OBJECT DETECTION VIA ALTERNATIVE TRANSFORMER

UDC 004.855.5
DOI: 10.56246/18294480-2023.15-12

NEYCHEV RADOSLAY

PhD in Ttechnical Sciences,

Moscow institute of Physics and Technology

Deputy head of the department of Machine Larning

e-mail: radoslav.neychev@gmail.com

STEPANYAN ARMAN

PhD student of the Department of Machine Learning and Digital Humanities,
Phystech School of Applied Mathematics and Computer Science, MIPT
Slash.Digital GmbH, Chief Technical Officer

e-mail: stepanyan.aa@phystech.edu

Transformer is a great building block for state-of-the-art models for every
direction in artificial intelligence (Al). In natural language processing, GPT3 is one
of the leading language models, and its fine-tuning leads to the creation of
automation products in various fields (chatting, analysis of data, content
generation, etc.). In computer vision, it is DALLEE-2 with its fantastic capability to
generate realistic art images with the desired style. In reinforcement learning (RL)
decision transformers [1] are widely used and achieve great results in such RL
baseline games as ATARI, Key-To-Door tasks, etc. Even though modern transformer
blocks for end-to-end object detection tasks converge very slowly, which makes the
training process computationally hard. We introduce alternative transformers
improving architecture and training process, reducing convergence and training
time with achieving same results in object detection tasks. Training process is
parallelized, and a loss function is modified to increase model’s capability in
multiple tasks. Finally, this architecture can be used as a building block in other
models, improving their performance.

Keywords: Transformer, controlled training, reinforcement learning, loss function,
deep learning, encoder, decoder, feature map, decision making, fine-tuning.

Introduction: New advances in artificial intelligence (Al) based object
detection provide many components and frameworks to automate the full
pipeline, but they are still not end-to-end. Recently, Xizhou et al. ([1]) proposed
Deformable transformers (DETRs) and first provided an end-to-end model fully

142


mailto:stepanyan.aa@phystech.edu

getting rid of hand-crafted components achieving state-of-the-art results.
DETR’s architecture combines convolutional neural networks (CNNs) for feature
map construction and transformer-based encoders and decoders. Despite the
powerful idea behind its architecture, DETR-s seek learning convergence speed,
which results in spending a large amount of computational resources. For
example, on ImageNet dataset, Faster R-CNN converges 30 times faster on
average than DETR ([2]). Such an issue mainly appears because of the number
of Transformer building components processing feature maps and initialization
way of attention weights, which are uniformly based. Because of that, more
training epochs are needed to learn the sparse meanings of different locations
on the image. We propose alternative transformers’ (ATs) idea with an
additional similar operation like deformable convolution (defConv in [3]) block,
which avoids the abovementioned issue of slow training. The most important
note here is that DETR solves the element relation mechanism that defConv has.

Method: To solve the problem of interactions of the transformer with each
part of the feature map, we need to choose another building block that may get
rid of or soften it. For that, we propose an alternative attention module - it
interacts with only a tiny subset of crucial sampling points around our current
point (region) in the feature map. Architecture is provided in Fig. 1. Not
formally, by assigning small-sized keys to each query, we solve the problem with
convergence.

Formally, we have given a feature map x € R&*#*W  query element g,

content feature z, and reference point p,. We define alternative attention

q
function as:

AT(ZQ’pQ'x) = Z Wm(E Amqum’x(pq + Apmgr))
m=1..N q.k
Where A,,,, denotes normalized attention weight, Ap,,,, — sampling offset,

Apmqr € R? are of 2-d real numbers. Both App,.k, Amqr are linear projections
over z,. There are 2MK channels are used to encode Ap,,., and remaining
channels are fed to softmax layer to get A4«

To achieve higher accuracy from our model, we will use multi-scale feature
maps as other object detection frameworks use. AT can be applied to multi-scale
feature map {x'}-_, in a straightforward way with rescaling function to the input
feature map of the I-th level ¢,(p;), where p; are normalized coordinates.
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T . -
M l=L,k=K
MSAT(Zq,p;,{xl iL=1) = Z Wm[ Z Amlqk * Wnltxl((pl(p;) + Apmlqk)]
m=1 l=1,k=1

Where M is the total number of attention heads, L-number of input feature
levels, K-sampling size, W, is fixed size identity matrix. It is important to
mention that scalar attention weight A, is normalized. Also, it is an intuitive
definition for an operation because in case L =1,K =1 it is a defConv layer,
which functionality we were trying to get as a result to get rid of the
convergence problem.

Encoder: The encoder is similar to DETR’s encoder with one big difference
- we replace the multi-headed attention module with MSAT to process multiple
feature maps the way that both input and output matrices of the encoder are
equal in size. We use C5 and Cg of ResNet ([4]). After getting our result feature
map with the lowest resolution, it is processed to decoder. The number of
channels in each feature is 256. The output of encoder as a result, are
multiscale feature maps with the input image size. Key and query elements are
from these maps too. Along positional encoding, here we use scale-level
embedding, which is randomly initialized and trained along with other
components of the network.

Decoder: In decoder, there are 2 types of attention used — cross and self-
attention blocks. The query elements for both cases are taken from object
queries. In self-attention, queries interact with each other. In the cross-attention
layer, they get the information from feature maps. As long as MSAT was
designed to interact with feature maps, we are changing cross-attention layers
to it. Important to note that because MSAT extracts image features around goal
point, then we can let our model to predict boxes around these features to let it
reduce the optimization difficulty. More formally, let goal point p; have
coordinates (pgx,pgy). We use linear projection b, with sigmoid o, so box

coordinates will be b; ={o (qu + a‘l(p;x)) .G (bqy +
o‘l(p;y)),a(bqw),o(bqh)}. The use of sigmoid and inverse of it is that learned

decoder will strongly correlate with predicted boxes. The architecture is of
MSAT is illustrated in Fig. 1.

Improvement ideas: Alternative transformers provide a variety of
opportunities for end-to-end detection models due to their fast convergence.
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First idea is inspired from [5] and provides a simple and iterative bounding box
mechanism (finding bounding boxes based on previous layer’s prediction) to
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increase performance of detection.
Fig. 1. Multi-scaled alternative attention (MSAT) architecture

Second idea is to use object queries from decoder at the current stage as
long as they are not used in [1]. Being inspired by [6] and [7] there is a variant
to generate region proposals during that stage. Afterwards, these regions will be
fed to decoder to get further and more accurate refinement.

Experiment: We conduct experiment on ImageNet ([8]) dataset. For pre-
trained model we chose ResNet — 50 ([9]) as a backbone. Multi-scaling is done
without FPN. For alternative transformers we set M = 8 and = 4 . The rest of
hyperparameters’ setting follow [1]. Loss function is Focal Loss [10] with loss
weight 2.5 for bounding-box classification and object queries’ number equals to

145



350. Models are trained for at least 50 epochs and learning decay is each 50t
epoch with decay factor equals to 0.1. Optimization is done by Adam optimizer
with the following set of parameters:lr = 1.5X 107%, B, =0.9, B, =0.995.
Training is done on Nvidia Tesla V200.

Comparison with Faster R-Cnn and DETR results can be viewed in Table 1.
As it can be seen, alternative transformers achieve better performance than
DETR with 10x less epochs and at the same time achieve slightly worse training
time than baseline Faster R-CNN.

Table 1. Comparison between AT, DETR and Faster R-CNN

Method Epochs | FLOPs Trai'r:(i)r:jgr SGPU Inﬁ'a:;esn ce
Faster R-CNN 109 180G 380 26
DETR 500 86G 2000 28
DETR v2 500 187G 7000 28
Alternative Transformer 50 173G 700 12
it | w0 | v | wo |

Conclusion: Alternative transformer is an end-to-end object detection
model, which is very effective and fast converging. In this article we introduced
and built that model from scratch, provided the ways that it could be improved,
and did an experiment, where proved that ATs are performing as well as
modern baseline models at the same time outperforming DETR in both training
speed and effectiveness sides.
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Spwuubnpdtipp hhwuwih Ywnngwdpwihtu piny £ dwdwuwlwyhg dnnbjutph,
wphbuwmwwy huwnbitlywh (Al) pninp nipnniggnutbph hwdwp: Fuwlw [tgqyh dowy-
dwt dbg GPT3-p wnwowwnwp |Ggniubiph dnnbijubphg &, L npw Gogpunnudp hwugbig-
und £ wwppbp nnpuubpnd wdnndwnwgdwt wpnwnpuupubph unbinddwup
(swe, wnjwiubph Jbpnwdnigyniu, pnquiunwyniegjuwu unbindnud b wyu): <wdwlywnpg-
swih wbunnnugywt dbg nw DALLEE-2-U | gwulwih nény phpwunbuwlwu wpybuwnp
wwwnybpubip unbindbint hp qupdwuwih nuwynpjudp: Nidbnugdwu nungdwt dby
(RL) npnodwu wtpwuudnpdtpubpp ([1]) jwjunpbu oginwgnpdynwd Gu b d&d wipryniup-
ubph tu hwuunu wjuwyhuph RL Guybwwjhtu fuwnbpnud, huswhuhp Gu ATARI-p, Key-
To-Door wnwownpwupubpp b wjju: Quwjwd dwdwuwywyhg npwuudbnpdwnnpuiht
pinyubpp dwyphg Swjp opjtywnubph hwjinuwpbpdwt wnwewnpwupubph hwdwnp dh-
wunw GU pwwn nwunwn, npp hwoynnulwunpbu ndqupwgund £ ybpwwwwpwuwn-
dwu gnpdpupwgn: Ukup ubpluwjwgunud Gup wjpunpwupwiht winpwuudnpdbipubip, n-
pnup pwpbjwynd Bu Yunngnuip b dwpgbint gnpdpupwgp' ujwgbgubing Ynudbip-
gbughwt b nngdwu dwdwuwlyp, &bnp pbpbinyd unytu wpryniupubipp opjtlwnubiph
hwjnuwpbpdwt wnwownpwlpubipnud: Nwnigdwt gnpdpupwgp gnigwhbnwgynud k,
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L Ynpuwnh $niuyghwt hnthnfuynid £ dEdwgubint dnnbijh Yupnnnugyniup pwqdwehy
wnwownpwuputipnw: b gbipon, wju dwpnwpwwbinnyegniut hupuptu Ywpnn £ oqunw-
gnpdyb npwbu ohuwunie wy dnnbubpnd’ pwpbwybing npwug Yuwnwpnwdp:

Pwibuth punbip’ yppwbudbnpdtp, Jbpwhulynn niumgnid, mdbnugdwt nuni-
gnul, Ynpuiph pnibilyghuws, punpp nwnignud, Ynnuwidnphs, wwjwlnnwidnpps, fuwnwp-
buypli puwpipliq, npnpnidtiliph Yuywgnd, Gpqpynid:
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TpaHcchopmep - OTIMYHBIA CTPOMTENBHBLIA OMOK [NA COBPEMEHHBIX MOLENEN no
BCEM HamnpaBneHvAM B obnact wucKyccTBeHHoro wuHTennekta (MWN). B obpabotke
ecTtecTBeHHOro Asblka GPT3 ABnAeTcA OfHOW W3 BeAyLLMX A3BIKOBbIX MoAenei, U ee
TOHKaA HacCTpoilKa MPUBOAMT K CO3LAHUIO MPOAYKTOB aBTOMATU3aLUKU B pasiuyHbIX 06-
nactax (obuieHune, aHanu3 faHHbIX, reHepauua KoHTeHTa 1 1. 4.). B obnactn komnbtoTop-
Horo 3penuna 310 DALL E-2 ¢ ero yauBmTenbHoii cnocobHOCTbIO reHepupoBaTb pea-
NIMCTUYHbIE XYLOMECTBEHHblE M300pakeHUs B ¥enaemom cTune no onucaHuto. B oby-
yeHun ¢ nopkpennenuem (RL) tpaHdopmepbl pewenuii ([1]) wwrpoko ucnonbsytotca w
JOCTUraloT OT/IMYHBIX pe3ynbTaTtoB B Takux Haszosbix urpax RL, kak ATARI, 3agaun Key-
To-Door u 1. o. HecmoTpa Ha 370, cOBpeMeHHble 6nokn TpaHchopMepoB AfA CKBO3HbIX
33fa4 obHapymeHWA OOBEKTOB CXOJATCA OYEHb MELMIEHHO, 4YTO YCIOMHAET MpoLecc
0by4eHWA C TOYKM 3peHUsA BblyncieHnit. Mbl BBOAUM anbTepHaTUBHble TpaHcdopmepsl,
ynyylatolme apxuTekTypy M npouecc obyyeHusa, COKpallarolme CXOLUMOCTb U BpeMA
0by4eHUA C [OCTUKEHMEM Tex e pe3ynbTaToB B 3ajayax obHapymeHua obbektos. [lpo-
uecc obyyeHua pacnapanneneH, a QYHKLMA NOTEPb M3MeHeHa, 4ToObl MOBLICUTH
CMOcOBHOCTb MOLENU B BbIMONHEHUN HECKONbKUX 3agay. HakoHel, cama aTa apxuTekTypa
MOMET ObiTb MCMNONMb30BaHa B KauyecTBE CTPOUTENLHOro 6noka B LpyrUX MOZENAX A
MOBbILLEHWA UX NMPOU3BOJUTENBHOCTH.

Knrouesbie cnosa: mparcghopmep, KoHmponupyemoe obyveHue, o6ydeHue C
nodkpenneruem, hyHKYUA nomeps, 2ayboKoe obyyeHue, KoOuposuwuk, dexodep, kKapma
Npu3HAKos8, NpUHAMUE peweHuli, MoHKas Hacmpolka.

148



