embedding, there is no need to upsample to the
image size, and we can skip the costly bilinear interpolation
step. Fig. 3 visualizes the difference between the different
resolutions.

3.3. Bidirectional Predictions

To detect potential relations between two instances in the
scene represented by their respective segmentation masks S
and S1, the original DSFormer has to perform two forward
passes through the model neck: one to classify the relation
with Sy as the subject and S as the object and another one
for the opposite. To reduce the computational cost during
inference, we design DSFlash such that it encodes both
directions in one single forward pass. This allows us to half
the number of predictions required to build a comprehensive
scene graph, while keeping the number of parameters in the
model almost the same, as we will show in the following. A
schematic can be found in Fig. 2 (relation predictor head)
and Fig. 4.

Let’s assume that the backbone has extracted two seg-
mentation masks Sy and S for a given image with feature
tensor F. The task is now to classify two potential relations.
We call the one where Sy is the subject and S is the object
the forward prediction 2~ € R and the reversed one the
backward prediction 2z~ € RY, with C being the number of
predicate classes. Accordingly, 3=,y € {0,1}¢ are the
associated target ground truth values.

Both DSFormer and DSFlash first encode the masks into
the image feature tensor F using a specialized mask em-
bedding module [31], resulting in an enriched feature tensor
r = embed(F, Sy, S1) € RP, with embedding dimension
D. DSFormer, then processes z in its prediction head to
produce z~". For z*~, DSFormer computes a second for-
ward pass with 2’ = embed(F, S1, So) since embed is not
symmetrical.

DSFlash on the other hand uses x for both directions
and produces 2z~ and z¢ in a single forward pass. Before
processing x with a relation predictor head, we disentangle
x into two intermediate tensors ¢t~ and ¢ using a gate
mechanism, described in Egs. (2) to (4). Finally a shared
MLP predicts the relations (Egs. (5) and (6)).

g = o (gatemy(z)) € RP 2)
t7 =goxzeRP 3)
t"=(1-g) oz cRP 4)
27 =relhead,,;,(t™) € R 5)
2 = relhead,,(t™) € RY (6)

To learn the relation predictions, we follow DSFormer and
use a binary cross entropy loss function between (z7,y )
and (2, y%).

17392

Vision Modules

B(F, S0, 51) >z H
SN
- < \\j" &

Image Features F V
&(F, 1, S0) >z H

€eR?

Vision Modules

Figure 4. Schematic of DSFlash’s gating mechanism and the en-
forced feature consistency loss during training. Given two segmen-
tation masks and an image, DSFlash computes a class token x using
various modules, summarized here as ®. To train the consistency
loss, DSFlash performs two forward passes through the model head
with flipped segmentation masks.

In our initial experiments we sorted Sy and S; by their
ordering in the ground truth. The model quickly discovered
that a positive annotation is 3 times more likely to occur in
y~ than in y*~ in the PSG dataset, making the model rely on
a fact that cannot be determined in a real-world application.
To prevent this, we introduce the shared relation predictor
from Eq. (5) and add an additional feature consistency loss,
shown in Eq. (7).

During training, we perform two forward passes through
DSFlash’s model head for each (S, S1) pair with swapped
ordering of the segmentation mask when embedding them
into F. This gives us a second enriched feature tensor
' = embed(F,S1,S0) # xz. From here, we compute
t'7, ', 2/, 2/ analogously to Egs. (3) to (6). Ideally,
DSFlash would predict 27 = 2’ and 2 = 2/~ because
Sp and S, are flipped. To assist the model to learn this
similarity, we use an additional consistency loss on the inter-
mediate tensors:

D

1
Consistency = D Z(
i=1

t;7 —

)? + (t

During inference, DSFlash can rely on its learned ability
to treat each directions equally and only a single forward
pass is required. More clarifications can be found in Sec. 8
of the appendix.

3.4. Mask-Based Dynamic Patch Pruning

The time spent in the model neck is influenced by the number
of processed patch tokens. To reduce the computational cost,
we introduce a dynamic patch pruning strategy that is tailored
towards DSFlash.

Before the extracted patch tokens from the backbone enter
the model neck, an additional subject-object mask embed-
ding is added to each patch token. This mask embedding is
directly determined by the overlap ratio of a mask with the
respective patch area. Consequently, a patch that is neither



overlapping with the subject nor with the object, receives no
additional embedding. Although they provide some context
of the overall scene, these patches contain almost no helpful
information to determine the final relation predicates. For
an additional speedup, we therefore identify the patches that
have no overlap with subject or object and drop them before
processing them with the model neck. Since the overlaps
are computed anyway, the patches to prune can be identified
with virtually no computational overhead.

Since the final predictions only rely on information of
the classification token, DSFlash can handle variable token
numbers.

3.5. Token Merging

We apply token merging [2] to reduce the computational
cost when calculating attention in the transformer layers.
Specifically, we use ToMe-SD [1, 21] because it unmerges
the tokens again which better retains the segmentation ca-
pabilities of the backbone. Before every attention layer in
DSFlash’s backbone, we use ToMe-SD to merge similar to-
kens. Directly after the attention layer, ToMe-SD unmerges
the tokens to the initial number.

3.6. Additional Improvements

To further reduce latency and increase scene graph perfor-
mance of DSFlash, we perform several improvements.

Efficient subject/object mask encoder. We observe
that DSFormer’s mask encoder contains inefficient code that
involves several copies of the extracted segmentation masks
followed by multiple tensor operations that can be exactly
represented by an efficient average pooling layer. This is
described in more detail in the supplementary.

DeiT III-style augmentation. We choose to follow the
data augmentation strategy from DeiT III [47]. We apply
random horizontal flips and color jitter, then randomly select
one of three transformations: grayscale conversion, solariza-
tion, or Gaussian blur.

4. Results

We start with introducing the evaluation metrics and continue
with a comparison with other PSGG methods on the PSG
dataset. We then analyze various components of DSFlash
for the impact on the final performance and speed.

4.1. Metrics

Latency. In Sec. 4, we refer to latency as the average time
it takes a PSGG model to process a single image. This
evaluates a model’s capability to be applied in a real-world
environment where image frames have to be processed se-
quentially from a continuous video stream. To ensure a fair
comparison, we only measure the time of a model’s forward
pass without any data preprocessing steps. All latency values
are measured using a batch size of 1 to simulate the single
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Table 1. Performance comparison on the PSG dataset [51]. All
models are evaluated using a batch size of 1 on an RTX 3090
GPU and the SGDet protocol. Models marked with a star (*) use
low-resolution segmentation masks, discussed in Sec. 3.2

Method mR@501 Latency | # Params
MotifNet-R50 9.56 100 ms 109M
MotifNet-MD 16.32 504 ms 332M
VCTree-R50 10.14 116 ms 105M
VCTree-MD 17.58 520 ms 327M
HiLo-R50 16.34 277 ms 59M
HilLo-L 19.08 427 ms 230M
REACT 19.00 19 ms 43M
DSFormer 30.70 458 ms 330M
DSFlash-L 30.90 50 ms 340M
DSFlash-B* 28.50 23 ms 116M
DSFlash-S* 25.05 18 ms 40M

image scenario. We wait for a warmup phase of 200 forward
passes before starting the time measurements and report the
average latency in the tables and figures.

RPS. Since neural networks are highly optimized for
modern GPUs, various speed improvements are only notica-
ble if the GPU is working at maximum capcity. Therefore,
we also evaluate a model’s speed when processing larger
batches of data instead of just single-image latency. We
report Relations per Frame (RPS) as the average number of
subject-object pairs that can be processed by the evaluated
model per second.

mR@50. To measure scene graph performance, we re-
port mR@50 [5, 44] which handles the predicate class imbal-
ances in scene graph datasets much better than other metrics
like R@k. As highlighted in Sec. 2.5, we make sure that
multiple mask predictions per ground truth and multiple
relation predictions per ground truth are prevented. We eval-
uate all models using the Scene Graph Detection (SGDet)
protocol, sometimes also refered to as SGGen. With this
protocol, a PSGG model only receives an image as input and
must predict correct segmentation masks, instance labels and
subject-predict-object triplets. Additional results with the
PredCls protocol are in the supplementary.

4.2. Main Results

A visual comparison of various PSGG methods can be seen
in Fig. 1, with more detailed results presented in Tab. 1. DS-
Flash outperforms all other methods on mR@ 50, even DS-
Former by a small margin of 30.9 vs 30.7. At the same time,
the largest DSFlash variant which uses an EOMT-L backbone
is still faster than all other models with the exception of RE-
ACT. Although DSFlash-L has the most parameters in our
evaluation, its simple architecture allows it to run efficiently
on optimized hardware. On the other side, DSFlash-S* uses
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Figure 5. Impact of the segmentation model’s capability on the
final performance. mR@inf [30] is the best possible mR@k that a
hypothetical perfect PSGG model could achieve, given the extracted
segmentation masks from the segmentation model.

an EoMT-S backbone combined with low-resolution segmen-
tation masks, discussed in Sec. 3.1, enabling it to run with
a latency of 18 ms on a NVIDIA GeForce RTX 3090 GPU,
equivalent to a frame rate of 56 frames per second. With
only 40M parameters, it is also the smalles model in our
comparison, while still achieving superior mR@50 scores
compared to all other methods, except DSFormer.

We attribute DSFlash’s efficiency to its modern backbone
with good hardware support, as well as our simple segmen-
tation head that only uses optimized tensor operations.

4.3. Backbone Ablation

As shown in previous literature on two-stage methods, the
first segmentation stage has a high impact on the final scene
graph performance [31]. We evaluate multiple training runs
with equal settings except for the choice of the backbone.
As shown in Fig. 5, a larger backbone, is directly correlated
to the overall performance. Given the extracted segmenta-
tion masks and associated predicted class labels, we report
mR@inf [30] as the upper limit to mR @k for a hypothetical
perfect PSGG which has only access to the segmentation
masks from the first stage. Fig. 5 shows a striking correlation
between mR@50 and mR@inf. In the supplementary, we
also show that mR@50 is directly correlated to the panop-
tic quality of the segmentation model. As more improved
segmentation models are developed in the future, it is very
likely that DSFlash can directly leverage their capability for
improved scene graph performance.

4.4. DSFlash Improvements

An overview of the most impactful optimizations for DS-
Flash can be found in Tab. 2. Since we copied many parts
from DSFormer, we use it as the baseline model. As ex-
pected, the most effective optimization is the use of a single
efficient segmentation model instead of two separate slow
models, reducing the latency to 41 ms — a 10th of the initial
time. At the same time, mR@ 50 drops considerably, mostly
because DSFlash now works with faster but lower quality
segmentation masks form EoMT-3B instead of MaskDINO.
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Table 2. Impact of the optimizations on the overall latency, mea-
sured on a NVIDIA GeForce RTX 3090 GPU and a batch size of
1. We also report RPS as the processed relations per second when
processing batched data. The rows are read from top to bottom
with each row adding an incremental optimization to the evaluated
model. The last row is an exception and is an improvement from
the row marked with *.

Method mR@501 Latency (ms)| RPS?
Baseline 30.7 445 435
Unified Backbone 25.0 41 (-91%) 5,745
Eff. Mask Embed 25.0 37 (-10%) 7,132
Bidir. Pred. 23.8 29 (-22%) 11,491
Gated Bidir. Pred.! 28.8 29 (-0%) 11,491
No Seg. Upscaling 28.5 23 (-21%) 12,928
EoMT-3S 25.1 18 (-22%) 17,897
'EoMT-3L 30.9 50 (+72%) 5,996

DSFlash’s efficient mask embedding module (Sec. 3.6)
reduces latency to 37 ms without affecting mR@50. Our
new implementation involves much less data copies, mainly
resulting in decreased VRAM usage.

Another speed boost is achieved by performing bidirec-
tional predictions (Sec. 3.3), halving the amount of required
forward passes through the model neck, which is reflected
in the number of processed relations per second on batched
data (RPS). Since most images from the PSG dataset contain
only few objects, the number of forward passes is rarely a
bottleneck when measuring single-image latency on a GPU.
In addition, our bidirectional training gives the model addi-
tional supervision about both relation directions, resulting in
an improved mR@50.

A very effective technique to reduce latency is to use
low-resolution segmentation masks from the segmentation
model. This skips a costly bilinear interpolation while pro-
viding the same granularity of information to the model neck,
as discussed in Sec. 3.1. However, with lower resolution
segmentation masks, the final scene graph will also have
lower quality and therefore fail to localize some subject and
objects from the ground truth. The impact of low-resolution
segmentation masks is also dependent on the capability of
the backbone, as illustrated in Fig. 6. Compared to DS-
Flash models with EoMT-B and EoMT-L backbones, the
smaller EOMT-S suffers most from lowered segmentation
quality. An interesting observation is the fact that a model
using EoMT-B with low-resolution segmentation masks runs
faster and performs better than a model using EOMT-S with
high-resolution segmentation masks. We attribute this to
EoMT-S’s considerably weaker segmentation capabilities,
which directly propagate through the model. It is worth not-
ing that in some scenarios, the EOMT-S-based model might
still be preferred since DSFlash with EOMT-S requires only
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Figure 6. Comparison of the effect of low-resolution segmentation

masks on the final performance and latency when using different
segmentation backbones.

a third of the parameters that DSFlash with EoOMT-B needs.

4.5. Pruning and Merging Methods

We evaluate the impact of dynamic patch pruning (Sec. 3.4)
and token merging (Sec. 3.5) on latency and scene graph per-
formance in Tabs. 5 and 6 of the appendix. These techniques
complement each other well since they optimize different
parts of the DSFlash model. While dynamic patch pruning
reduces the number of patch tokens that enter the model
neck, we apply token merging to the attention layers of the
segmentation backbone.

We evaluate latency using three GPUs: H100, RTX 3090,
and GTX 1080. We observe that using the more capable
H100 and RTX 3090 GPUs results in no notable latency
improvement with a batch size of 1. But when evaluating
on batched input, RPS still increases. This is most likely
because the GPUs are highly optimized for parallel process-
ing and can process all available tokens simultaneously even
before pruning. Lower-end GPUs can process less tokens
simultaneously. Therefore, reducing the parallel workload
via pruning has even a measurable impact on reduced latency
with batch size 1.

When using dynamic patch pruning (Sec. 3.4), we notice
a slight performance decrease in mR@50 of 2.13. Even
though we have not trained it with pruned patches, DSFlash
still manages to handle the altered input to the model neck.
For additional results where we have trained DSFlash with
dynamic patch pruning, refer to the appendix. The most
notable latency improvement can be observed for a 1080
GPU, where latency drops from 230 ms to 205 ms.

A very promising optimization that reduces latency with-
out deteriorating scene graph performance too much is the
combination of token merging and dynamic patch pruning.
Since both optimization methods affect different parts of the
architecture, their latency improvements add up. On a GTX
1080, latency drops from 230 ms to 173 ms while mR@50
is very similar to our experiment with only patch pruning
applied. Using a token merging ratio of 30% combined with
patch pruning, gives a similar latency to 50% token merging
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Figure 7. Required time to process an image depending on the
number of instances in the scene. The latency was measured on an
RTX 3090. With an increasing number of instances, patch pruning
becomes more effective.

without patch pruning, while achieving much better mR@50.

Patch pruning is especially helpful when working with
dense scenes. In dense scenes, instances are often small.
Hence, more patches can be dropped, resulting in higher
latency improvements, as shown in Fig. 7.

5. Conclusion

In this work, we have introduced DSFlash, a panoptic scene
graph generation model that is capable to run with a latency
of down to 18 ms on an RTX 3090 GPU while still producing
high quality scene graphs.

We have introduced several architectural optimizations
and analyze their effect on scene graph quality and latency.
While some techniques like mask-based dynamic patch prun-
ing make direct use of DSFlash’s architectural design to
reduce latency with minimal overhead, we also introduce
several methods that can be easily applied to future meth-
ods. For example, bidirectional relations enable a scene
graph model to predict a scene graph while halving the
amount of required forward passes, which directly relates to
model throughput on batched inputs. We also experiment
with token merging which can be applied to virtually any
transformer-based model and show that token merging can
be effectively used on resource constrained GPUs.

With the increasing popularity of VLMs in recent re-
search, many systems have grown complex and heavy, often
denying the ability to run them on-premise which involves
privacy concerns in some areas. While many applications
require the complex reasoning and fundamental scene un-
derstanding capabilities, other areas might also be approach-
able using scene graphs as an efficient intermediate step.
Combined with DSFlash’s near instantaneous high quality
scene graphs, we hope that future research further explores
ressource efficient systems that can be used as an alternative
to the influx of overly complex models.
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