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ABSTRACT

We present Pix2Seq, a simple and generic framework for object detection. Unlike
existing approaches that explicitly integrate prior knowledge about the task, we
cast object detection as a language modeling task conditioned on the observed pixel
inputs. Object descriptions (e.g., bounding boxes and class labels) are expressed
as sequences of discrete tokens, and we train a neural network to perceive the
image and generate the desired sequence. Our approach is based mainly on the
intuition that if a neural network knows about where and what the objects are, we
just need to teach it how to read them out. Beyond the use of task-specific data
augmentations, our approach makes minimal assumptions about the task, yet it
achieves competitive results on the challenging COCO dataset, compared to highly
specialized and well optimized detection algorithms
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Figure 1: Illustration of Pix2Seq framework for object detection. The neural net perceives an image
and generates a sequence of tokens that correspond to bounding boxes and class labels.

1 INTRODUCTION

Visual object detection systems aim to recognize and localize all objects of pre-defined categories in
an image. The detected objects are typically described by a set of bounding boxes and associated
class labels. Given the difficulty of the task, most existing methods, such as (Girshick], 2015}, [Ren|
let all} [2015; [He et all 2017} [Lin et al.} 2017b} [Carion et al, 2020)), are carefully designed and highly
customized, with a significant amount of prior knowledge in the choice of architecture and loss
function. For example, many architectures are tailored to the use of bounding boxes (e.g., with region
proposals (Girshickl, 2015} [Ren et al., 2015)) and Rol pooling (Girshick et al} 2014} [He et al [2017)).
Others are tied to the use of object queries for object binding (Carion et al.,2020). Loss functions are
often similarly tailored to the use of bounding boxes, such as box regression (Szegedy et al.l 2013},

2017D), set-based matching (Erhan et al., 2014} [Carion et al., 2020), or by incorporating
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specific performance metrics, like intersection-over-union on bounding boxes (Rezatofighi et al.;
2019). Although existing systems find applications in myriad domains, from self-driving cars (Sun
et al., 2020), to medical image analysis (Jaeger et al., 2020), to agriculture (Sa et al., 2016)), the
specialization and complexity make them difficult to integrate into a larger system, or generalize to a
much broader array of tasks associated with general intelligence.

This paper advocates a new approach, based on the intuition that if a neural net knows about where
and what the objects are, we just need to teach it to read them out. And by learning to “describe”
objects the model can learn to ground the “language” on pixel observations, leading to useful object
representations. This is realized with our Pix2Seq framework (see Figure[T). Given an image, our
model produces a sequence of discrete tokens that correspond to object descriptions (e.g., object
bounding boxes and class labels), reminiscent of an image captioning system (Vinyals et al., 2015b;
Karpathy & Fei-Fei| 2015; Xu et al., 2015). In essence, we cast object detection as a language
modeling task conditioned on pixel inputs, for which the model architecture and loss function are
generic and relatively simple, without being engineered specifically for the detection task. As such,
one can readily extend the framework to different domains or applications, or incorporate it into a
perceptual system supporting general intelligence, for which it provides a language interface to a
wide range of vision tasks.

To tackle the detection task with Pix2Seq, we first propose a quantization and serialization scheme
that converts bounding boxes and class labels into sequences of discrete tokens. We then leverage
an encoder-decoder architecture for perceiving pixel inputs and generating the target sequence. The
objective function is simply the maximum likelihood of tokens conditioned on pixel inputs and the
preceding tokens. While both the architecture and loss function are task-agnostic (without assuming
prior knowledge about object detection, e.g., bounding boxes), we can still incorporate task-specific
prior knowledge with a sequence augmentation technique, proposed below, that alters both input
and target sequences during training. Through extensive experimentation, we demonstrate that
this simple Pix2Seq framework can achieve competitive results on the COCO dataset compared to
highly customized, well established approaches, including Faster R-CNN (Ren et al.l 2015)) and
DETR (Carion et al.| 2020). By pretraining our model on a larger object detection dataset, its
performance can be further improved.

2 THE PIX2SEQ FRAMEWORK

In the proposed Pix2Seq framework we cast object detection as a language modeling task, conditioned
on pixel inputs (Figure[T). The system consists of four main components (Figure2)):

Image Augmentation: As is common in training computer vision models, we use image augmenta-
tions to enrich a fixed set of training examples (e.g., with random scaling and crops).

Sequence construction & augmentation: As object annotations for an image are usually represented
as a set of bounding boxes and class labels, we convert them into a sequence of discrete tokens.

Architecture: We use an encoder-decoder model, where the encoder perceives pixel inputs, and
the decoder generates the target sequence (one token at a time).

Objective/loss function: The model is trained to maximize the log likelihood of tokens conditioned
on the image and the preceding tokens (with a softmax cross-entropy loss).
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Figure 2: Major components of the Pix2Seq learning framework.
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2.1 SEQUENCE CONSTRUCTION FROM OBJECT DESCRIPTIONS

In common object detection datasets, such as Pascal VOC (Everingham et al., 2010), COCO (Lin

et al., 2014), and Openlmages (Kuznetsova et al., 2020), images have variable numbers of objects,
represented as sets of bounding boxes and class labels. In Pix2Seq we express them as sequences of
discrete tokens.

While class labels are naturally expressed as discrete tokens, bounding boxes are not. A bounding box
is determined by two of its corner points (i.e., top-left and bottom-right), or by its center point plus
height and width. We propose to discretize the continuous numbers used to spexify toordinates

of corner points (similarly for height and width if the other box format is used). Speci cally, an
object is represented as a sequence of ve discrete tokenBmhi€-Xmin; Ymax; Xmax; €|, where each

of the continuous corner coordinates is uniformly discretized into an integer beflyegps], and

cis the class index. We use a shared vocabulary for all tokens, so the vocabulary size is equal to
number of bins + number of classes. This quantization scheme for the bounding boxes allows us to
use a small vocabulary while achieving high precision. For example, a@®l@image requires only

600 bins to achieve zero quantization error. This is much smaller than modern language models with
vocabulary sizes of 32K or higher (Radford et al., 2018; Devlin et al., 2018). The effect of different
levels of quantization on the placement of bounding boxes is illustrated in Figure 3.

With each object description expressed as a short discrete sequence, we next need to serialize multiple
object descriptions to form a single sequence for a given image. Since order of objects does not matter
for the detection task per se, we use a random ordering strategy (randomizing the order objects each
time an image is shown). We also explore other deterministic ordering strategies, but we hypothesize
that random ordering will work just as well as any deterministic ordering, given a capable neural net
and autoregressive modeling (where the net can learn to model the distribution of remaining objects
conditioned on those observed).

Finally, because different images often have different numbers of objects, the generated sequences
will have different lengths. To indicate the end of a sequence, we therefore incorporate an EOS token.
The sequence construction process with different ordering strategies is illustrated in Figure 4.

(a) Npins = 10 (b) Npins = 50 (€) Npins = 100 (d) nypins = 500 (e) Original

Figure 3: Applying the proposed discritization of bounding box on an imadg&af 640 Only a
quarter of the image is shown for better clarity. With a small number of bins, such as 500 kins (
pixel/bin), it achieves high precision even for small objects.

Figure 4: Examples of sequence construction withs = 1000, and 0 is EOS token.
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2.2 ARCHITECTURE OBJECTIVE AND INFERENCE

Treating the sequences that we construct from object descriptions as a “dialect”, we turn to generic
architectures and objective functions that have been effective in language modeling.

Architecture  We use an encoder-decoder architecture. The encoder can be a general image encoder
that perceives pixels and encodes them into hidden representations, such as a ConvNet (LeCun et al.,
1989; Krizhevsky et al., 2012; He et al., 2016), Transformer (Vaswani et al., 2017; Dosovitskiy et al.,
2020), or their combination (Carion et al., 2020). For generation we use a Transformer decoder,
widely used in modern language modeling (Radford et al., 2018; Raffel et al., 2019). It generates
one token at a time, conditioned on the preceding tokens and the encoded image representation. This
removes the complexity and customization in architectures of modern object detectors, e.g., bounding
box proposal and regression, since tokens are generated from a single vocabulary with a softmax.

Objective Similar to language modeling, Pix2Seq is trained to predict tokens, given an image and
preceding tokens, with a maximum likelihood loss, i.e.,

X
maximize  wj logP (¥ jX;y1j 1) 1)
j=1

wherex is a given imagey andy are input and target sequences associatedxyindL is the
target sequence lengthh.andy- are identical in the standard language modeling setup, but they can
also be different (as in our later augmented sequence construction) WAls®a pre-assigned weight
for j -th token in the sequence. We st = 1; 8j, however it would be possible to weight tokens by
their types (e.g., coordinate vs class tokens), or by the size of the corresponding object.

Inference At inference time, we sample tokens from model likelihood, Pdy;jx;y1; 1). This

can be done by either taking the token with the largest likelih@od ihax sampling), or using other
stochastic sampling techniques. We nd that using nucleus sampling (Holtzman et al., 2019) leads
to higher recall thamrg max sampling (Appendix C). The sequence ends when the EOS token is
generated. Once the sequence is generated, it is straight-forward to extract and de-quantize the object
descriptions (i.e., obtaining the predicted bounding boxes and class labels).

2.3 SEQUENCE AUGMENTATION TO INTEGRATE TASK PRIORS

The EOS token allows the model to decide when to terminate generation, but in practice we nd that
the model tends to nish without predicting all objects. This is likely due to 1) annotation noise (e.g.,
where annotators did not identify all the objects), and 2) uncertainty in recognizing or localizing
some objects. While this only affects the overall performance by a small percentage (e.g., 1-2% in
average precision), it has a larger effect on recall. To encourage higher recall rates, one trick is to
delay the sampling of the EOS token by arti cially decreasing its likelihood. However, this often
leads to noisy and duplicated predictions. In part, this dif cult trade-off between precision and recall
is a consequence of our model being task agnostic, unaware of the detection task per se.

To mitigate the problem we simply introduce a sequence augmentation technique, thereby incorporat-
ing prior knowledge about the task. The target sequgniceconventional autoregressive language
modeling (i.e., with no sequence augmentation) is the same as the input segquémckall tokens

in a sequence are real (e.g., converted from human annotations). With sequence augmentation, we
instead augment input sequences during training to include both real and synthetic noise tokens. We
also modify target sequences so that the model can learn to identify the noise tokens rather than
mimic them. This improves the robustness of the model against noisy and duplicated predictions
(particularly when the EOS token is delayed to increase recall). The modi cations introduced by
sequence augmentation are illustrated in Figure 5, and detailed below.

Altered sequence construction We rst createsynthetic noise objects augment input sequences

in the following two ways: 1) adding noise to existing ground-truth objects (e.g., random scaling or
shifting their bounding boxes), and 2) generating completely random boxes (with randomly associated
class labels). It is worth noting that some of these noise objects may be identical to, or overlapping
with, some of the ground-truth objects, simulating noisy and duplicated predictions, as demonstrated
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Figure 5: lllustration of language modeling with / without sequence augmentation. With sequence
augmentation, input tokens are constructed to include both real objects (blue) and synthetic noise
objects (orange). For the noise objects, the model is trained to identify them as the “noise” class, and
we set the loss weight of “n/a” tokens (corresponding to coordinates of noise objects) to zero since
we do not want the model to mimic them.

Figure 6: lllustrations of randomly sampled noise objects (in white), vs. ground-truth objects (in
red).

in Figure 6. After noise objects are synthesised and discretized, we then append them in the end of
the original input sequence. As for the target sequence, we set the target tokens of noise objects to
“noise” class (not belonging to any of the ground-truth class labels), and the coordinate tokens of
noise objects to “n/a”, whose loss weights are set to zero, i.e., setfing 1y ¢ nar i EQ 1.

Altered inference With sequence augmentation, we are able to substantially delay the EOS token,
improving recall without increasing the frequency of noisy and duplicated predictions. Thus, we let
the model predict to a maximum length, yielding a xed-sized list of objects. When we extract the
list of bounding boxes and class labels from the generated sequences, we replace the “noise” class
label with a real class label that has the highest likelihood among all real class labels. We use the
likelihood of the selected class token as a (ranking) score for the object.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We evaluate the proposed method on the MS-COCO 2017 detection dataset (Lin et al., 2014),
containing 118Kk training images and 5k validation images. To compare with DETR and Faster
R-CNN, we report average precision (AP), an integral metric over multiple thresholds, on validation
set at the last training epoch. We employ two training strategiesaihjng from scratchon COCO

in order to compare fairly with the baselines, and alsprgjraining+ netuning, i.e., pretrain the
Pix2Seq model on a larger object detection dataset, namely Objects365 (Shao et al., 2019), and then
netune the model on COCO. Since our approach incorporates zero inductive bias / prior knowledge
of the object detection task, we expect the second training strategy to be superior.
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