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Abstract

Real-time object detection is critical for the decision-making
process for many real-world applications, such as collision
avoidance and path planning in autonomous driving. This
work presents an innovative real-time streaming perception
method, Transtreaming, which addresses the challenge of real-
time object detection with dynamic computational delays. The
core innovation of Transtreaming lies in its adaptive delay-
aware transformer, which can concurrently predict multiple
future frames and select the output that best matches the real-
world present time, compensating for any system-induced
computational delays.

The proposed model outperforms existing state-of-the-art
methods, even in single-frame detection scenarios, by leverag-
ing a transformer-based methodology. It demonstrates robust
performance across a range of devices, from powerful V100
to modest 2080Ti, achieving the highest level of perceptual ac-
curacy on all platforms. Unlike most state-of-the-art methods
that struggle to complete computation within a single frame
on less powerful devices, Transtreaming meets the stringent
real-time processing requirements on all kinds of devices. The
experimental results emphasize the system’s adaptability and
its potential to significantly improve the safety and reliability
of many real-world systems, such as autonomous driving.

Code — https://github.com/DecAngel/Transtreaming

Introduction

Existing object detection methods have now achieved high
performance with low latency. Most of these studies have
either focused on 1) improving detection accuracy (Parmar
et al. 2018; Liu et al. 2021), or 2) striking a balance be-
tween performance and latency (Redmon et al. 2016; Ge et al.
2021). More recently, while real-world applications such as
autonomous driving systems require real-time detection re-
sults for accurate decision making, researchers began to pay
much attention on real-time object detection. This area, also
known as streaming perception, is gaining prominence for
its potential to revolutionize the way we interact with and
understand our environment in real time.
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Figure 1: Fluctuation of the computational delay using the
same detector when processing different frames with vary-
ing workloads (simulated by adopting a similar approach to
GPU contention generation in (Xu et al. 2020)) on a server
equipped with NVIDIA GeForce RTX 4080.

For real-time object detection, researchers initially aimed
at enhancing the speed of non-real-time detectors to meet
stringent real-time requirements, such as achieving frame
rates of 60 frames per second (FPS). However, as noted by
(Yang et al. 2022), no matter how fast the detector is, in real-
world online scenarios, when the detector handles the latest
observation, the state of the world around the moving vehicle
has already changed. Thus the detection result will always be
at least one frame delay from the latest observation.

To this end, some recent studies (Yang et al. 2022; Li et al.
2023; He et al. 2023; Jo et al. 2022; Huang and Chen 2023)
have improved the detector models to include forecasting
capabilities. These models are trained to anticipate the future
positions of objects (e.g. one frame into the future), such
that the detector can finish the computation within one frame
(Yang et al. 2022). For example, assuming a constant video
streaming rate of 30FPS, this implies that the detection pro-
cess needs to be completed within % second. To emulate
varying vehicular speeds, these models were trained across a
spectrum of video streaming rates. For example, if a vehicle
is moving at 30km/h (or 60km/h), the video streaming rate
is set at 1x (or 2x) the original rate, respectively. Despite



these advancements, the aforementioned literature presents
several limitations:

1. The detectors are constrained to complete computations
within a limited time, necessitating the majority of the
models (especially those with high performance) to oper-
ate on devices with powerful GPUs such as V100 (Yang
et al. 2022; Li et al. 2023; He et al. 2023). This require-
ment restricts the application of real-time detection sys-
tems to devices with substantial computational resources.

. Existing models are typically restricted to predicting a
fixed single frame in the future, such as one or two frames
ahead. However, we observe that computational delays
can fluctuate significantly over time due to varying work-
loads. As shown in Figure 1, the same detector has differ-
ent computational delays in dealing with different frames,
ranging from 15ms to 31ms due to various workloads
of the system. This variability implies that models may
not be able to meet fixed real-time constraints during peri-
ods of burst workload, potentially leading to significant
failures in accurate real-time detection.

To address the above limitations, this work presents a
novel real-time streaming perception method, Transtreaming,
which addresses the challenge of real-time object detection
with dynamic computational delay. The contributions of this
work are summarized as follows.

» This work facilitates adaptive delay-aware streaming per-
ception by integrating runtime information within detec-
tion models, concurrently predicting multiple frames and
selecting the most appropriate output aligned with the
real-world present time.

Even in the realm of single-frame real-time detection,
the proposed approach, which leverages a transformer-
based methodology, outperforms all existing state-of-the-
art (SOTA) techniques.

* The proposed model demonstrates robust performance
across a spectrum of devices, ranging from the high-
performance V100 to the modest 2080Ti. It achieves
the highest level of perceptual accuracy on all platforms,
whereas most SOTA methods struggle to complete compu-
tation within a single frame when applied on less powerful
devices, thereby failing to meet the stringent real-time pro-
cessing requirement.

Related Work

Image Object Detection: Deep learning’s evolution has dra-
matically transformed object detection, with CNNs outpacing
traditional methods. Image object detection methods are pri-
marily divided into two-stage (such as R-CNN (Girshick
et al. 2014) and Fast R-CNN (Girshick 2015)) and one-stage
methods (such as SSD (Liu et al. 2016) and YOLO (Redmon
et al. 2016)). Two-stage methods employ region proposals to
pinpoint potential objects, breaking the detection process into
two distinct phases. Improvements in the two-stage approach,
seen in Fast R-CNN (Girshick 2015) and Faster R-CNN (Ren
et al. 2015), streamlined the process by merging region pro-
posal networks with CNN architectures, thereby reducing
latency. Yet, these techniques still face delays due to proposal
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refinement. One-stage detectors offer a balance of speed and
precision for real-time tasks but lack the temporal context
necessary for streaming detection, as they focus solely on the
current frame.

Video Object Detection: The objective of Video Object
Detection (VOD) is to identify objects within video data,
as opposed to static images. In order to utilize the unique
characteristics of video data, recent progress is made in four
aspects: 1) tracking-based methods (Feichtenhofer, Pinz, and
Zisserman 2017): enhance detection by learning feature sim-
ilarities across frames; 2) optical-flow-based methods (Zhu
et al. 2017a; Wang et al. 2018; Zhu et al. 2018, 2017b):
utilize flow information to enhance key frames; 3) attention-
based methods (Deng et al. 2019; Wu et al. 2019; Shvets,
Liu, and Berg 2019; Han et al. 2020): apply attention mecha-
nisms to relate abstract features for improved detection; and
4) other methods: aggregate features through networks like
DCN (Bertasius, Torresani, and Shi 2018), RNN (Xiao and
Lee 2018), and LSTM (Liu and Zhu 2018). Compared to
streaming perception, VOD generally focuses on the offline
setting, overlooking the runtime delay of detection algorithms.
In contrast, this work takes into account both runtime delay
and real-time requirements to ensure high-performance de-
tection.

Streaming Perception: Streaming Perception tackles the
drift in real-time detection due to computational latency by
predicting entity locations after computational delays using
temporal information from historical results (Li, Wang, and
Ramanan 2020). The streaming average precision (s A P) met-
ric was introduced to evaluate object detection algorithms
in streaming scenarios, factoring in both latency and accu-
racy. Chanakya (Ghosh et al. 2024) proposed a method to
enhance sAP performance by learning a policy to adjust
input resolution and model size, effectively balancing latency
and accuracy. However, Chanakya’s approach did not uti-
lize a temporal-predictive detector. Consequently, subsequent
studies introduced various models designed to predict ob-
ject locations. For example, StreamYOLO (Yang et al. 2022)
used a dual-flow perception module for next-frame predic-
tion, combining both previous and current frames’ features.
Dade (Jo et al. 2022) and MTD (Huang and Chen 2023) in-
troduced mechanisms to dynamically select features from
past or future timestamps, taking the runtime delay of the
algorithm into consideration. DAMO-StreamNet (He et al.
2023) and Longshortnet (Li et al. 2023) used dual-path ar-
chitectures to capture long-term motion and calibrate with
short-term semantics. They extended dynamic flow path from
1 past frame to 3 frames, successfully capturing the long-term
motion of moving objects, and thus achieved the state-of-the-
art performance in streaming perception. Existing research
primarily focuses on detection within a single subsequent
frame, which necessitates the completion of computations
within a single frame. This requirement becomes challenging
under conditions of limited computational resources or high
system workloads. In this study, we introduce a temporal at-
tention module designed to predict multiple future outcomes
from given past time series. The module selects the outcome
that most closely aligns with real-world present time, thereby
accommodating various computational delays.
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Figure 2: Observation example: when a detector is trained with fixed vehicle speed (30km /h) and fixed computational delay
(Aty), the detection is always accurate when both of the speed and delay remain the same. But the detection accuracy will
significantly decrease when either (a) the vehicle speed changes (from 30km/h to 60km/h) or (b) the computational delay

varies (from Atq to Ats).

Methodology
Observation and Motivation

The motivation for our proposed scheme is rooted in the
limitations observed in current streaming perception studies
(Yang et al. 2022; Li et al. 2023; He et al. 2023), particularly
in handling the varying velocities of vehicles and the dynamic
computational delays inherent in real-time systems.

The above SOTA methods in streaming perception have
noticed that the different velocities of vehicles significantly
affect the real-time detection. If the detector is only trained at
a fixed frame rate (e.g., 60 FPS), it can only be equipped to
simulate vehicles moving at a corresponding constant speed
(e.g., 30km/h). As depicted in Figure 2.(a), when the speed
of a vehicle increases to 60km /s, the detector fails to detect
it accurately. Even though mix-velocity training was applied
in these works, they need to pre-set the velocity (Yang et al.
2022), i.e. pre-determine whether they do the detection for
frame ¢ 4 1 for slow or ¢ 4 3 for fast velocities based on prior
frames. These approaches are inherently restrictive because
they did not allow the dynamic velocity of vehicles.

Furthermore, as shown in Figure 1, random computational
delays can be involved due to dynamic workloads in time.
Therefore, even if the vehicle drives at the same speed, differ-
ent computational delays can prevent accurate detection, as
shown in Figure 2.(b). Notably, both varying vehicle veloc-
ities and computational delays introduce a similar element
of randomness to the detection process, complicating the
prediction task.

To address these challenges, we introduce Transtreaming, a
novel approach that captures the inherent randomness in both
vehicle velocity and computational delay. Our solution is de-
signed to provide real-time detection forecasts across a range
of temporal conditions while being dynamically adaptive to
the environment. Specifically, Transtreaming is tailored to
accommodate diverse runtime scenarios, thereby enhancing
the safety and reliability of streaming perception systems in
various operational contexts.
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Problem Formation

Given a RGB video sequence {I;} € REX3*HXW and the
ground truth object bounding boxes {O;} € RL*Obiectsx5,
each frame I; and bounding box O; at index 1 is firstly asso-
ciated with a timestamp ¢ = £ with frame rate k£ (k = 30,
typically) FPS under streaming perception settings. The task
of streaming perception then runs an online procedure that de-
livers the frames to the detector at their corresponding times-

tamp . Then the detector’s predictions {Oy } is collected
at timestamp t’. Note that the detector has computational
delay At and start-up delay At (delay caused by not infer-
ring I; at exactly ¢ because of delay from the previous loop).
Consequently ¢ = ¢t + At! + At°, making detector output
timestamps ¢’ misaligned with ¢. As a final metric, streaming
perception uses Mean Average Precision but pairs prediction

and ground truth differently. Each prediction Oy is paired
with the ground truths after its output timestamp ¢} before
the subsequent prediction’s output timestamp t5, which is
{0;},4 € [[t] x k], [t5 x k]]. Unpaired ground truths are
considered detection misses. Therefore, the detector is ex-
pected to generate bounding box prediction via forecasting

into the future, in order to align Oy with Orp k). Every
prediction of the detector should manage to compensate the
object displacement error cause by computational delay At/
and subsequent start-up delay A¢°. Without loss of general-
ity, we simplify notations by using relative indices A7 against
current frame index. In this way, current frames is denoted
as Iy, past frames are denoted as I_1,1_», ..., while future
objects are denoted as O1, Oa, .. ..

The overall architecture of Transtreaming is shown in
Figure 3. We split the design of Transtreaming to a de-
tection model named Transtreamer (TS) and a scheduling
algorithm named Adaptive Strategy (AS). At every times-
tamp, given previous input frames {I;},7 € [0, |t * k],
Transtreaming utilizes AS to estimate runtime statistics A#/
and schedule the execution of TS. To provide the detection
model with temporal cues, AS generates 2 temporal propos-
als {P? P¥} PP C N-,PF C N* from estimated A¢’
and observed start-up delay At°. Proposal P¥ indicates the
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indices of available past frames’ features, while PF indi-
cates the temporal indices of forecasting targets. AS also
uses buffering techniques to store previously computed im-
age features {F;},i € PF, in order to accelerate model
inference speed. Furthermore, the multi-frame output of TS
{Oj}, j € PF is stored in output buffer and dispatched
at appropriate timestamp. This approach avoids producing
0] ; before its actual timestamp. Inside the detection model,
TS encodes the temporal proposals {PF¥, PF} as Relative
Temporal Positional Embedding (RTPE) and merge features
buffers with current frame’s features. TS then uses a temporal
transformer module to query the features of future objects
from current and past features with RTPE. Additionally,
Transtreamer is capable of forecasting object on multiple
future timestamps with dynamic length (i.e., P¥ can have
any number of elements), thus achieving flexibility in di-
verse runtime environments. The details of Transtreaming’s
components are elaborated in the following subsections.

Transtreamer

Following previous work’s (He et al. 2023) design of detec-
tion models, we split TS into three modules: backbone for
feature extraction, neck for temporal forecasting and head
for bounding box decoding. To develop a neck module that
maximally enhances temporal reasoning in TS, we employ
the transformer paradigm to establish relationship between
past features and future features. Transformers can effectively
utilize the temporal proposals provided by AS. To evaluate
against the current SOTA methods, we leverage the same
backbone (DRFPN) and head (TALHead) module as in (He
et al. 2023) and (Yang et al. 2022). Assume the temporal
proposals {P¥ P¥}, and buffered features {F,;},i € P?
is known beforehand. The features of current frame I is
extracted by the backbone module WB(.). The resulting
features Fy is then concatenated to the buffered features
in a chronological order. Given the concatenated features
and PP, PF, TS encodes PP and PF as Relative Temporal
Positional Embedding (denoted as RTPE). RTPE carries
temporal information for the succeeding Temporal Adaptive
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Transformer (TAT, denoted as W T (-)). TAT makes use of
cross attention modules that decodes future objects’ features

{F;},j € PF from past frames’ features. Finally, {F;} is fed
into the head module W (-) to generate the estimated bound-

ing boxes for future objects {O ; }. Formally, Transtreamer
can be represented as

{O;} = TS(Iy, {F;}, RTPE)

= WH(WT(Concat(WE(Iy), {F;}), RTPE)) M

where i € PP, j € PF. TS denotes Transtreamer and
Concat denotes concatenation along temporal dimension.
The whole architecture of Transtreamer is shown in Figure 4.

3D Window Partitioning: The extracted past and current
features {F;},i € P¥ + {0} consist of 2 spatial dimensions
(height H and width W), 1 temporal dimension (time 7"
and a feature dimension (channel C'). Common tokenizing
approach flattens the input into a THW x C' token sequence.
But this approach is computational expensive with a comput-
ing complexity of O(T? H2W?2C). To reduce the complexity
of attention computation, we leverage the windowed atten-
tion to break input features to 3d spatial-temporal windows
(winT, win win"). We assume the objects’ trajectories
can be captured within the window size, so shrinking the
transformer’s perception range can have negligible effect. In
practice, we apply window partitioning before every layer of
TAT and reverse window partitioning after that.

Relative Temporal Positional Embedding: The order of
input sequence does not affect the computation of attention
weight in attention modules. Therefore, the spatial and tem-
poral locality of 3d features cannot be preserved. To remedy
this problem, we employ positional embedding to integrate
locality information into aforementioned Temporal Trans-
former by directly adding to attention weights. Since the
concatenated features { F; } involves relative spatial and tem-
poral position, we extend 2d learnable relative positional
embedding used in (Liu et al. 2021) to 3d, adding an addi-
tional temporal dimension. Different from spatial dimensions,
our RTPE only offers embedding for positive temporal dif-
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ference (i.e. future tokens attend to past tokens, but not vice
versa). Formally, the embedding created by RTPE is denoted
as Eqt an,dw- Lat,an,dw 1S generated by MLP projections
from cuboid 3d coordinates (¢, h,w),t € [0, maz(P¥) —
min(PF)],h € [—winf ,winf],w € [—win" win"] to
ensure its continuity in 3 dimensions. Here maz(PF) —
min(PF) is the maximum temporal difference given P¥ and
PF. For each query token Q4 1, ., its temporal embedding
value against key token Ky, p, w, 18 By —ty hy—hswi—wss
effectively reflecting their relative positions.

Temporal Adaptive Transformer: The neck of
Transtreamer should model the temporal relationship
between past frames’ features {F;} and future objects’
features {F;}. Directly adopting convolution or linear
layers as in (He et al. 2023; Li et al. 2023) will result in a
fix-lengthed P¥ and P¥, which fails to reflect the dynamic
nature of computational delays. Inspired from the decoder
layers of the transformer, we introduce a novel temporal
cross-attention module TAT, which encodes future objects’
features as queries while past frames’ features as keys
and values. Since attention modules often utilize residual
connection to help mitigate the vanishing gradient problem,
we argue that such approach is still valid in this situation.
This is due to the fact that the features of current frame F
is a reasonable initial guess of the feature of future frames
{F;}. Specifically, we firstly replicate current features
Fy along the temporal dimension by |PY| as the initial
queries. Past frames’ features {F;} are used as keys while
the difference of F and {F;} are used as values. Secondly,
in every layer of TAT, 3D Window Partitioning is utilized
to create corresponding input tokens F¢, FX and FV. We
adopt a cross attention with RTPE as gain to attention
weight, serving as a source of temporal information. The
tokens are transformed back to their original form by reverse
window partitioning, followed by normalization layers and
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MLP layers as in original transformer architecture. Finally,
we update the future queries with layer output and repeat the
actions within every layer of TAT.

Adaptive Strategy

Adaptive Strategy, which consists of a planner module and
two buffers, defines the way Transtreamer interacts with
streaming perception environments.

Planner: The main function of AS is planning, in other
words, is generating a proper P¥ and P¥ that maximize
the detection model’s performance in Streaming Percep-
tion. During streaming inference, the past loops’ inference
time of Transtreamer’s backbone, neck and head module,
as well as other processing delay is firstly recorded as
{AtB AN AtE At9} i € N7, respectively. As a rea-
sonable guess, we estimate these delay in current loop
{At8, At AtlT, At§'} with exponential moving average
(EMA) of At; with a decay of 0.5. Additionally, the start-up
delay can be directly measured as Atg . To fully utilize past
buffers and to give a rational estimate of future timestamps,
We select at most M latest available buffers’ index as P .
For P¥, we produce at most M indices, with each predic-
tion evenly spaced on temporal axis. Finally, both P¥ and
PF are clipped within the range of [At, i, X k, At ez X K]
and remove duplicates to keep P in reasonable range and
avoid redundant computation. This operation is denoted as
Clip(+). The value of Aty and At,, 4, are empirically as-
signed as —29 and +19, respectively. This solution manages
to maintain the balance between model latency and forecast-
ing accuracy with respect to high and fluctuating delays.

Historical Feature Buffer: Though the features of past
frames {F;},i € P¥ can be acquired by computing
{WZEB(1,)}, such method is not applicable in streaming eval-
uations, where the computation load clearly affects the final
performance. Therefore, we cache historical frame’s feature



Methods sAP sAPs5o sAPxzs sAPs sAPy sAPr,
Non Real-time Methods

Streamer (S=900) 18.2 353 16.8 4.7 14.4 34.6
Streamer (S=600) 20.4 35.6 20.8 3.6 18.0 47.2
Streamer + AdaS 13.8 23.4 14.2 0.2 9.0 39.9
Adaptive Streamer 21.3 37.3 21.1 4.4 18.7 47.1
YOLOX-S 25.8 47.0 24.3 8.8 25.7 44.5
YOLOX-M 29.4 51.6 28.1 10.3 29.9 50.4
YOLOX-L 32.5 55.9 31.2 12.0 31.3 57.1
Real-time Methods

StreamYOLO-S 28.8 50.3 27.6 9.7 30.7 53.1
StreamYOLO-M 32.9 54.0 32.5 124 34.8 58.1
StreamYOLO-L 36.1 57.6 35.6 13.8 37.1 63.3
DADE-L 36.7 63.9 36.9 14.6 57.9 37.3
LongShortNet-S 29.8 50.4 29.5 11.0 30.6 52.8
LongShortNet-M 34.1 54.8 34.6 13.3 353 58.1
LongShortNet-L 37.1 57.8 37.7 15.2 37.3 63.8
DAMO-StreamNet-S 31.8 52.3 31.0 114 329 58.7
DAMO-StreamNet-M 35.7 56.7 35.9 14.5 36.3 63.3
DAMO-StreamNet-L 37.8 59.1 38.6 16.1 39.0 64.6
Transtreaming-S(Ours) 32.5 53.9 322 10.9 33.8 60.9
Transtreaming-M(Ours) 36.0 57.0 36.6 14.2 36.9 63.6
Transtreaming-L(Ours) 38.2 59.7 39.0 16.3 40.0 65.8

Table 1: Main result of s AP comparison with real-time and non real-time SOTA detectors on the Argoverse-HD dataset. Best

sAP scores are indicated in bold.

to avoid re-computation. We also set a limit to the length of
the buffer and choose to discard the earliest buffered features
after the buffer is full. Since early frames have a negligi-
ble influence on the current frame, the limitation ease the
computation burden of TAT.

Output Buffer: Although multiple future object predic-
tions {Oj}, j € PF are produced by Transtreamer, they
should not be merely emitted in a sequential manner. This
approach might lead to outdated results if A¢’ is underes-
timated. To address this, we introduce an additional buffer
to the output of Transtreamer. At each timestamp, the most
proximate prediction within the buffer is dispatched to ensure
optimal use of all predictions at their relevant timestamps. In
instances where a more recent prediction becomes available
due to an overestimation of A#!, it can replace the prediction
with the same timestamp.

Training and Inference

We mainly replicate the training scheme used by baseline
methods (He et al. 2023; Li et al. 2023), with the exception
of Asymmetric Knowledge Distillation proposed by (He et al.
2023). We believe this contribution is orthogonal with our
work.

Mixed Speed Training: To enhance model’s delay-
awareness, we also employ mixed speed training to extend
the temporal perception range of Transtreamer. The model
will be ineffective on other temporal intervals if only a fixed
relative indices P and P¥ is sampled for training. There-
fore, we adopt mixed speed training scheme that samples
PP from [-24, —1] and P¥ from [1, 16]. The loss for each
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predicted future object is given equal weights.

Experiment
Implementation Details

Dataset: In our experiment, we trained and tested our method
on Argoverse-HD, a common urban driving dataset composed
of the front camera video sequence and bounding-box annota-
tions for common road objects (e.g. cars, pedestrians, traffic
lights). This dataset contains high-frequency annotation of
30 FPS that simulates real-world situations, which is suit-
able for streaming evaluation. We believe other datasets (e.g.
nuScenes, Waymo) are not suitable for streaming evaluation
as they are annotated at a lower frequency. We follow the
train and validation split as in (He et al. 2023).

Model: The base backbone of our proposed model is pre-
trained on the COCO dataset, consistent with the approach of
(He et al. 2023). Other parameters are initialized following
Lecun weight initialization. The model is then fine-tuned on
the Argoverse-HD dataset for 8 epochs using a single Nvidia
RTX4080 GPU with a batch size of 4 and half-resolution
input (600 x 960). To ensure a fair comparison with other
methods, we provide 3 configurations of Transtreaming as
Transtreaming-S (small), Transtreaming-M (medium) and
Transtreaming-L (large) that differs in the number of parame-
ters. This is in accordance with previous methods’ approaches
(He et al. 2023; Li et al. 2023).

Main Metric: We follow the streaming evaluation meth-
ods proposed by (Li, Wang, and Ramanan 2020) as the main
test metric. The streaming average precision (sAP) is used
to evaluate the performance of the whole pipeline under a



Devices Methods sAP? sAP* sAP® sAP?® RTPE TAT sSAP  sAPsg sAP;s
LongShortNet-S 255 21.6 167 11.0 X X 29.0 50.1 29.1
v100 cluster DAMO-StreamNet-S 25.0 199 142 94 v PF & RQI 208 497 204
Transtreaming-S*(Ours) 26.4 224 168 11.8 v PF 31.6 324 31.1
LongShortNet-S 245 203 148 98 v RQI 31.0 51.0 30.8
4080 server DAMO-StreamNet-S 239 185 127 838 X v 32.1 53.2 31.6
Transtreaming-S*(Ours) 25.3 209 15.5 10.8 v v 32.5 53.9 32.2
LongShortNet-S 240 200 144 9.5 Planner Buffer sAP SAP50 SAP75
3090 server DAMO-StreamNet-S 237 182 12,6 8.8
Transtreaming-S*(Ours) 24.9 20.8 151 104 X X 3.9 5.8 4.1
X 32.1 53.1 31.5
LongShortNet-S 23.0 18.0 127 8.6 v j 32.5 53.9 2.2
2080Ti server DAMO-StreamNet-S 219 164 113 8.0 . . .
Transtreaming-S*(Ours) 23.5 19.0 132 9.1

Table 2: sAP comparison for Computational Delay Adap-
tation with different real-world devices. * means the model
is trained using mixed speed training technique. Best sAP
scores are indicated in bold.

Sizes Methods mAP? mAP* mAP® mAP'®
LongShortNet-S 264 206 134 8.9
S DAMO-StreamNet-S 289 220 14.6 9.4
Transtreaming-S(Ours)  29.5 23.1 152 9.6
Transtreaming-S*(Ours) 289 245 179 123
LongShortNet-M 30.7 238 158 9.7
M DAMO-StreamNet-M 317 244 160 10.2
Transtreaming-M(Ours) 33.1 265 179 11.2
Transtreaming-M*(Ours) 32.3 273 19.6 135
LongShortNet-L 332 258 172 107
L DAMO-StreamNet-L 33.8 261 17.1 10.8
Transtreaming-L(Ours) 34,7 27.1 179 11.3
Transtreaming-L*(Ours) 339 284 204 14.0

Table 3: Vehicle Acceleration Adaptation Comparison with
different simulated speed variation. 2z, 4z, 8x, 16z of origi-
nal vehicle speed are simulated by temporally downsampling
frames, labeled as mAP?, mAP*, mAP®, mAPS, respec-
tively. Best m AP scores are indicated in bold.

simulated real-time situation. The s AP metric compares the
model output with ground truth in the output timestamp,
rather than the input timestamp used in offline evaluations.
sAP use the same calculation formula as mean average pre-
cision (mAP), computing the average precision scores of
matched objects with IOU thresholds ranging from 0.5 to
0.95. The s AP scores for small, medium, and large objects
(denoted as sAPs, sAPy;, sAPy, respectively) are also re-
ported. To ensure a fair comparison, we did not employ mixed
speed training in our model, in alignment with the training
scheme of baseline methods.

Computational Delay Adaptation Metric: To simulate
streaming perception on devices with diverse computation
capabilities, we test the framework on 1 online GPU comput-
ing cluster (denoted as v100 cluster) and 3 real-world servers
(denoted as 4080 server, 3090 server, and 2080Ti server) with
different hardware specifications. The detailed information
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Table 4: Ablation study on Transtreaming-S. All the four com-
ponents presented in this table are helpful in our framework.
We split the ablation study into two parts: model compo-
nents (RTPE & TAT) and strategy components (Planner &
Buffer). Variations of TAT (PF: use past feature for the TAT
attention value instead of difference of features, RQI: use
random query initialization instead of duplication) are also
reported. Note the Buffer module is crucial in streaming per-
ception settings by avoiding huge computation cost, both for
Transtreaming and baseline methods. Best s AP scores are
indicated in bold.

about these devices are listed in supplemental materials. Ad-
ditionally, we adopt a delay factor d to simulate high-delay
situations, where all computational delays are multiplied by d.
We assign d € {2,4, 8,16} and denote corresponding sAP
value as sAPY.

Vehicle Acceleration Adaptation Metric: To offer a
more comprehensive comparison, we also evaluate the mod-
els (w/o strategy algorithm) under an offline setting us-
ing mAP. This approach ignores the impact of compu-
tational delay and only simulates different amplitude of
vehicle accelerations, testing the model’s ability to han-
dle various objects’ displacement between adjacent frames.
Different from common offline evaluation, the model is
given past frames {I;} and evaluated against future objects
{0,}.7 € {2,4,8,16}. The resulting mAP scores are de-
noted as mAP?, mAP* mAP®, mAP, respectively.

Quantitative Results

Overall Performance Comparison: As the main result, our
framework is evaluated against SOTA methods to demon-
strate its strengths. Our proposed method achieves 38.2%
in sAP, surpassing current SOTA method by 0.4%. Under
S and M configurations, our pipeline also achieves the first
place of most metrics, comparing to (Yang et al. 2022), (Li
et al. 2023) and (He et al. 2023). The results clearly demon-
strate the power of Transtreamer. Note that sAP;, of our
models is high, indicating that our proposed Transtreamer
has recognized the temporal movement of large objects.
sAP Comparison for Computational Delay Adapta-
tion: To demonstrate the robustness of the Transtreaming
framework, we employ the Computational Delay Adapta-
tion Metric and evaluate both our framework and baseline



Device Name CPU GPU Memory

2080Ti server Intel(R) Xeon(R) Gold 5118 CPU @ 2.30GHz x 48 NVIDIA GeForce RTX 2080 Ti x 4 257547MB
3090 server  Intel(R) Core(TM) i9-10980XE CPU @ 3.00GHz x 36 NVIDIA GeForce RTX 3090 x 2 128527MB
4080 server Intel(R) Core(TM) 19-10900X CPU @ 3.70GHz x 20  NVIDIA GeForce RTX 4080 x 2 257420MB
v100 cluster  Intel(R) Xeon(R) Gold 6226 CPU @ 2.70GHz x 24 Tesla V100-SXM2-32GB x 8 256235MB

Table 5: The hardware specifications of four devices used in the experiment.

models across 4 devices with 4 different delay factor d. As
illustrated in Table 2, our method surpasses current SOTA
DAMO-StreamNet (He et al. 2023) by 1.1%-2.8% sAP on
numerous real-world devices, demonstrating its strength on
computation-bound environments. Notably, in high-latency
scenarios, LongShortNet surpasses DAMO-StreamNet de-
spite using a lighter backbone, indicating that large models do
not necessarily scale effectively with increased latency. The
result indicates that our method maintains its performance
superiority even on devices with low computing power.

sAP Comparison for Vehicle Acceleration Adaptation:
We also compare our framework for simulated circumstances
with drastic vehicle accelerations. We evaluate our framework
with and without mixed speed training, as to investigate the
influence of the strategy. As shown in Table 3, our proposed
framework achieves an absolute improvement of 0.6%, 1.1%,
0.6%, 0.2% under mAP?, mAP* mAP® and mAP re-
spectively w/o mixed speed training compared to DAMO-
StreamNet-S. Interestingly, though our models trained with
mixed speed training only have a small advantage over other
baseline models under mA P2, a maximum 3.2% mAP gain
is observed in larger temporal intervals. The experimental
results demonstrate the temporal flexibility of our framework.

Device Hardware Specifications As illustrated in Table 5,
there are four devices with different computational capabili-
ties used for our experiment. The Delay Adaptation Metric
experiment is conducted on all four devices, while other ex-
periments are only performed on the 4080 server. One thing
to mention is that although we used different devices from
those used in StreamYOLO (Yang et al. 2022) and DAMO-
StreamNet (He et al. 2023) (RTX 4080 vs Tesla V100), it
does not affect the validity of our experiments. Generally,
the V100 has similiar or even slightly higher deep learning
capacity (112 TFlops for V100 vs. 97.42 TFlops for 4080), so
we believe the comparison to the SOTAs did not overestimate
our method. Additionally, we also evaluated our S model
on the V100 server, which achieved an sAP of 32.5%, the
same as our 4080 results, further validating the fairness of
the comparison.

Ablation Study

The results of the ablation study are listed in Table 4. We
verify the effectiveness of four proposed components: RTPE,
TAT, Planner, and Buffer. For RTPE, we remove it from
our model and observe a 0.4% decrease in the test sAP.
We also utilize sinusoidal positional encoding and learnable
positional encoding as substitutions, but both are inferior to
our current approach. Variations of TAT are explored as well.
The variations use past features for the TAT attention value
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(short for PF) and random query initialization (short for RQI),
but exhibit inferior performance compared to our original
approach. As for Planner and Buffer, we remove them from
our framework and observe a 0.4% and an astonishing 28.2%
decrease in the metric. The absence of Buffer will cause the
detection model to compute the features of 4 past frames at
each time, unrealistically extending the computational delay
of the detector.

Discussion

Conclusion: We introduce Transtreaming, a novel streaming
perception framework that utilizes temporal cues to produce
multiple prediction that aligns with real-world time, effec-
tively producing real-time detection results. Transtreaming
is the pioneer framework in streaming perception that makes
use of temporal proposals and multi-frame output. Inspired by
cross-attention, we design the Transtreamer detection model
that handles input and output with dynamic temporal range.
Adaptive Strategy is also proposed to provide buffer tech-
niques and temporal cues to Transtreamer. Our framework
not only outperforms current SOTA methods under ordinary
streaming perception settings, but also surpasses SOTA meth-
ods by a large margin under high/dynamic computational
delay and drastic vehicle acceleration environments.

Limitation: Despite the demonstrated strengths,
Transtreaming still has limitations. First, though proposals
PP and PF are produced to provide temporal information,
Transtreamer only utilizes it in the computation of attention
weights. A stronger integration could be achieved if it directly
interacts with the input tokens. Second, our Computational
Delay Adaptation Metric will sometimes not reflect the true
ability of the model due to temporal aliasing effect. In other
words, the model will perform poorly if computational time
slightly misaligns with multiples of frame rate. Therefore,
we should sample more values of d to concretely evaluate
the model. We leave these limitations for future work.
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