OBJECT DETECTION VIA ALTERNATIVE TRANSFORMER
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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 getting rid of hand-crafted
components achieving state-of-the-art results. DETR’s architecture combines
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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 e R“***", query element g , content

feature z, and reference point p,. We define alternative attention function as:
AT q’pq’ ) ;NW ZAmqu X +Apmqk))
Where A, denotes normalized attention weight, A p,, ., - sampling offset,
ADnk € R’ are of 2-d real numbers. Both AP gks Amge @re linear projections over z,. There

are 2 MK channels are used to encode 4 p,,, and remaining channels are fed to softmax
layer to get A,

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’}le in a straightforward way with rescaling function to the input feature map of the I-
th level ¢,(p;), where p; are normalized coordinates.

I=L,k=K

M
MSAT( q’pq’ XI‘ ):Z W Amlqk*wmxl(¢l(p;)-l-Apmlqk)]
m=1 I:l k=1
Where M is the total number of attention heads, L-number of input feature
levels, K-sampling size, W;n 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 C.

and C, 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 (p;,, p.,). We use linear projection b, with sigmoid o,
so box coordinates will be bZ:[o(qu+o_1(p2X ),o(bqy+o_1(pfly)),o(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. 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 increase performance of
detection.

Encoder
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Attention

Multiple Features



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 350. Models are trained for at least
50 epochs and learning decay is each 50" epoch with decay factor equals to 0.1.
Optimization is done by Adam optimizer with the following set of parameters:
Ir=15x10"*, $,=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.

firaining Inference
Method Epochs FLOPs GPU
FPS
hours
Faster R-CNN 109 180G 380 26
DETR 500 86G 2000 28
DETR v2 500 187G 7000 28
Alternative
Transformer 50 173G 700 12
Iterative bounded
and 2 stage
Alternative >0 173G 390 19
Transformer

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

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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Spwuudnpdbpp hhwuwih uwnnigywdpwjhu piny £ dwdwuwlywyhg Unntutbph,
wnhGuwnwywu huwnbiGyuinh (Al) pninp nunnnupjntbuGph hwdwn: Fuwywl Ggqyh
Upwydwl Jbe GPT3-p wnwyowwnwp [GgnLutnh dnnGuGphg £, W npw 62gpunnudp
hwuqgbguncwd £ tnwpptn ninpnnuGpnud wyunndwwnwgdwu wpwnwnpwluputph
unbinédwln (swp, nyjwjutnh ybpinwdnipjncu, pnquunwynipjwu untnénud W wyjju):
Zwdwywngswihu inGunnnipjwl Uty nw DALLEE-2-U E' gwuywih nén hpwuwunbuwywu
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wnybuwnh wwwnybnpubn uinbnébint hp qupdwlwih ntbwynpjwdp: Nudtnugduwl
ncuncgdwl Jte (RL) nnnpdwl inpwbudbnnpdtGputpp ([1]) jwjunptu ogunwignnéyncd Gu W
Utié wpnyntuputph GUu hwuunwd wjuwhuh RL GluyGwnwjhu puwnGnned, huguhuhp Gu
ATARI-pn, Key-To-Door wnwywnnpuwuputnp W wyu: QUuwjwéd dwdwuwlwyhg
npwuudnpdwnnpuwihu pinyutnp dwyphg dwjn opjtyuinutnh hwjnuwptnpndwl
wnwewnpwuputph hwdwn dhwunwd GU 2uuun nwunwn, npp hwynnuiywunntu
ndwpwgunid £ yGpwwwunpwuwndwl gnpopupwgn: UGup UGnpyuwjwgunid Gup
wjipuinpwlpwihu inpwuudbnpdtputn, nnnup pwpGuynid Gu Yunnignudp W Jwpgbnc
annépUupwgp’ bjwgbkgutbiny Yynuytpgbughwl W nLuntgdwlu dwdwlwyp, dtnp ptptiny
unylu wpnjntuputipp opjGynubph hwynuwpbnpdwl wnwewnnwuplubGpnud: NLuncgdwiu
annéplupwgp gnigwhbnwgynud £, W Ynpuinh $ntuyghwu thnihnpuyned £ UGdwigubni
dnnbih yuwpnnnipjntup pwgdwphy wnwewnpwuputnnud: b dGpen, wju
dwpunwnwuwtunnipntuu hupuhu Ywpnn £ oquwagnpdyt npwtu 2huwiujnce wyj|
dnnGubpnud” pwpGluytbiny npwug Yuwunwnpnedp:

Pwlwih pwnbtp’ wnpwludpnndtn, ypnwhulyynn ncuncgned, ncdbnuwgdwl

ncuncgned, Ynnuuinh $nLulyghw, funpp nLuncgnid, Ynnwynphg, wwwlynnwynphg,
huwnwnluwihu pwnunbq, nnnpnLdubnh uywgned, 6o2qgnunncd:
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TpaHChOpPMEpP - OTJINYHLIA CTPOUTESbHLIN BNOK AN COBPEMEHHbLIX MOAENEN MO
BCEM HarnpassieHnaM B 061aCcTn NCKYCCTBEHHOro nHtennekta (MN). B obpaboTke
eCcTecTBEHHOro A3blka GPT3 aBngeTCa 04HON U3 BeOyLW X A3blKOBbIX MOOENen, N ee
TOHKasa HacTponKa NPUBOAUT K CO3LaHUI0 NPOAYKTOB aBTOMaTU3aLUUN B Pa3SINYHbIX
obnactax (obweHne, aHann3 AaHHbIX, FreHepauna KOHTeHTa U T. 4.). B obnactn
KOMMNbIOTOPHOr0 3peHuns 3170 DALL E-2 ¢ ero yamBmntTenbHOM CNOCOBHOCTbIO
reHepmpoBaTb peasuCTUYHbIE Xy40XXeCTBEHHbIe N30bpakeHns B XKeslaeMoM CTue no
onucaHuio. B 0byvyeHnm c nogkpenneHnem (RL) TpaHdopmMepbl pewennn ([1]) wnpoko
NCNONb3YTCA N AOCTUralOT OTJIMYHbIX Pe3ysibTaToB B Takux 6a3oBbix urpax RL, Kak
ATARI, 3agaydun Key-To-Door 1 T. o. HecMoTps Ha 3TO, COBpeMEHHbIe 610K
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TpaHCcopMepoB AN CKBO3HbIX 3a[a4 0OHapyXeHns 06bEeKTOB CXOAATCSH 04YEHb
Me[OJIEHHO, YTO YCNI0XKHSAET npouecc oby4eHUs C TOYKN 3PEHUS BbIYUCIEHUA. Mbl
BBOAWM aJibTePHATUBHbIE TPaHCoOpMepbl, ynyydllatlowme apxXuTekTypy 1 npouecc
oby4eHuns, cokpallaloLme CXoAMMOCTb U BpeMsi 00y4eHns C AOCTUXKEHNEM TEX XKe
pe3ynbTaToB B 3aJavax 0bHapyxeHuns obbekToB. lNMpouecc obyyeHnsa pacnapaisieneH,
a QYHKUNA NOTEPb U3MeHEeHa, YTOobbl MOBbLICMTb CNOCOOHOCTbL MOAENN B BbINMOJIHEHUN
HEeCKOJIbKMX 3a4a4. HakoHel, caMa 3Ta apXuTekTypa MoXKeT ObiTb NCNOJIb30BaHa B
KayecTBe cTpouTenbHOro 6710Kka B Apyrnx Moaensix Ans NoBbILLEHNS UX
NPoOV3BOANTENbHOCTMU.

KnioyeBblie cnoBa: TpaHcehopMep, KOHTpoanpyemoe obydeHune, obyyeHne ¢
rnoakpernieHneM, pyHKUNA noTepb, rnybokoe oby4eHne, KoANPOBLUMK, AEKOAEP, KapTa
rMPU3HaKOB, NMPUHATNE PELUEHWN, TOHKas HacTPOoVKa.
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